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This thesis explores the difficulties in lossless compression of data from event cameras. Event
cameras have been introduced in the electronic world recently. They have a unique way of cap-
turing data which is rather different from the traditional camera. The cameras capture data at high
speed and with low power consumption. The high-speed data capture raises the issue of data
storage and transfer. The methods proposed in this thesis take advantage of the temporal and
spatial redundancies. The methods are evaluated by comparing the results with existing tech-
niques and datasets. The results achieved depict the best way to compress the event data and
their effectiveness compared to the existing techniques.
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1. INTRODUCTION

Dynamic Vision Sensors (DVS) have gained a lot of popularity in recent times, due to high-
speed data capture, high temporal resolution, wide dynamic range, low power requirements,
and low bandwidth [1] [2]. Because of these advantages, DVS is useful in high-motion pho-
tography, driverless vehicles, robotics, and surveillance. As a result of high-speed data-cap-
turing abilities, challenges like data storage and transmission arise. The data captured by an
event camera is different from a traditional camera as it records a stream of events that record

the luminance change at each given pixel at a given time.

This thesis aims to tackle this challenge by reducing the data size without losing the high
resolution and ability of the event camera to work in real time. This thesis will compare com-

pression results of existing compression techniques and combinations of existing techniques.

This thesis aims to attain high compression without / minimum loss in the data quality by at-
taining minimum reconstruction error. The results achieved will be compared to similar results

previously achieved.

Chapter 2 proceeds to explain the event cameras and DVS, as well as the compression tech-

niques considered during the experiments
Chapter 3 explains the algorithms and the achieved results.

Chapter 4 consolidates the achieved results.



2. BACKGROUND

2.1 Dynamic Vision Sensor Event Camera

The event camera or the Dynamic Vision Sensor (DVS) is a vision sensor that operates in a
slightly different way than a traditional frame-based camera. Contrary to conventional cameras
that capture images (frames) at a fixed interval, an event camera captures “events” when it
detects a change in luminance at every pixel asynchronously. When there is a change in lu-
minance, the sensor creates an event that records the time stamp t, pixel location x and y, and
polarity p which is either 0 or 1 depending on if the brightness at that pixel has increased (1)
or decreased (0). Event cameras work on the same principle as any living organism in terms
of processing the visuals in a sense where they only notice change in terms of brightness
changes. Since the event camera only captures brightness change, the data can be transmit-
ted with speed in order of microseconds, it has a high dynamic range (up to 80dB more than
a traditional camera). Some of the other features of an event camera are low storage, and low
power requirements [1]. Due to these advantages, they can be used in a wide range of appli-

cations from driverless cars to reducing motion blur.

Frame-based image sensors suffer from high power consumption and high processing time.
A DVS was developed with a bio-inspired model having a three-layer retina. This model was
implemented with a simple version of the photoreceptor-bipolar-ganglion pathway [10]. Tradi-
tional cameras record data irrespective of the change at each pixel which increases the data
rate and volume for no apparent reason. A biological vision system works on the principle of
capturing data based on the changes in the scene [10]. In a human retina, the photoreceptor
layer is made up of light-sensitive cells, which are responsible for the conversion of incoming
light signals into electric signals, which then drive the bipolar cells. The two types of bipolar
cells- The On-bipolar cell and the Off-bipolar cell are in charge of the coding of bright and dark
luminance changes. The bipolar cells then trigger the ganglion cells, The ganglion cells carry
the data to the visual cortex [13]. Figure 1 shows the circuit for the Dynamic Vision Sensor
and layers of the human retina as explained by Chen et al., 2020 in [13]. Figure 1b shows the
layers of the human retina. Figure 1a shows the circuit for DVS and the layers corresponding
to the human retina are marked in coloured dotted boxes. Silicon retinas consist of a photore-
ceptor and chip having a 2D hexagonal grid of pixels, which replicate the human retina. The
representation of Silicon retinas had the major contribution of Tobi Delbruck and Christoph

Posch. When the silicon retinas were developed by them, they faced a major challenge, where



each pixel needed its own wire. To overcome this issue, Address Even Representation was

introduced by Caltech group of Carver Mead [13].

As depicted in Figure 1a DVS pixel copies the human retina layers for the transmission of
information from the photoreceptors. The pixels work separately and add important spatial and
temporal information to the luminance change. They trigger events when the threshold is
crossed in either direction. The working principle of DVS varies from the human retina, except
the key features like the luminance change, event data and different output channels form On
and OFF events are maintained [13].
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Figure 1.a.Circuit diagram for the Dynamic Vision Sensor. b. Layers of human retina.
[13]
The DVS reports asynchronous log-intensity changes and discards the absolute information
changes. This information is essential for object detection and classification [11]. To overcome
this issue a Dynamic and Active Pixel Vision Sensor (DAVIS) was introduced by Brandli et.
al., in [11]. The DVS and Active pixel sensor (APS) share a single photodiode. They have a



resolution of 240x180 pixels, fabricated on a 0.18um 6M1P CMOS image sensor (CIS). It has
a dynamic range of 130 dB.

Dynamic and Active pixel Vision Sensor (DAVIS) is a combination of traditional and vision
sensor cameras in a way that transmit events in addition to frames. The resolution of events
is in microseconds. Each event consists of a tuple <x, y, t, p>, where x and y are the pixel
coordinates, t is the time stamp and p is polarity with a value of either O or 1 of the events. The
DAVIS camera output consists of the visual data that is the events data, the angular and linear
motion of the sensor and the intensity of the images. This data representation is known as the
Address Event Representation (AER). In AER data representation, each row is an event. The
size of each event is 64 bits. Figure 2 shows the AER representation extracted from [4]. It is a
series of 8-bit words. 1 bit is reserved for vision sensor type. The X address is represented in
10 bits, while the Y address is represented in 9 bits. The polarity flag is represented using 1
bit and the DVS trigger information is represented using 1 bit. “The Asynchronous Time-based
Image Sensor (ATIS)” has acceleration, Gyroscope and temperature sensors built in. The data
from these sensors are represented in 10 bits reserved for Analog to Digital Converter (ADC)

of this data. The time stamp information is represented in 32 bits [4].

I:l Y Address - Type: 0->DVS 1->AVS I:lADC Sample
[ | x Address [ | Polarity
[ | Time stamp [ Trigger

Figure 2. AER Data Representation

Prophesee has been working with Qualcomm and Sony to create a neuromorphic vision sys-
tem. They are using their patented sensor design and Al algorithms to recreate a vision similar
to a human. Prophesee in collaboration with Qualcomm has introduced a neuromorphic—ena-
bled vision to mobile cameras, which can capture images and videos with extremely low mo-
tion blur [9]. Figure 3 [9] shows the side-by-side comparison of images captured with and
without event cameras. The image using the neuromorphic vision-enabled mobile camera
(right) was able to reduce the blur that occurred due to movement. The image was extracted
from [9].



Figure 3.Images captured with (right) and without (left) using a neuromorphic vision-en-

abled mobile camera. Research carried out by Prophesee in collaboration with Qual-
comm [9]

2.1.1 Advantages of DVS

Event cameras overpower the traditional cameras with the help of benefits like:

High temporal resolution: Event cameras capture data as a stream of events, which
results in a temporal resolution in the order of microseconds They can detect rapid
changes in the scenes which makes them suitable for applications requiring low la-
tency.

Low power consumption: Since the event cameras are activated only when there is
a change in brightness as opposed to the traditional camera that captures a fixed rate
of frames per second, the event camera consumes less power (around 10mW) than a

traditional camera.

Low motion blur: Since the camera detects changes in brightness, it is more robust
to motion blur as compared to the traditional camera. In addition to high temporal res-
olution, the ability to record brightness changes at each pixel, allows the DVS to track

the movement precisely.

High Dynamic Range: DVS can trigger and record events in low as well as high bright-
ness scenes without losing any details of the scene. The dynamic range of a DVS is
as high as 130 dB.



2.1.2 Applications of DVS

The Dynamic Vision Sensor has a wide range of applications:

Surveillance: The ability to detect rapid changes, makes the DVS ideal for security
and surveillance applications at locations like malls, airports, banks to private proper-

ties.

Autonomous cars: The ability to detect changes quickly, and to detect them in low or
high brightness, enables DVS to contribute to precise navigation and control, which is

ideal for driverless cars.

Robotics: The ability to provide real-time data, due to its low latency opens a wide

range of possibilities in robotics like, object detection, object tracking and navigation.

High Motion Photography: Due to low latency and low motion blur, DVS is ideal for

high motion photography.

Deblurring: DVS captures events whenever there is a brightness change in the scene.
This enables DVS to track a scene very precisely, with the use of machine learning

algorithms, the motion can be deblurred using the event data from DVS.

Table 1 is adapted from W. Shariff et. al. [14], it consolidates the various brands working on

the neuromorphic cameras with the specifications and applications these cameras are used

in. Companies like Prophesee, iniVation, Century Arks, CelePixels, Samsung, and Insightness

are working on neuromorphic camera technology. The dynamic range of these cameras varies

from 55dB to 120 dB. These cameras have a resolution range from 320 x 240 pixels up to

1280 x 960 pixels. The dynamic range shows the ability of these cameras to capture events

in very dark and very bright scenes. The latency of these cameras show how fast the camera

can detect the changes with figures as low as 10us.



Prophesee [15]

iniVation [16]

Century Arks
[17]

CelePixel [18]

Insightness
[20]

Table 1.

GENX320,
IMX636 (SONY)
IMX646 (SONY)

320 x 320
’ 1280 x 720

DAVIS346,

DIWIRESHEHARS ot e, 5465

DVXplorer-S-
Duo, DVXplorer- GG
Micro-Lite

. 640 x 480
SilkyEvCam 1280 x 720

CeleX-IV, CeleX- 768 x 640
Vv 1280 x 800

DVS Gen1, Gen2, 640 x 480
Gen3, Gen4 1280 x 800

320 x 262, 800 x

Rino-3, Rino-4 510 640 x 480

m Latency (pS)

© <100

100

" 100 — 200

" 10

" 50— 150

<100

Dynamic

Range (dB)

120+

55-120

120+

120+

90-100

100+

Key features

Anti-flicker
filtering,  Event
rate  Controller,
High  temporal
resolution, Low
power
consumption

High  temporal
resolution,
Energy
efficiency

High-speed,
High-resolution

High-speed,
High-resolution

High efficiency,
Event-based
processing

Silicon retina
technology,
Versatile lighting

adaptation

adapted from W. Shariff et. al. [14]

2.2 Datasets

Applications

AV /| VR | XR,
Healthcare
(privacy)
cameras,
Wearables,
Smart
Industrial,
Automotive, loT

home,

Robotics,
Surveillance,
Research

Industrial
counting,
vibration
detection,
Security,
Robotics,
Chemistry,
Research

(piece

efc),

AR, VR, ADAS

Consumer
electronics,
Automotive

Robotics,
Drones,
Wearables

Neuromorphic cameras available by different brands, their specifications, and applications

This thesis uses a subset of data presented by Mueggler et al., 2017 [1]. The datasets contain

different scenes, increasing speeds, and multiple degrees of freedom. According to Khan et

al., 2020 [4], this dataset is designed for high dynamic and high-speed computer vision and

robotics applications for both outdoor and indoor scenarios.

The DAVIS dataset frames as viewed from a traditional camera are shown in Figure 4. The

maximum value for the x component is 240 and that for the y component is 180 [4].
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Figure 4. Images captured by the traditional camera in DAVIS from the dataset intro-
duced by Mueggler et. al., in 2017 in [1]



2.3 Strategies Relevant to Event Data Compression

2.3.1 Encoders for One-Dimensional Data

2.3.1.1. Lempel-Ziv-Markov Chain Algorithm

Lempel-Ziv-Markov Chain Algorithm (LZMA) is part of the family of LZ77 (Lempel-Ziv 1977)
compression algorithms. It was used to optimize LZ77 by getting faster compression and de-
compression in addition to a higher compression rate and lower memory requirements [5]. It
compresses files using a combination of dictionary-based encoding and statistical modelling.
Statistical modelling enables the analysis of entire data, while the dictionary-based encoder

compresses small data simultaneously.
Y. Horita et al., 2019 explains the key steps in the algorithm as follows [5]:

1. Delta encoding: This step involves data filtering that encodes the input stream to pro-
duce an output where each word (8 bytes) represents the difference between the cur-
rent word and the previous word. The initial word remains unchanged as the first word
in the sequence.

2. Sliding dictionary encoding: This step is an extension of LZ77 designed to accommo-
date larger dictionaries. The resulting output sequence includes the distance from a
string found in the look-ahead buffer, the length of the matched string, and the new
symbol from the input.

3. Range encoding: Instead of using arithmetic coding, LZMA uses range encoding as it
gives better compression efficiency. This step adapts based on the context. This step
uses the output from step 2 as its input.

2.3.1.2. Prediction by Partial Matching Algorithm

Prediction by Partial Matching (PPM) algorithm uses context modelling. It is not as widely used
as LZMA, but this algorithm is considered especially good for text and data with patterns that
can be predicted. It predicts the next symbol in the input stream based on previously encoded
symbols. This algorithm keeps an adaptive probability prediction for encoding symbols based
on the previous data. It updates the probabilities dynamically and adjusts the model as the
data stream is being processed. The PPMD is one of the most efficient versions of the PPM
algorithm. It considers variable length streams to predict the next symbol. It keeps a dictionary
of previous strings with their probabilities to ensure accurate predictions and encoding sym-
bols. It works by creating a model of the previously received input stream. This model is based
on the probability distribution of the input data and the context of the previous symbols. This
context can be a single symbol or multiple symbols. This method is computationally intensive,
which makes it less suitable for devices with fewer resources and limitations on power con-

sumption.
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2.3.1.3. Burrows-Wheeler Encoding Algorithm

BZip2 follows the Burrows-Wheeler Transform (BWT) and Run-Length Encoding (RLE). It is
mostly used for the compression of large files. It applies selective BWT to arrange the data in
a more compressible way by rearranging the input stream in such a way that shows repetitive
patterns. The algorithm uses the concept of Move to Front (MTF) algorithm by putting symbols
with higher probability at the start of the data stream. BZip2 uses RLE for the compression of
this sequence with repeated symbols. Contrary to storing each repeated symbol separately,
BZip2 stores each symbol and the number of repetitions to decrease redundancy. Post BWT
and RLE, BZip2 uses entropy encoding like Huffman encoding to assign shorter codes to the
frequently occurring strings. Dividing the data into smaller blocks and then applying BWT and
RLE helps in managing the large data. It also improves the coding efficiency of entropy en-
coders like Huffman.

2.3.2 Specialized Encoders for Event Data

2.3.21. Spike Coding

Moving to DVS-specific encoding methods, “A cube-based spike coding framework” was pro-
posed by Bi et al., 2018 in [2]. To take advantage of the spatial and temporal redundancy in
DAVIS data a cube-based spike coding framework was proposed as shown in Figure 5 [2].

Spike Location Coding

| Address-Prior _
Mode
Adaptive
Macro-cube Time-Prior
Partitioning Mode

Spike Sequence

Entropy

N

Coding

Spike Polarity Coding

Figure 5. A Spike-based coding framework [2]

The spike sequence obtained from the DVS data can be partitioned into macro cubes tempo-
rally which have the complete spatial data. This macro cube is then spatially split into smaller
spike cubes.

The encoding takes place in two steps:
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1. Spike Location Coding:

Spike distribution is classified in two ways — spatial centralized and spatial decentralized.
Spikes generated due to object movement are classified as spatial centralized distribution and
spikes fired globally duty luminance change of the scene are classified as spatial decentralized

coding [2]. To address this, two types of address modes are defined as follows:
i.  Address Prior Mode:

In Address Prior Mode (AP Mode), all the spikes are projected on an x-y plane in a location
histogram. Location histogram is represented by having a location histogram map and the
counts. The histogram map is a binary depiction showing if that pixel location has a count or
not and the histogram map count shows the number of spikes at that location [2]. The same

is shown in Figure 6.

Lacation Histogram Counts

Location Histogram Map
{Block A, B, C are non-empty)

atfacdard ard ard
e B
] !

! 0 0 :‘F‘s 0 0 5 i o o8 8 »
e | | C—mag ——;
' | | TE : Fa [? i
: 0 BZ 0 I_:> 0 2.0 I:f i ﬂa:f "
[t 1 R
0 3|0 | o 3 0 s o @

Figure 6. Location Histogram Map [2]

ii. Time Prior Mode:

In Time Prior Mode (TP Mode), a centre point (xc*, yc*) and all the other spikes are projected

to this time axis. The centre point is calculated by using the formula [2]:
X, ye = argming y |x; — xc| + lyi — vl

where (X, yi) is the spike address in the spatial. The centre point (xc*, yc*) is encoded either
directly or differentially by referring to the centre point (xc, prev*, yc, prev*) of the previous
spike cube. Since the spikes are spatially centralized, the spatial offset locations (x;, yi) form a

motion vector which is then encoded as depicted in Figure 7 [2].

h y | I
1AL nAL, | AL, |ALMALIAL) At eyl AL 1

Figure 7. Motion Vector of Spikes that are encoded in TP mode [2].
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2. Spike Polarity Coding

The second step for Spike coding is the Spike polarity coding. As mentioned earlier, when the
polarity of the spike is “ON” or 1 there is an increase in luminance and “OFF” or 0 means a
decrease. The temporal correlation is high when two consecutive event pair polarities are

analysed. Encoding of spike polarity takes advantage of this relation.

2.3.2.2. Using Point Cloud Compression for Event Data

Point cloud compression reduces the size of a 3D point cloud without loss in the geometric
and attribute information. The point cloud describes a surface or an object in 3D space. It
exploits the temporal and spatial correlation between the neighbouring points. It was stand-
ardized by the MPEG to ensure effective encoding practices for point cloud data using geom-

etry-based and attribute-based encoding.

According to Huang and Ebrahimi et al., 2023 [6], the basic idea is to use a PCC compressor
to compress events as a point cloud by considering time stamp t as the third axis with coordi-
nates (x, y, t). The Geometry Point Cloud Coding (G-PCC) encodes the point cloud using an

octree structure. It mainly focuses on irregular point clouds [6].

Transform | | )
ul Coordinates | ’I Voxelize —»I Analyze Octree ——p Surface Analysis

L L
Arithmetic Encoder

GPCC Encoder

Polarity 0 GPCC
encoded bilstream

Polarity 0 x, y, t
Lntp

AER DATA » Data Extractor * Event Splitler|

Polarity 1 x, y, t

Polarity 1 GPCC
encoded bitstream

Arithmetic Encoder

;: Voxelize ;J Analyze Octree | » Surface Analysis

GPCC Encoder

Transform
Coordinates

Figure 8. GPCC coding framework used by Khan et. al., in [7]
Figure 8 shows the GPCC dataflow as implemented by Martini et. al., in [7]. The first step in

Geometry-based Point Cloud Coding (G-PCC) is to perform coordinate transformation fol-
lowed by voxelization [7]. In voxelization, the cloud points are initially quantized. After quanti-
zation, there is a possibility that the cloud points can be duplicated. Points with the same
position and different attributes are then merged into a single point. This process of quantizing
and then grouping of points is known as voxelization. The group of points with the same posi-

tion and different attributes is known as a voxel. Geometry analysis is then done by using the
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octree scheme. In the octree scheme, the point cloud is recursively divided into eight sub-
cubes, until either the predefined tree depth is achieved or there are no more voxels left in the
sub-cube. At each stage, eligibility for further splitting is checked, if it is not possible, the leaf
node is encoded using the Direct Coding Method (DCM). The splitting continues until the pre-
defined tree depth is achieved or no more splitting is possible. At each depth, the coordinates
are refined by one bit for each component. Each refinement requires eight bits to encode.
Further compression is achieved by entropy coding of the split information. The combination

of octree and DCM is shown in Figure 9 [22].

0 Direct Coding
Method

Figure 9. Octree Analysis [22]

Algorithm 1: Point Cloud Compression algorithm used by Martini et al., 2022 [7] to perform
GPCC encoding.

Input: Spike event data in AER.

Total number of events Nevents.

Number of input bits: Nippyr = Neyenes X 64.

Step 1: Extract data X, Y, timestamp, and polarity from AER data

Step 2: Split data into events of polarities 0 and 1 separately.

Step 3: Apply GPCC encoding to data with polarity one.

Step 4: Apply GPCC encoding to data with polarity zero.

Output: Polarity 1 Compressed geometric bitstream, with size NG1 in bits
Output: Polarity 0 Compressed geometric bitstream, with size NGO in bits

Output: Total size in bits of the output stream y = Ng;; + Ngo

Ninput

Output: Compression Ratio =
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| Position related parameters |

mode

mergeDuplicatedPoints
srcResolution

outputResolution
positionQuantizationScale
trisoupNodeSizeLog2
neighbourAvailBoundaryLog2
intra_pred_max_node_size_log2
inferredDirectCodingMode
maxNumQtBtBeforeOt
minQtbtSizel.og2

planarEnabled
planarModeldcmUse
convertPlyColourspace
transformType
numberOfNearestNeighborsInPrediction
levelOfDetailCount
intral.odPredictionSkipLayers
interComponentPredictionEnabled

COMNWOS OO0 =0 Oo—~00CCO

positionBaseQp 0
sliceMaxPoints 107000000
enforceLevelLimits 0

Table 2. Coding Parameters selected by Martini et al., 2022 [7]
Table 2 shows the coding parameters used for their experiment.

2.4 State-of-the-Art Encoders for Event Data

Khan et al., 2020 in [4] extracted the relevant data from the AER data, in which the time stamp
with 32 bits was divided into 4 integers of 8 bits each. The extracted data now had 7 columns
out of which 4 columns were of the time stamp and the remaining 3 columns were of spatial
address x and y and polarity p. Further they organized these 7 columns in two formats the row

major and column major format. This process is shown in Figure 10.

[ ]vAddress [l Type: 0->DVS 1->AVS | |ADC Sample
[ |x address || Polarity
[] Time stamp [ Trigger
L I v o
[xTv[ma[r2[ws[ra]e]
Event Camera Images @E::——{ AER Data for Events E"ﬁc‘nah'::;} nu
:
.
[x[vTm[r2[ws[rale]
Row Major Format
[x[v[p[maf[rz[ra[ra[x [ v [p [Ta][12[73 [14 [ [oc [ [ ||| X [ ¥ [ P [T2[T2[T3[T4]
Column Major Format
[x[x[o]x ¥y ] v[n[nul.[n]re[r].[rz[][13]..[1a[ta[ta]. [ e]r]..[r]

Figure 10. Event data extraction from AER data.
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In the row-major format, the events were placed consecutively, in the memory. Whereas, in
the column-major format, the same elements of each event were placed consecutively. Addi-
tionally, in column-major format, the timestamp stored in 32 bits is divided into 4 words taking

up 8 bits each. Each word for all the events is then placed consecutively.

The row-major format was primarily used for the loT-specific compression techniques, while
the column-major format was used for the compression of Dictionary, Entropy and Fast Integer

compression techniques.

In previous studies, compression techniques were compared based on various parameters
like compression ratio, compression speed, and decompression speed [4]. For the scope of

this thesis, we will be focussing only on compression ratio.
The compression ratio is calculated using the formula [4]:

Nevents X 8
14

CR =

Where vy is the size in bytes of the compressed stream, and Nevents the number of spike events

[4].

Entropy Coding Huffman Coding Simple 8B
Arithmetic Coding Fast Integer SIMDBP128
Brotli Compresgsion gastPFOR
- LZMA nappy
85:]'1%?282}2?6" LZ4 /277 Memcpy
Zstb loT Specific Sprintz-FIRE
Zlib Compression Sprintz-Delta-Huff
DVS Compression | SPIKE Coding Sprintz-Delta

Table 3. Various Compression techniques reimplemented by Khan et. al., in [4] for the comparison of the
DAVIS dataset

Khan et. al., compared results from various compression techniques in [4]. Authors of [4] con-
sidered entropy coding techniques like Huffman [29] and Arithmetic [30] coding. In dictionary-
based encoding, encoders like Brotli [31], Lempel Ziv Markov Chain Algorithm [32], Lempel
Ziv 1977 [33] (LZ77 | LZ4), Zstandard (Zstd) [34] and Zlib [35] were used to compare the
compression techniques. The authors also compared the DVS-specific compression tech-
nique Spike coding [2] for comparison. Fast Integer Compressors like Simple8B [36], SIM-
DBP128 [37], FastPFOR [37], Snappy [38], and Memcpy which are known for their fast com-
pression speeds were also considered. loT specific algorithm known as Sprintz developed by
Blalock et al., 2018 in [39] was also used to compare the compression ratio. Various versions
of Sprintz were considered for the comparison. Sprintz-FIRE combines the predictive coder
Fast Integer Regression (FIRE) and the Huffmann encoding, Sprintz-Delta uses the delta en-

coding in place of FIRE and skips Huffmann encoding. Sprintz-Delta-Huff takes advantage of
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delta and Huffman encoding. Khan et. al., reimplemented these techniques in [4] to achieve

the compression ratio summarized in Table 4.

The compression techniques reimplemented by Khan et. al. in [4] are summarised in Table 3.

Splke Sprintz Sprintz
IR o e e e o

Boxes Rotation [V ICRVLTVE: 383 372 283 196 298 138 125 112
385 334 319 3.1 3.1 2.5 268 263 233 189 244 1.31 128 145 112
368 325 309 31 324 26 258 233 187 231 135 132 118 112
392 341 326 32 3125 27 267 235 189 248 13 121 145 112
397 349 332 33 3226 275 272 2% 19 253 129 126 144 112
354 311 289 29 28 22 253 252 23 184 224 135 131 118 112
488 477 426 41 4 3 37 36 276 1% 2% 14 137 124 112
378 304 278 28 27 22 246 243 226 179 221 134 131 17 112
384 319 285 29 28 23 265 262 236 179 226 141 136 128 112
DT 345 343 293 29 28 23 258 254 231 183 231 136 135 122 112

Total Average 399 357 33 32 32 25 286 28 242 187 247 1.35 1.32 119 112

Table 4. Comparison of results achieved using various compression techniques by Khan et. al., in [4]
The results achieved by Khan et. al., 2020 depict, to achieve the best compression, event
data-specific encoders like Spike Coding, which is a 3D encoder, use the correlation between
the inputs to give the best results. 1D encoders like LZMA are second to achieve the next best
results, they use the data redundancies to achieve these results.

Table 5 compares the results published by Khan et. al., in [4], and Martini et al., in [7] (The
spike encoding method [2] was reimplemented by Khan et. al., in [4]). This table depicts that
the 3D encoders perform much better as compared to the 1D encoder. The best results are
marked in bold.

The Point Cloud Compression achieves the best results, as it utilizes the 3D redundancies
existing in the event data in the most efficient way.

These results are summarized in a visual format in Figure 11.
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1D Encoder 3D Encoders

Sequence i i
. LZMA (Access s(%l&cﬁng)g Point Cloud Compression
2020) [4] 5

Boxes_Rotation 4.92 4.95 5.35
Dynamic_Rotation 3.34 3.85 4.99
Outdoors_Running _1 3.25 3.68 3.97
Outdoors_Running _2 3.41 3.92 4.46
Outdoors_Running _3 3.49 3.97 4.67
Outdoors_Walking 3.1 3.54 3.84
Poster_Rotation 4.77 4.88 5.44
Shapes_Rotation 3.04 3.78 4.39
Slider_Close 3.19 3.84 3.62
3.13 3.45 3.66

Table 5. Comparison of results achieved using various compression techniques by Khan et. al., in [4] and

Martini et al., in [7].

Compression Ratio Comparison

3.66
URBAN 3.45
3.13
3.62
SLIDER_CLOSE 3.84
3.19
4.39
SHAPES_ROTATION 3.78
3.04 ‘
5.44
POSTER_ROTATION 4.88
4.77
| | |
3.84
OUTDOORS_WALKING 3.54
3.11
| | |
4.67
OUTDOORS_RUNNING _3 3.97
3.49
| | |
4.46
OUTDOORS_RUNNING _2 3.92
3.41
| | |
3.97
OUTDOORS_RUNNING _1 3.68
3.25
| | |
4.99
DYNAMIC_ROTATION 3.85
3.34
.35
BOXES_ROTATION 4.95
4.92
0 1 2 3 4 5

= Point Cloud Compression (IEEE ACCESS 2022) [7] m Spike Coding (DCC 2018) [2]
m LZMA (Access 2020) [4]

Figure 11. Comparison bar plot from previous work.
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3. PROPOSED ALGORITHMS

In this thesis, we plan to compress each component separately using various data compres-
sion algorithms as discussed in Section 2.

3.1 Summary of the Event Data Used

In this thesis, we used the sequences Boxes_Rotation, Dynamic_Rotation, Outdoors_Run-
ning, Outdoors_Walking, Poster_Rotation, Shapes_Rotation, Slider_Close, and urban from
the dataset [1]. The time durations of these datasets are summarized in Table 6. The unit of

event rate is kilo events per second.

| Sequence | Event Rate (kev/s) | Sequence Duration (s)
4288.65 5 (45-50)
4021.1 5 (45-50)
1077.73 20 (0-20)
336.78 3(0-3)
245.61 20 (0-20)
1525.5 20 (40-60)
1229.4 20 (20-40)
713.8 20 (0-20)
| Urban | 503.04 10 (0-10)
342.2 20 (0-20)

Table 6. Dataset Information

3.2 Compressing the Data using 1-Dimensional Encoders

In the first proposal, we compress each component separately using 3 compression tech-
niques- LZMA, PPMD, and BZip2.

While compressing the t component, 4 methods were used to process t before it was com-
pressed -

1. timestamp (t) — In this method, 32 bits are used to write the time. According to Figure
12, format 1 is used.

2. differential t — In this method, the time stamp of first event t0 is written using 32 bits
and for the remaining time stamps the difference between the current and previous
time stamp is written using less than 32 bits. t0 is compressed separately and differ-
ential t is compressed separately. According to Figure 12, format 2 is used after differ-
ential t.

3. dividing t in 4 bytes — In this method, all the time stamps are divided into 4 words,
Words 1 through 4, Word 1 being the Most Significant Byte and Word 4 being the Least
Significant Byte. These 4 Words are then written separately using 8 bits per word and
compressed separately. According to Figure 12, format 3 is used.

4. differential t in 4 bytes — This method is a combination of the second and the third
method. In this method, the result of method 2, the time stamp of the first event t0 and



19

the remaining time stamps in their differential form are then separated into 4 bytes as
done in Method 3. Thus, the output of this method, t0 and the differential t of remaining
time stamps separated into 4 words, which are written separately. t0 is compressed
separately and differential t is compressed separately. According to Figure 12, format
4 is used after differential t.

N e D e e e ROi » o | 2]
Format 2: | X | X “ X ‘ Y ‘Y || Y |'I'D‘ Consecutive Time Differences. |p |p “ P ‘
Format3: | x [ x [ x [ v[v [ ] v[m[nl. [nln[nrl.[r[n]nl. |6l [uele]. [r]
Format 4: [ x [ X [ | x [ ¥ [¥ [ ] ¥ |70 Grrences T | 720 Gitumenes ™2 0] Sorascein® ™ [1ao] Gomeecitve ™ Tp Tp [ [ |
Figure 12. Various sequencing formats of Data for compression.

In the first part of this experiment, all the components were compressed using the same com-

pression technique and the polarities 0 and 1 were not separated.

In Table 7 - Table 9, the various compression techniques for timestamps as discussed earlier

are represented using the following nomenclature.

1.
2.

For method 1, <CompressionTechnique> (LZMA, PPMD, BZIP2) is used.

For method 2, where the consecutive time differences are encoded, <Compression-
Technique_Diff T> (LZMA_DIFF_T, PPMD_DIFF_T, BZIP2_DIFF_T) is used.

For method 3, where the time differences are divided into 4 bytes and then encoded,
<CompressionTechnique_T_4 bytes> (LZMA_T_4_bytes, PPMD_T_4 bytes,
BZIP2_T_4 bytes) is used.

For method 4, where the consecutive time differences are separated in 4 bytes and

then encoded, <CompressionTechnique_Diff T_4 bytes > (LZMA_DIFF_T_4_bytes,
PPMD_DIFF_T_4 bytes, BZIP2_DIFF_T_4 bytes) is used.

Sequence | LzmA | LzmA Diff T| LZMA T_4_bytes | LZMA_Diff T 4 bytes

Boxes_Rotation 5.2697 5.4051 5.1734 5.4048
Dynamic_Rotation 3.4651 3.5833 3.4669 3.6094

Outdoors_Running _1 [0/ 3.7457 3.602 3.7456

Outdoors_Running _2 [EERAL 3.6739 3.5282 3.6738
Outdoors_Running _3 [ReXi27] 3.4978 3.3632 3.4977
Outdoors_Walking [EERZLY 3.3831 3.2075 3.3836
Poster_Rotation 5.0728 5.2269 5.0073 5.2266
Shapes_Rotation 3.1667 3.31 3.1219 3.3098

Slider_Close 4.1198 4.2885 4.066 4.2863
3.2637 3.3903 3.2327 3.3899

Table 7. Compression results using LZMA on all components separately and without separating polarities.
The components x, y, and p are encoded in their own sequence, while for encoding the element t,

the strategy mentioned in the table’s header is utilized.
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Table 7 shows the compression results achieved by compressing x, y, p, and t separately
using LZMA. The time stamp was compressed using the 4 methods. The best results were
achieved when the time was compressed after taking the consecutive differences, either with
or without separating the time stamp in 4 bytes that is using Format 2 or Format 4 according
to Figure 12. While compressing, the polarities were not separated.

Table 8 shows the compression results achieved by compressing x, y, p, and t separately
using PPMD. The time stamp was compressed using the 4 methods. The best results were
achieved when the time was compressed after taking the consecutive differences without sep-
arating the time stamp in 4 bytes that is, using Format 2 as shown in Figure 12. While com-
pressing the polarities were not separated.

| Sequence | PPMD | PPMD_Diff_T| PPMD_T_4 bytes| PPMD_Diff T 4 bytes_
3.8558  5.4588 5.4193 5.4587
21642  3.4917 3.4821 3.4989
22841  3.6534 3.6307 3.6534
21987  3.5765 3.5557 3.5765

2.0326  3.4088 3.3866 3.4088
1.8927  3.2859 3.2546 3.2858
3.6775  5.2459 5.2094 5.2458
1.8225  3.1409 3.1051 3.1408

Slider_Close 2.7086 4.346 4.2916 4.3452

DT 20074 3.2896 3.271 3.2895

Table 8. Compression results using PPMD on all components separately and without separating polarities.
The components x, y, and p are encoded in their own sequence, while for encoding the element t,
the strategy mentioned in the table’s header is utilized.

Sequence BZip2 BZip2 Diff T BZip2_T_4_ bytes BZip2_Diff T_4 bytes

Boxes_Rotation 4.494 5.1818 5.1604 5.1817
Dynamic_Rotation 2.3728 3.4267 3.4141 3.4318

Outdoors_Running _1 [PAxEL] 3.5962 3.5767 3.5962
Outdoors_Running _2 [@wX:lGee] 3.5205 3.5008 3.5205
Outdoors_Running _3 [P eicl] 3.3558 3.3412 3.3558
Outdoors_Walking 1.9264 3.2204 3.1987 3.2203
Poster_Rotation 4.3122 4.9789 4.9601 4.9788
Shapes_Rotation 1.8468 3.1025 3.0765 3.1023
Slider_Close 2.732 4.1783 4.1231 41771
2.0638 3.2461 3.2218 3.2459

Table 9. Compression results using BZip2 on all components separately and without separating polarities.
The components x, y, and p are encoded in their own sequence, while for encoding the element t,
the strategy mentioned in the table’s header is utilized.

Table 9 shows the compression results achieved by compressing X, y, p, and t separately
using BZip2. The time stamp was compressed using the 4 methods. The best results were
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achieved when the time was compressed after taking the consecutive differences without sep-
arating the time stamp in 4 bytes that is, using Format 2 as shown in Figure 12. While com-
pressing the polarities were not separated.

In the next part of the experiment, all the components were compressed using the same com-
pression technique separately, but polarities were separated, that is, the polarity bit p was not
separately compressed.

In Table 10 - Table 12, the various compression techniques for timestamps as discussed ear-
lier after separating the polarities are represented using the following nomenclature.

1. For method 1, <CompressionTechnique_P> (LZMA_P, PPMD_P, BZIP2_P) is used.

2. For method 2, where the consecutive time differences are encoded, <Compression-
Technique_P_Diff T> (LZMA_P_DIFF_T, PPMD_P_DIFF_T, BZIP2_P_DIFF_T) is
used.

3. For method 3, where the time differences are divided into 4 bytes and then encoded,
<CompressionTechnique_P_T 4 bytes> (LZMA_P_T_4 bytes,
PPMD_P_T 4 bytes, BZIP2_P_T 4 bytes) is used.

4. For method 4, where the consecutive time differences are separated in 4 bytes and
then encoded, <CompressionTechnique_P_Diff T_4_ bytes>
(LZMA_P_DIFF_T_4 bytes, PPMD_P _DIFF_T_4 bytes,
BZIP2_P_DIFF_T_4_bytes) is used.

Table 10 shows the compression results achieved by compressing X, y, p, and t separately
using LZMA. The time stamp was compressed using the 4 methods for polarities 0 and 1
separately. The best results were achieved when the time was compressed after taking the
consecutive differences, either with or without separating the time stamp in 4 bytes that is
using Format 2 or Format 4 according to Figure 12.

Sequence LZMA P LZMA P_Diff T LZMA P_T_4 bytes LZMA P_Diff T_4_bytes
Boxes_Rotation 4,9353 5.1382 4.9472 5.138
Dynamic_Rotation 3.4882 3.6328 3.4777 3.643
Outdoors_Running _1 [BEX0EL) 3.7681 3.6091 3.7681
Outdoors_Running _2 [EECRGY7) 3.7001 3.5452 3.7142
Outdoors_Running _3 [REeX:{0}:74 3.5606 3.3848 3.5662
Outdoors_Walking 3.283 3.4448 3.2466 3.4547
Poster_Rotation 4.7752 4.9863 4.798 4.986
Shapes_Rotation 3.2024 3.3731 3.1791 3.3901
Slider_Close 3.9879 4.1657 3.9153 4.1676
3.2931 3.4336 3.2505 3.4388

Table 10. Compression results using LZMA on all components separately and separated polarities. The
components x and y are encoded in their own sequence, while for encoding the element t, the
strategy mentioned in the table’s header is utilized after separating polarity 0 and polarity 1 in sep-
arated sequences.
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PPMD_P_Diff T_4_bytes

3.0926 5.1451 5.118 5.145
2.0315 3.4994 3.4576 3.4925
2.0941 3.6308 3.5954 3.6308
2.0478 3.5736 3.532 3.566
1.942 3.4255 3.3767 3.4125
1.839 3.2903 3.235 3.2808
2.9769 4.96 4.9299 4.96

1.7624 3.1444 3.0926 3.1384
2.4305 4.1656 4.1085 4.1637
DT 19315 3.3027 3.2559 3.2929

Table 11. Compression results using PPMD on all components separately and separated polarities. The

components x and y are encoded in their own sequence, while for encoding the element t, the
strategy mentioned in the table’s header is utilized after separating polarity 0 and polarity 1 in sep-
arated sequences.

Table 11 shows the compression results achieved by compressing X, y, p, and t separately

using PPMD. The time stamp was compressed using the 4 methods for polarities 0 and 1

separately. The best results were achieved when the time was compressed after taking the

consecutive differences and then separating the time stamp in 4 bytes that is, using Format 4

as shown in Figure 12.

Table 12 shows the compression results achieved by compressing X, y, p, and t separately

using BZip2. The time stamp was compressed using the 4 methods for polarities 0 and 1

separately. The best results were achieved when the time was compressed after taking the

consecutive differences, either with or without separating the time stamp in 4 bytes that is

using the Format 2 or Format 4 according to Figure 12.

Sequence BZIP2_P | BZIP2_P_Diff T | BZIP2_P_T_4 bytes | BZIP2_P_Diff T_4 _bytes

Boxes_Rotation 3.6268 4.9422
Dynamic_Rotation 2.1274 3.4558
Outdoors_Running _1 BW6¢) 3.5964
Outdoors_Running _2 WA FaV: 3.5274
Outdoors_Running _3 BWH01£74 3.3874
Outdoors_Walking 1.8457 3.255
Poster_Rotation 3.4647 4.7536
Shapes_Rotation 1.7781 3.1283
Slider_Close 2.4267 4.0569
1.9495 3.2789

4.8752
3.435
3.5652
3.5068
3.3607
3.209
4.6908
3.0856
3.9798
3.2394

4.942
3.4656
3.5964
3.5382

3.397
3.2589
4.7534
3.1323
4.0595
3.2869

Table 12. Compression results using BZip2 on all components separately and separated polarities. The
components x and y are encoded in their own sequence, while for encoding the element t, the

strategy mentioned in the table’s header is utilized after separating polarity 0 and polarity 1 in sep-

arated sequences.

From Table 7 - Table 12, we understand the best way to compress the time stamp is to take

the consecutive differences and then encode them.
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In the next part of the experiment, the number of bits required after compression for each
component was calculated. The compressions were done using LZMA, PPMD, and BZip. As
seen from Table 7 - Table 12, the best results were achieved when the timestamp was en-
coded either after taking the consecutive differences or separating the consecutive differences
in 4 bytes. So, for the next part of the experiment, only these two methods of encoding t are
considered. The comparisons were done without separating the polarities first.

The following nomenclature is used in Table 13 - Table 15 to represent which component is
compressed using which compression technique.

1. When a component is compressed using LZMA, <Component.> (Xc, Y., PL) is used.
2. When a component is compressed using PPMD, <Componentes> (Xp, Yr, Pp) is used.
3. When a component is compressed using BZIP2, <Components> (Xg, Y&, Ps) is used.

Boxes_Rotation 7.5758 7.6038 7.7694
Dynamic_Rotation 7.7883 7.9914 7.947
OV Gl R e i 7.811 7.9782  7.943
OV Golelo S S Iyl 7 7.8164  7.9926 7.9449
o)1 [elel IR gl l 7.7625 7.9648 7.9411
Outdoors_Walking 7.7613 7.9587 7.9346
Poster_Rotation 7.5785 7.6395 7.7944
Shapes_Rotation 7.4401 7.8856 7.8976
Slider_Close 7.7128 7.9046 7.9222

7.7742 7.9751 7.9413
Table 13.  Bits per event required to compress x.

Table 13 shows the bits per event required to compress the x component. The x component
was compressed without separating the polarities (X). The results show that the LZMA com-
pression technique requires the least number of bits the compress the x component which are
marked in bold in the table.
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Boxes_Rotation 2.3655 21812 25775
Dynamic_Rotation 7.0227 7.2085 7.4093
o)1 e [elel IR gl | 6.7652 6.9016 7.0841
O [elel SR Ty lef 72 6.8719  7.0222 7.1949
O e ool IS a gy lef el 7.1784 7.3574 7.4375
Outdoors_Walking 6.8264 7.0417 7.2007
Poster_Rotation 2.755 2.6111 3.0371
Shapes_Rotation 7.1391 7.5034 7.5167
Slider_Close 4.0818 3.5622 3.884

7.2898 7.4568 7.5034
Table 14.  Bits per event required to compress y.

Table 14 shows the bits per event required to compress the y component. The y component
was compressed without separating the polarities (Y). The results show that the LZMA com-
pression technique requires the least number of bits the compress the y component in most
of the cases. For Boxes_Rotation, Poster_Rotation, and Slider_Close, PPMD required the
least number of bits to compress the y component. The best results are marked in bold.

Table 15 shows the bits per event required to compress the p component. The p component
was compressed without separating the polarities (P). The results show that the PPMD com-
pression technique requires the least number of bits the compress the p component which are
marked in bold in the table. The result was expected as the polarity bit stream consists of only
2 values 0 and 1, hence the data is highly predictable.

Boxes_Rotation 1.0764 0.9992 1.2302
Dynamic_Rotation 1.0773 0.9874 1.221
O [eler i Sy ef | 1.0763  0.989 1.2244
O e [eler i STy e f 72 1.0744 0.9846 1.2207
O [eler ST e f il 1.0724  0.9911  1.2254
Outdoors_Walking 1.0437 0.9481 1.1776
Poster_Rotation 1.0769 0.9964 1.2288
Shapes_Rotation 1.0696 1.0016 1.2314
Slider_Close 0.9485 0.8351 1.0555

1.0599 0.9589 1.1998
Table 15.  Bits per event required to compress p.

The following nomenclature is used in Table 16 to represent which method of compressing
the timestamp is used in addition to the compression technique.
1. When a timestamp is compressed after taking the consecutive difference, <T_Dcompres-
sionTechnique™ (T_DL, T_Dp, T_DB) is used.

2. When a timestamp is compressed after separating the consecutive differences in 4
byteS, <T_D4CompressionTechnique> (T_D4L, T_D4p, T_D4B) is used.
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Table 16 shows the bits per event required to compress the timestamp t. The timestamp was
compressed after taking the consecutive differences (T_D) and separating the time differ-
ences in 4 bytes (T_D4) without separating the polarities. The results show that the PPMD
compression technique requires the least number of bits the compress the timestamp. The
least number of bits required to compress was achieved when the consecutive differences for
encoded for most of the sequences. For Dynamic_Rotation the least number of bits to encode
the time stamp was achieved after separating the consecutive time differences in 4 bytes. The
best results are marked in bold in the table.

Boxes_Rotation 0.8221 0.6737 0.8457 0.8257 0.6825 0.8457
Dynamic_Rotation 1.9708 1.7303 2.1162 1.8448 1.7016 2.0828
10 e ol S M e i i 1.4326  1.2562 1.5858 1.4362 1.2651 1.5858
01l I M ol 740 1.6562 1.4945 1.845 1.6598 1.5034 1.8451
10 ol S K lae Ul 2.2826  2.0394 2.5112 2.1971 2.0683 2.4462
Outdoors_Walking 3.2842 3.079 3.5496 3.2608 3.1636 3.4932
Poster_Rotation 0.8329 0.6779 0.8627 0.8365 0.6867 0.8628
Shapes_Rotation 3.6846 3.5129 4.0037 3.6663 3.6224 3.9464
Slider_Close 21772 2.0336 2.4248 2.1823 2.0429 2.4259

2.7516 2.6207 3.0449 2.7555 2.6297 3.0452
Table 16.  Bits per event required to compress t.

The number of bits required to compress each component was again calculated after sepa-
rating the polarities in the next part. X° and X' were compressed separately and then combined
while calculating the total number of bits required. The same process was repeated for y and
t. The data for polarity is inherently encoded, hence the polarity bit p was not separately en-
coded for this part of the experiment.

The following nomenclature is used in Table 17 and Table 18 to represent which component
is compressed using which compression technique after the polarities were separated.
1. When a component is compressed using LZMA, <Component_P.> (X P, Y_Py) is
used.

2. When a component is compressed using PPMD, <Component_Pp> (X_Pp, Y_Pp) is
used.

3. When a component is compressed using BZIP2, <Component_Ps> (X _Ps, Y_Pg,) is
used.
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Sequence

Boxes_Rotation 7.8097 8.0793 7.9543
Dynamic_Rotation 7.749 8.1946 7.9839
O e ool i ey ef i | 7.7791  8.1712  7.9805
Outdoors " Running “2 [y -1k B [ Ay sl y
O [eler iR g e f el 7.7228 8.1547  7.977
Outdoors_Walking 7.7074 8.1576 7.9742
Poster_Rotation 7.7616 8.0528 7.945
Shapes_Rotation 7.3426 8.0774 7.9501
Slider_Close 7.6034 8.1057 7.9433

7.7137 8.1837 7.9783
Table 17.  Bits per event required to compress x with polarities separated.

Table 17 shows the bits per event required to compress the x component. The x component
was compressed after separating the polarities (X_P). The results show that the LZMA com-
pression technique requires the least number of bits the compress the x which are marked in
bold.

Boxes_Rotation 3.3404 3.1463 3.5471
Dynamic_Rotation 71114 7.5115 7.4926
O [eler STy ef | 6.9311  7.2744 7.2747
Outdoors " Running ~2 B kxR0 VAR SCVX )
O e ool | S a g e f sl 7.1313  7.5446 7.4858
Outdoors_Walking 6.7088 7.2144 7.2328
Poster_Rotation 3.7168 3.59 4.0006
Shapes_Rotation 6.9926 7.6931 7.5585
Slider_Close 47406 4.2964 4.4484

7.286 7.6834 7.5533
Table 18.  Bits per event required to compress y with polarities separated.

Table 18 shows the bits per event required to compress the y component. The y component
was compressed after separating the polarities (Y_P). The results show that the LZMA com-
pression technique requires the least number of bits the compress the y component in most
of the cases. For Boxes_Rotation, Poster_Rotation, and Slider_Close, PPMD required the
least number of bits to compress the y component. The best results are marked in bold.
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The following nomenclature is used in Table 19 to represent which method of compressing
the timestamp is used in addition to the compression technique.

—_—

When a timestamp is compressed after taking the consecutive difference, <T_P_Dcom-
pressionTechnique> (T_P_DL, T_P _DP, T_P_DB) iS Used-

When a timestamp is compressed after separating the consecutive differences in 4
byteS, <T_P_D4CompressionTechnique> (T_P_D4L, T_P_D4P, T_P_D4B) |S Used

Table 19 shows the bits per event required to compress the timestamp t. The timestamp was

N

compressed after taking the consecutive differences and separating the time differences in 4
bytes after separating the polarities. The results show that the PPMD compression technique
for compressing the consecutive differences requires the least number of bits the compress
the timestamp for most of the sequences. For Shapes_Rotation the least number of bits to
encode the time stamp was achieved after separating the consecutive time differences in 4
bytes using the LZMA technique. The best results are marked in bold in the table.

Sequence

Boxes_Rotation 1.3233 1.2186 1.4505 1.3244 1.2189 1.4511
Dynamic_Rotation 2.7523 2.5913 3.0429 2.7066 2.6255 2.9896
Ol Gl sl | 2.2779  2.1812  2.5384  2.2787 2.1814 2.5388
(I GLLIEMNTI I [l 2.5395 2.4193  2.805 2.5196 2.4404 2.7798
OIG e e i I fisl - 3.1225 2.9918  3.4317  3.0948 3.0604 3.379
Outdoors_Walking 41655 4.0844 4.4449 4.1046 4.1328 4.4235
Poster_Rotation 1.3713 1.2662 1.5089  1.3725 1.2665 1.5095
Shapes_Rotation 4.6391 4.61 4.945 4.532 4.642 4.9204
Slider_Close 3.05698 3.0072 3.3744  3.0616 3.0177 3.3679

3.6124 3.5459 3.9668 3.6006 3.5805 3.9347
Table 19.  Bits per event required to compress t with polarities separated.

In the next part of this experiment, we will compress the individual components with the best
compression techniques suited for that component as recorded in Tables 13 - 16 when the
polarities are not separated and Table 17 - 19 when the polarities are separated. All the com-
ponents were then combined using the LZMA compression technique.

Table 20 shows the compression ratio achieved by selecting the best compression method for
individual components without separating the polarities as understood from Tables 13 - 16. A
Proposed Default Method 1 was then suggested where the spatial address x and y are com-
pressed using LZMA, the polarity bit p is compressed using PPMD and the timestamp t was
compressed after taking consecutive time differences using PPMD. These individual compo-
nents were then combined in a single file using the LZMA compression technique. The Default
Method 1 gives the result almost as good as the achieved results.
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Sequence Compression Ratio Proposed Default Method 1
! : X, Y., P, T_Dp

Boxes Rotation T Dp 5.5989 5.5101

xL YL Pp T_D4p 3.6587 3.6509
X Y. Pe T_Dp 3.8044 3.8044
X Y. Pe T_Dp 3.7277 3.7277
[ Outdoors_Running _3 PAR Mzt 3.561 3.561
X, Y. Pp T_Dp 3.4378 3.4378
X Yo Po T Dp 5.3941 5.3295
| Shapes_Rotation PARMIZIRAY 3.3516 3.3516
X. Yp Pp T_Dp 45239 4.3637
[ urban  BARAGEE 3.4325 3.4325

Table 20. Compression Ratios obtained by compressing each component separately and using different
compression techniques without separating polarities.

Table 21 shows the compression ratio achieved by selecting the best compression method for
individual components after compressing the polarities as understood from tables 16-18. A
proposed Default Method 2 was then suggested where the spatial address x and y are com-
pressed using LZMA, the polarity bit p is not explicitly compressed as the polarity information
is linked with the other components. The timestamp t was compressed after taking consecu-
tive time differences using PPMD. These individual components were then combined in a
single file using the LZMA compression technique. The Default Method 2 gives the result al-
most as good as the achieved results.

X_P.,Y_P,TP.Dy
XP.YPs TP_Ds 5.3004 5.1859
X_P.Y_P. TP.Ds 3.6797 3.6797
X_P.Y_P. TP.Ds 3.8003 3.8003
X_P.Y_P. TP.Ds 3.7476 3.7476
X_P.Y_P. TP.D: 3.6006 3.6006
X_P.Y_P. TP.Ds 3.4769 3.4769
X_P.Y_Pp TP._Ds 5.1172 5.0331
X_P. Y_P_ T_P_D4 3.3919 3.3976
X_P. Y_Pp T_P_Ds 4.3581 4.1936
T X P Y.P. T PDe 3.4678 3.4678

Table 21. Compression Ratios obtained by compressing each component separately and using different
compression techniques after separating polarities.




29

Table 22 compares the results of the Proposed Default Method 1, Proposed Default Method
2 and previously achieved results by Khan et. al., in [4] and Bi et al. in [2]. There was an
average 13.52% increase in compression ratio when compared to results achieved by Khan
et. al. in [2]. When compared to the results achieved by Bi et. al., in [2], we understand that
3D encoders give better results than the 1D encoders. The best results in the 1D encoders
are marked in bold and the best results from 1D and 3D encoders are highlighted in green in
the table.

Figure 13 summarizes the comparison of 1D encoder results in visual format.

1D Encoders 3D Encoder

Sequence LZMA Proposed | Proposed
(Access |Default Default
2020) [4] |Method 1 | Method 2

Spike Coding
(DCC 2018)
[2]

Percentage
Improvement

Boxes_Rotation 4.92 5.5101 5.1859 11.9939
Dynamic_Rotation 3.34 3.6509 3.6797 10.1707 4.99
Outdoors_Running _1 3.25 3.8044 3.8003 17.0585 3.97
Outdoors_Running _2 3.41 3.7277 3.7476 9.90029 4.46
Outdoors_Running _3 3.49 3.561 3.6006 3.16905 4.67
Outdoors_Walking 3.1 3.4378 3.4769 11.7974 3.84
Poster_Rotation 4.77 5.3295 5.0331 11.7296 5.44
Shapes_Rotation 3.04 3.3516 3.3976 11.7632 4.39
Slider_Close 3.19 4.3637 4.1936 36.7931 3.62
3.13 3.4325 3.4678 10.7923 3.66

Table 22. Comparison of Compression Ratio from previous work and results achieved in this experiment.
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Comparison of Compression Ratio from
previous work and results achieved.

URBAN 3.4325
3.13
SLIDER_CLOSE 4.3637
3.19
SHAPES_ROTATION 16
3.04
POSTER_ROTATION 5.3295
4.77
| | [
OUTDOORS_WALKING .4378
‘ ‘ 3.11
\ \ 5
OUTDOORS_RUNNING _3 61
3.49
|‘ |‘ |‘
OUTDOORS_RUNNING _2 3.7277
i i
OUTDOORS_RUNNING _1 .3044
3.25
i i i
DYNAMIC_ROTATION 6509
3.34
i i i ,
BOXES_ROTATION 5.5101
1 1 1 1 4. 2 2
0 1 2 3 4 5 6

Proposed Default Method 2 ® Proposed Default Method 1 m LZMA (Access 2020) [4]

Figure 13. Comparison of Compression Ratio from previous work and results
achieved

3.3 Lossless Compression of DAVIS Camera Event Data using
PPMD Encoded Time Differences and GPCC Encoder

In this section, we propose several new algorithms that combine the 3-Dimensional encoder
G-PCC and the 1-Dimensional encoder that we found to be the most efficient for encoding
differential time stamps. We also compare the achieved results with our re-implementation of
the method presented in [7]. We noticed that our re-implementation provides different results
than those reported in [7]. One main reason is that the new version of G-PCC is different from
the old version since the set of options available in the two programs are slightly different.
Given this impossibility of reproducing the results of [7], we compare the new algorithm that
we propose with our re-implementation to find the best algorithmic versions. For completeness
in the end, we also show the results compared to those from [7], but noting again there is a
difference in the baseline G-PCC codecs used in [7] (v2 [21]) and the most recent version (v12
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[22]). In addition to the disabled options, the GPCC encoder can handle only single-point float-
ing values, while the timestamp values extracted from the AER data are so large that they
need a double floating-point format. Thus, the timestamp cannot be given as the third coordi-
nate in the point cloud without some processing. To overcome this issue, we encoded differ-
ential time stamps separately and the indices of the events were used as the third axis for
Point cloud compression.

Figure 14 shows the flow of data.

i LIETU N
bl asglﬂ::[;bﬂd K1 I‘ Voxelize D‘A"-’!WZE OI:I_I'EE > Surface Analysis
v ¥
Arithmetic Encoder
%%, y% K? GPCC Encoder
Bitstream from GPCC
LY L
| @ encoding [x°, y°, k. >
Transforming
. . | » PPMD Encod >
time stamp Bitstream from PPMD encoding t*
Ly, tp L X0, yo, t0
AER DATA |—»|Data Extractor | ¥ Event Splitter |
=yt
L J
Transforming Bitstream from PPMD encoding t*'
time stamp » PPMD Encoder »
= Bitstream from GPCC -
encoding [x', y', k'].
X',y‘, " | GPCC Encoder )
Arithmetic Encoder
Assign [x', y', k'] | .‘ ‘ } . ‘
bto point cloud hl Voxelize Analyze Octree » Surface Analysis
Figure 14. Lossless compression of DAVIS camera event data using PPMD en-

coded time differences and GPCC encoder.

Algorithm 2 tells the steps used to perform GPCC encoding in this thesis. The AER data is

initially extracted to get the x, y, t, and p components.

The events with polarities 0 and 1 are then separated. After the data is split, the time stamps
are represented as consecutive time differences and encoded by using the PPMD encoder.
The indices k of the events are then given to the GPCC encoder as the third axis for the point
cloud. GPCC encoding is then performed on it and the encoded bitstream is given as the
output. This process is repeated for the data with both polarities. The output of this method is
GPCC encoded bitstream for polarities 0 and 1 and the t PPMD encoded bitstream for polar-

ities 0 and 1.
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Algorithm 2: Point Cloud Compression algorithm to perform GPCC encoding.

Input: Spike event data in AER.

Total number of events Nevents.

Number of input bits: Nippyr = Neyenes X 64.

Step 1: Extract data x, y, t, and p from AER data

Step 2: Split data into events of polarities 0 and 1 separately (x°, y°, t°, p%), (x', y', t', p").

Step 3: Calculate t™ =t — t. . 4, for events with polarity 0.

. events

Step 4: Encode t*° using the PPMD encoder.

Step 5: Compute k° as the indices of events with polarity zero.

Step 6: Create a point cloud with [x°, y°, K°].

Step 7: Apply GPCC encoding to the point cloud from step 6.

Step 8: Repeat steps 3 to 7 for events with polarity one.

Output: Bitstream from PPMD encoding of t%, with size Npo in bits
Output: Bitstream from GPCC encoding [x°, y°, k%, with size Ngo in bits
Output: Bitstream from PPMD encoding of t*, with size Np1 in bits
Output: Bitstream from GPCC encoding [x', y', k"], with size Ng1 in bits

Output: Total size in bits of the concatenated output bitstream, y = Npy + N + Npy + Npy

Ninput

Output: Compression Ratio =

This algorithm was applied over two configurations for the GPCC codec [22].

The first configuration was similar to the configuration used by Martini et.al., in [7] as shown
in Table 2. Since some of the options were disabled, we omitted them and kept the other

options the same.

In the second configuration, we modified the option maxNumQtBtBeforeOt from 4 to 24. This
option limits the number of quad and binary trees in the first partition of the octree. We also
changed the option minQtbtSizeLog2 from 0 to 2. This option tells the minimum size of quad
and binary tree partitions. We added the option qtbtEnabled which enables non-cubic geom-
etry coding. By adding the option bitwiseOccupancyCoding, we enable bitwise coding of the

octree.

The two configurations are summarized in Table 23.



Table 23.

Option | Configuration 1_| Configuration 2

mergeDuplicatedPoints
planarEnabled
planarModeldcmUse
positionQuantizationScale
trisoupNodeSizeLog2
neighbourAvailBoundarylLog2
intra_pred_max_node_size_log2
inferredDirectCodingMode
maxNumQtBtBeforeOt
minQtbtSizelLog2

sliceMaxPoints
convertPlyColourspace
transformType
numberOfNearestNeighborsinPrediction
levelOfDetailCount
intraLodPredictionSkipLayers
interComponentPredictionEnabled
positionBaseQp
enforcelLevelLimits

O A~ OO 0O ~ O ~ O

107000000
1

0

3

12

0

0

0

0

107000000
1

0

3

12

0

0

0

0
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Configurations used for the GPCC encoder. On the left is the configuration that we adapted from
[7] while on the right is the configuration that we found the most efficient with the current version

of GPCC codec [22].

In addition to the above two methods, we also tried various permutations of the x, y, and the

indices, to understand the role of the axes in the resulting compression ratios. Table 24 depicts

the assignment of the x, y, and z axes to the x, y, and kcomponents used in the implementation

of the code.

Y
Perm ion .
Slmutations aXIs E
X

1 k y
2 k y X
3 vy k X
4 vy X k

Table 24.  Permutations used for assigning the components to the axes.
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o Number of .
Original number Percentage of Compression
Sequences events :
of events events compressed Ratio
compressed
Boxes_Rotation 21443227 21443227 100 4.9095
Dynamic_Rotation 21554500 17404211 80.7451 4.1939
Outdoors_Running _1 30509927 26706841 87.5349 4.1641
Outdoors_Running _2 24587989 18744456 76.2342 4.0566
Outdoors_Running _3 14276086 11826956 82.8445 3.9979
Outdoors_Walking 6843927 5393553 78.8079 3.8172
Poster_Rotation 20105490 20105490 100 5.0211
Shapes_Rotation 4912273 3769614 76.7387 4.4376
Slider_Close 1380337 1380337 100 4.1558
TR 5030400 5030400 100 3.7267

Table 25. Compression ratio achieved using the configuration method 1 adapted from Martini et. al. in [7].
Table 25 shows the compression ratio obtained by having the configuration of the GPCC en-
coder taken from the configuration published by Martini et. al., in [7]. The GPCC encoder can
only handle values as a single floating point. To achieve lossless compression, the sequences
were compressed partially. The maximum number of events that could be decoded without
losing the time stamp data was compressed. These are tabulated under the column “Number
of events compressed”. For sequences Boxes Rotation, Poster Rotation, Slider_Close, and
Urban the complete sequence was compressed.

Point Cloud Compression
(IEEE ACCESS 2022) [7] used
GPCC codec [21]

Boxes_Rotation 4.91 5.35
Dynamic_Rotation 4.19 4.99
Outdoors_Running _1 4.16 3.97
Outdoors_Running _2 4.06 4.46
Outdoors_Running _3 4 4.67
Outdoors_Walking 3.82 3.84
Poster_Rotation 5.02 5.44
Shapes_| i 4.44 4.39
Slider_Close 4.16 3.62

3.73 3.66

Table 26. Comparison of results achieved in this thesis with GPCC codec [22] and results achieved by Mar-
tini et. al., in [7]

Results achieved using

Sequences GPCC codec [22]

A
[e]
-
Q
=
]
=}
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Table 26 compares the results achieved in this thesis and the results achieved by Martini et.
al., in [7]. Since some of the configurations are now disabled in the GPCC encoder and partial
sequences were compressed, the results were not matched. In some cases, the achieved

results exceeded the results achieved by Martini. The best results are marked in bold.

Table 27 tabulates the results from the proposed method, where the consecutive time stamps
were compressed using PPMD after separating polarities, and the spatial address x, y and the
event index k were encoded using GPCC. Since the GPCC encoder can handle values of the
resolution of single float values that is values up to 22 (16 777 216), while compressing the
polarity 0 values in Outdoors_Running_1, we had to truncate the sequence as it went above
the permissible limit. All the results henceforth for Outdoors_Running_1 are for 29 541 919
events out of the 30 509 927 total events which is 96.83% of total events. This was done to
avoid lossy compression of the sequence while calling the GPCC.

The best results are achieved using the indices k as the first axis, component y as the second,
and x as the third axis and configuration 1 for GPCC. The consecutive differences are com-
pressed using PPMD. For Boxes_Rotation, configuration 2 for GPCC and the point cloud hav-
ing y as the first axis, x as the second axis and the indices k as the third axis gave the best

results.

Configuration 1 Configuration 2

IO e 4.0545 4.1208 4.1163 4.1028 4.1562 4.1546 4.1581 4.1616 100
I e 3.7581 3.7584 3.7564 3.7531 3.3805 3.3803 3.3837 3.3862 100
3.7106 3.7134 3.7116 3.7094 3.4593 3.459 3.4606 3.4632 96.83
I NG e )| 3.6576 3.6598 3.6580 3.6576 3.4203 3.4201 3.4218 3.4252 100
3.5944 3.5958 3.595 3.5934 3.3011 3.3013 3.3033 3.3075 100
OICL N EIIC I 3.4638 3.4643 3.4628 3.4612 3.1978 3.1984 3.2011 3.2049 100
LG E ] 4.1474 42098  4.204 41899 4.0978 4.0962 4.1008 4.1027 100
3.977 3.977 3.9737 3.9724 3.3165 3.3165 3.3207 3.3238 100
Slider_Close 37137 3.7456 3.7429 3.7205 3.6214 3.6197 3.6204 3.6245 100

PN 3.3644 3.3657 3.3657 3.3633 3.143 3.1431 3.1464 3.1488 100

Sequences

Percetage sequence compressed

Table 27.  Compression ratios achieved using the 2 configurations and 4 permutations of the axes.
Moving forward, PPMD + GPCC will refer to the results achieved with GPCC configuration 1
and indices k as the first axis, component y as the second, and x as the third axis. All the
PPMD + GPCC results henceforth for Outdoors_Running_1 are achieved for 96.83% of the
total events as the GPCC encoder can handle values only for single point floating resolution
and the polarity 0 events exceeded the permissible limit. To avoid lossy compression, the

sequence was truncated.
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Configuration taken from Martini et. al.,
Original Number of |

PPMD + GPCC
Sequences

events
Number of events | Percentage events | Number of events | Percentage events
compressed compressed compressed compressed

21443227 21443227 100 21443227 100
21554500 17404211 80.75 21554500 100
30509927 26706841 87.53 29541919 96.83
24587989 18744456 76.23 24587989 100
14276086 11826956 82.84 14276086 100
6843927 5393553 78.81 6843927 100
20105490 20105490 100 20105490 100
4912273 3769614 76.74 4912273 100
1380337 1380337 100 1380337 100
P 5030400 5030400 100 5030400 100

Table 28. Comparison of number of events compressed using configuration taken from Martini et. al. In [7],
and PPMD + GPCC

Table 28 compares the number of events compressed using the compression techniques and
configurations similar to Martini et. al., in [7] and PPMD + GPCC compression. Using the
PPMD + GPCC compression method, all the data sequences except Outdoor_running_1 were
compressed completely. In Outdoor_running_1, the number of events compressed has in-
creased in PPMD+GPCC from 87.53% to 96.83%.

PPMD + Compression by Point Cloud Compres-

Sequences GPCC of truncated sion (IEEE ACCESS
GPCC

event sequences 2022) [7]

Boxes_Rotation 4.1208 4.9095 5.35
Dynamic_Rotation 3.7584 4.1939 4.99
Outdoors_Running _1 3.7134 4.1641 3.97
Outdoors_Running _2 3.6598 4.0566 4.46
Outdoors_Running _3 3.5958 3.9979 4.67
Outdoors_Walking 3.4643 3.8172 3.84
Poster_Rotation 4.2098 5.0211 5.44
Shapes_Rotation 3.977 4.4376 4.39
Slider_Close 3.7456 4.1558 3.62
3.3657 3.7267 3.66

Table 29.  Comparison of results achieved using the proposed method, compressing the partial results with
configuration same as Martini et. al., and results achieved by Martini et. al., in [7]

Table 29 compares the results achieved using PPMD + GPCC compression, compression of
partial events using the GPCC configuration from Martini et.al., in [7] and results achieved by
Martini et. al., in [7]. The best results are marked in bold. The results achieved by us using the
PPMD + GPCC exceeded in the sequence Slider_Close than the results achieved in [7].

Considering results after compressing event data using 1-D encoders and 3D encoder pro-
posed in this thesis, Table 30 is formulated. As seen from this table, results obtained from 1D
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encoders are better for almost every sequence than the results obtained using the
PPMD+GPCC encoder. We note that all the results obtained in this table are verified for
perfect lossless reconstruction and are obtained on the same data. Table 30 also compares
the compression + decompression time required by the encoders. The 3D encoders are on
average 60 times slower than the 1D encoders, making 1D encoders more suited for real-time

|
Sequence Proposed |Proposed Sequencg)duratlon Proposed |Proposed

Boxes_Rotation 55101  5.1859  4.1208 5 11.5 13.2564  801.9913
Dynamic_Rotation 3.6509  3.6797  3.7584 20 13.801  10.9433  790.1254
OGRS 3.8044  3.8003  3.6832 20 16.4405  16.4158  1149.8224
ONGEOERI PR 3.7277 37476 3.6598 20 13.5265 13.2171  906.581
Outdoors_Running _3 [f! 3.6006  3.5958 20 77926  7.8524  508.6693
OGEEERIEI T 34378 3.4769  3.4643 20 4.4948 48842  233.2703
Poster_Rotation 53295  5.0331  4.2098 5 11.6461  13.3347  748.8237
Shapes_Rotation 33516 33976 3.977 20 3.6116 56343  161.2724
Slider_Close 43637  4.1936  3.7456 3 2.0504 23815  46.0807
34325  3.4678  3.3657 10 3.964 41704  175.8259

applications.

Table 30. Comparison of Compression ratio and Compression + Decompression Times of 1D and 3D en-

Table 31.

coders
Considering Table 22 and Table 29, and the results achieved by Martini et.al., in [7], Table 31
is formulated. However, we stress again that the results of [7] are obtained with a version of
GPCC that is not available anymore, and hence we could not reproduce their results.

Previously Achieved Results Results achieved in thesis
Sequence

LZMA (Access | Spike Coding ;oo:trggil:n
2020) [4] (DCC 2018) [2] P

(Access 2022) [7]
Boxes_Rotation 492

5.35

Proposed Proposed PPMD +
Method 1 Method 2 GPCC

4.95 5.5101 5.1859 4.1208

3.34 385 499 3.6509 36797 3.7584
325 368 397 38044 3.8003 37134
341 39 4.46 37217 37476 36598
349 397 467 3561 3.6006 35058
311 354 3.84 34378 34769 3.4643
477 4.88 5.4 53205 5.0331 4.2008
3.04 378 439 3.3516 3.3976 3977

Slider_Close 3.19 3.84 3.62 4.3637 41936 3.7456
[ Urban  [EEEEERE 345 3.66 34325 34678 3.3657

Comparison of compression ratio of previously achieved results and results achieved by proposed
methods.
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OUTDOORS_RUNNING _3
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= PPMD + GPCC

Figure 15.

Figure 15 summarizes the comparison of results achieved using the proposed 1D and 3D

encoders in visual format.

Table 32 compares the compression speed and decompression speed of 1D encoders. The
values are in MB/s. The average compression speed required by proposed method 1 is the
fastest, while the average decompression speed achieved by Khan et. al., in [4] using LZMA

is the fastest.

Figure 16 and Figure 17 summarize the comparison of compression and decompression
speeds of the State-of-the-art 1D encoder and specialized event data encoder with the results

0

1

2

® Proposed Default Method 2

3.3657
3.4678
3.4325

3.7456
4.3581
4.5239

3.977
3.3919

3.3516 |

4.2098

|
3.4643
3.4769
3.378

3.5958
3.6006
3.561

3.6598
3.7476
' 3.7277

3.7134
3.8003
3.8044

3.7584
3.6797
3.6587

4.1208

3 4

5.1172
5.3941

5.3004
.5989

5

m Proposed Default Method 1

achieved by using the proposed 1D encoders in this thesis visually.

Comparison of Compression Ratio achieved using 1D encoders and 3D
encoders in visual format.
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DCC 2018) [2 2020) [4] Method 1 | Method 2 | (DCC 2018) [2 2020) [4 Method 1 | Method 2
Boxes_Rotation 9.45 9.87 24.15 21.63 74.25 77.3 38.61 32.21
Dynamic_Rotation 8.21 8.35 17.98 21.88 52.25 54.7 40.95 56.31
Outdoors_Running A 8.05 8.21 19.88 21.28 48.65 53.65 58.63 49.37
Outdoors_Running _2 8.25 8.52 19.98 20.68 54.28 56.19 53.46 53.1

Outdoors_Running _3 8.38 8.37 2113 20.41 55.18 56.54 47.84 50.62
Outdoors_Walking 7.75 8.36 17.42 16.07 47.97 51.37 40.53 37.09
Poster_Rotation 9.38 9.72 23.16 20.18 73.11 75.12 34.22 29.98
Shapes_Rotation 7.92 8.23 16.07 9.014 47.33 49.83 33.71 30.83
Slider_Close 9.25 9.9 8.6 717 49.47 50.69 14.4 13.13

7.87 15.53 13.98 47.89 51.08 29.33 31.14

8.5
Average: | 8451 | 8803 | 1839 [ 173 | 55038 | 7647 | 3047 [ 3838 |

Table 32. Comparison of compression and decompression speeds of previously achieved results and re-
sults achieved by proposed methods.

The Compression Speed (CS) and the Decompression Speed (DS) are calculated using the
formulas given below where Tc¢ is the time required for compression and Tp is the time required

for decompression.
Nepents X 8
CS = % bytes/s
[
Nepents X 8
DS = % bytes/s
D
Compression Speed (MB/s)
30
25
20
15
10 N
———C— ®
5
0
N N N % > & N QS [ Q
Q) S O RS O o )
oq‘? & (\\o% ’ (-\\o% ’ {\\o"o ’ $§¢ 633“‘ o@}‘ ® RN
<& < & QS N < S e
&7 % N N N &7 &7 &7 &
& o'b& 7 7 7 @00 & &
N ,@>° &o ‘&o o® i)
o® o° o°

=@="Spike Coding (DCC 2018) [2] ==@==LZMA (Access 2020) [4]
==@==Proposed Method 1 ==@==Propose Method 2

Figure 16. Comparison of compression Speeds from previously achieved results
and results achieved by proposed methods.
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Decompression Speed (MB/s)
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Figure 17. Comparison of Decompression Speeds from previously achieved results

and results achieved by proposed methods.
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4. CONCLUSIONS

In this thesis, we explore various compression techniques that could potentially compress the
event data in a lossless manner. Event cameras have been introduced quite recently in the
world of electronics, and they can capture data at a higher temporal resolution, higher dynamic
resolution and with low power consumption. The high temporal resolution results in a higher
amount of data, which lowers the efficiency with which the data can be stored and transmitted.

This thesis focussed on overcoming this issue by the use of lossless compression techniques.

In the first part of the thesis, we investigated how the existing compression techniques were
used by doing a literature survey. With this survey, we understood what techniques were rel-
atively effective and the limitations these techniques had. We also studied the advantages and

the limitations of the state-of-the-art techniques developed by the researchers.

In the second part of the thesis, we investigated the use of the 1D encoders available at our
disposal and found the combinations that provided the best results. We compressed the indi-
vidual event data components with a compression technique that required the least number
of bits per event without having to separate the polarities. Using this method, we were able to

achieve results almost as good as the state-of-the-art encoding techniques.

In the next part of the thesis, we compared the results of the best combinations of 1D algo-
rithms when encoding separately the files of a given event polarity, which made the encoding
of the “polarity” element of the data unnecessary. The results achieved were as good as the
results achieved without separating the polarities, the compression and decompression speed

were also almost the same.

In the last part of the thesis, we shifted our focus to the 3D encoder GPCC. After understanding
the limitations of the existing implementation of the GPCC encoder, a combination of PPMD
and GPCC encoding was implemented. The results achieved were as good as the results
achieved through 1D encoding. However, the compression and decompression speeds were

significantly slower than those of the 1D encoders.

Table 33 summarizes the compression ratios and decompression speed in seconds of the

three implemented methods in this thesis.
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Method 1 | Method 2 | GPCC | Method 1 | Method 2| GPCC
Boxes_Rotation 5.5101 5.1859 4.1208 4.4431 5.3259  406.3319
Dynamic_Rotation 3.6509 3.6797 3.7584 4.2114 3.0624 395.0591
Outdoors_Running _1 [X:1Z7] 3.8003 3.7134  4.1633 4.9438 554.6839
Outdoors_Running _2 [EEEN#Ig 3.7476  3.6598  3.6792 3.7042  472.008
Outdoors_Running _3 [BEEs}| 3.6006 3.5958  2.3873 2.2562 282.0022
Outdoors_Walking 3.4378 3.4769  3.4643 1.351 1.4761  128.3934
Poster_Rotation 5.3295 5.0331  4.2098  4.7007 5.3642 403.9383
Shapes_Rotation 3.3516 3.3976 3.977 1.1658 1.2746  80.3368
Slider_Close 4.3637 4.1936  3.7456 0.767 0.8412  23.26866

3.4325 3.4678 3.3657 1.3722 1.2924 89.899

Average: | 5.5101 | 51859 | 41208 | 258241 | 29541 | 283.5021]

Table 33. Comparison of compression ratios and decompression speeds of the 3 proposed methods

As can be seen from the table, the proposed method 1 or proposed method 2 can be used for
compression according to the requirements. To achieve fast decompression, either method is
suited. 3D compression can be used most efficiently for sequences with low event density.
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