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ABSTRACT 
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May 2023 

 

This master's thesis investigates the problem of lossless compression of event data and optical 

flow images from event cameras. Event cameras are novel sensors capable of capturing high-

speed motion with low latency and power consumptions. However, their high data rate and 

continuous data flow pose challenges in terms of storage and transmission. The proposed 

compression methods leverage the sparsity and temporal correlation present in event data and 

optical flow images to achieve high compression ratios while preserving the information content. 

The effectiveness of the proposed methods is evaluated using real-world datasets and com-

pared with existing compression techniques. Optical flow images are generated using a pre-

trained neural network and compressed thereafter using image codecs. Methods like scaling 

and quantization prove vital in doing the same. The results demonstrate the best methods to 

compress and transmit flow images and event data and have potential applications in fields 

such as autonomous driving, robotic machinery, augmented reality and motion compensation. 
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1. INTRODUCTION 

Event cameras, also known as Dynamic Vision Sensors (DVS), have gained 

significant attention in recent years owing to their high temporal resolution, low 

power consumption, and robustness to motion blur [1]. These properties make 

them well-suited for a lot of applications, such as robotics, surveillance, and 

self-driving vehicles. However, the high data rate generated by event cameras 

poses a significant challenge for storage, transmission, and processing.  

This thesis aims to address the challenge of event camera data compression by 

exploring various compression techniques and their effectiveness on event 

camera data. The goal of this research is to research a compression method 

that can significantly reduce the data rate of event cameras while preserving the 

important visual information. Event camera data is foundationally different from 

traditional frame-based image data, since it is a stream of asynchronous events, 

each representing a change in the brightness of a pixel in the image [2]. This 

difference in data representation poses a significant challenge for compression, 

as traditional compression methods are not well-suited for event data. 

In this thesis, we will investigate different lossless compression techniques, to 

compress event camera data. We will also explore optical flow, it’s applications 

and the use of machine learning to generate optical flows for the event camera 

data. 

The effectiveness of the proposed compression methods will be evaluated us-

ing compression ratio and comparison against similar experiments by others [1]. 

The aim is to attain a high level of compression ratio while maintaining a low 

reconstruction error and high visual quality. The results of this research will 

have significant implications for event camera applications, as it will enable the 

efficient storage, transmission, and processing of event camera data. 

In summary, this thesis aims to investigate various compression techniques for 

event camera data and develop a method that can efficiently reduce the data 

rate while preserving the important visual information. Furthermore, it will dis-
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cuss optical flow, it’s applications and finally provide compression methods for 

the optical flows as well.  
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2. BACKGROUND 

2.1 Event Cameras 

An event camera, also called a neuromorphic camera or dynamic vision sensor, 

is of much interest to the scientific community. It differs from a traditional cam-

era in the sense that it does not capture two dimensional images. Instead, it 

captures three-dimensional events. This is done by using a sensor that can de-

tect variations in the intensity of the received light at each pixel location. On the 

occurrence of an event, the sensor records pixel location and the polarity of the 

intensity change. Using this property makes event cameras a great tool to use 

in applications involving moving objects. According to Khan et. Al,[2] event 

cameras mirror the visual processing properties of alive organisms. This means 

that they capture only scene reflectance changes. As mentioned by Guillermo 

et. Al, [1] event cameras are asynchronous sensors that will change the way we 

think of acquiring visual information. Because they gather light data in accord-

ance with the movements of the scene being observed, compared to conven-

tional cameras, event cameras possess some advantageous characteristics 

such as superior temporal resolution (measured in microseconds), a wide dy-

namic range (about 80 dB higher compared to traditional cameras), low power 

usage, and high pixel bandwidth. As a result, they can be used to minimize mo-

tion blur. 

 

Figure 1. Comparison of frames obtained from an event camera (right) to a 

conventional camera (left) [1] 

Based on Zhu et al., [3] whenever there is a modification in a pixel, the dynamic 

vision sensor produces an event denoted as e = (x, y, t, p). This event includes 
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the location coordinates of the pixel where the intensity modification occurred (x 

and y), the exact time when the change in brightness occurred (measured in 

microseconds and referred to as t), and the polarity of the change (referred to 

as p) which indicates the pixel becoming darker (0) or brighter (1). Numerous 

developments have been made in the realm of deep-learning methodologies 

and applications for frame-based jobs, which have been investigated in the con-

text of an event-based imaging system as well. Event cameras have also been 

employed for tasks such as detecting objects, estimating visual odometry, pre-

dicting optical flow and depth. Even though event-based cameras demonstrate 

their superiority in challenging conditions, under normal circumstances, RGB 

cameras are still superior in terms of performance. [4]. 

DVS have many extremely useful applications and can change how we ap-

proach problems in the future. This following section presents some of these 

examples. 

2.2 Application of DVS 

We survey below a range of applications of the event cameras, that benefited 

most of the superior time resolution.  

1. Robotics – Dynamic vision sensors can provide real-time visual data for ro-

botic applications such as navigation, object detection and object tracking. Uti-

lizing the extremely high temporal resolution of DVS, robots can have much bet-

ter response times to stimuli. 

2. Surveillance – DVS can be used for monitoring and security purposes in vari-

ous settings such as airports, public places including malls, parks, etc and even 

private properties. 

3. Automotive – By far the most promising application for DVS in the industry 

currently is with self-driving automotives. DVS can be of great use in driver as-

sistance systems and autonomous vehicles to provide real-time visual data for 

obstacle/pedestrian detection, navigation and also lane keeping. 

4. Augmented and Virtual reality – DVS when attached to a user’s head can 

help track and respond to the user’s movement, allowing for a more immersive 

experience in AR and VR applications. 
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5. Industrial Automation – Dynamic Vision sensors can also be used in industri-

al settings to track and inspect products on an assembly line, monitor equip-

ment for maintenance and safety, and assist in automating manual tasks such 

as welding and painting. 

2.3 Advantages of Event Cameras 

Standard cameras can be surpassed by event cameras in terms of various po-

tential benefits.: 

High Temporal Resolution: Dynamic Vision Sensors (DVS) have high temporal 

resolution because they capture visual data as a stream of events rather than 

traditional frame-based images. Each event represents an alteration in the in-

tensity of a pixel in the image, rather than a snapshot of the entire image. The 

high temporal resolution of DVS is achieved by utilizing silicon photodiodes 

which are sensitive to variations in light intensity instead of absolute light inten-

sity. These photodiodes can detect changes in light intensity with extremely 

high temporal resolution, on the “order of microseconds” [37]. The high temporal 

resolution of DVS facilitates fast and accurate visual data acquisition in dynamic 

environments, making them fitting for real-world applications including robotics, 

surveillance, and autonomous vehicles [5]. 

Low Latency: In an event camera, every pixel operates autonomously, and 

there is no requirement to pause for a “global frame exposure time” [6]. The 

moment a change is identified, it is transferred immediately. Consequently, 

event cameras have very low latency, approximately “10 µs”  in a laboratory 

setting, and less than a “millisecond” in practical scenarios [1]. 

Low Power: Since event cameras only communicate brightness change and 

remove surplus data, power is used only to handle the changing pixels. Typical-

ly, cameras consume roughly 10 mW of power, although there are some proto-

types that require less than 10 µW. When an event camera is embedded in a 

system and directly connected to a processor, the overall power consumption 

(including sensing and processing) has been observed to be 100 mW or lower 

[7]. 
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High Dynamic Range (HDR): Event cameras possess an extremely “high dy-

namic range of over 120 dB, surpassing the 60 dB of high-quality frame-based 

cameras” [1]. As a result, they can capture visual information across a vast 

range of illumination levels, from moonlight to daylight [2]. The logarithmic scale 

operation of photoreceptors in the pixels and the independent operation of each 

pixel contribute to this capability, allowing event cameras to adapt to stimuli that 

are very dark or very bright, akin to biological retinas. 

Robustness to motion blur. DVS are not affected by motion blur, which can be a 

problem in traditional cameras while capturing fast moving objects. Since DVS 

cameras solely record an event in the event of a modification in the brightness 

of the scene, fast-moving objects will generate a large number of events, allow-

ing the sensor to accurately track the object's movement. In traditional frame-

based cameras, fast-moving objects will result in motion blur, as the camera 

takes a single snapshot of the scene, and the object will have moved during the 

exposure time. 

2.4 Datasets and data format 

For conducting experiments to compress event camera data, many different 

datasets are available. For this thesis, the PKU-DVS dataset and the DAVIS 

dataset were chosen. The former has been developed by National Engineering 

Laboratory for Video Technology (NELVT), Peking University [20]. This dataset 

consists of 2 different classes of data: indoor and outdoor. They have 7 and 6 

datasets, respectively which capture scenes with moving objects. Some exam-

ples of this are pedestrians, a moving football, traffic etc. The latter is a public 

dataset which provides a set of high-speed video sequences with pixel-level 

ground truth annotations, captured under a variety of lighting conditions and 

scene dynamics. The dataset includes different types of events, such as object 

motion, brightness changes, and occlusions, and it covers a range of scene 

types, such as indoor and outdoor environments, traffic scenes, and human ac-

tivities. 

The format of the data is called AER which stands for Address Event Represen-

tation [6]. According to this format, each event captured by the event camera is 
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denoted by a tuple consisting of four elements: (x, y, t, p). The position of the 

pixel where the change in brightness occurred is represented by x and y, while t 

denotes the exact time of the event, measured in microseconds. Finally, the 

polarity of the change is indicated by p, which specifies whether the brightness 

increased or decreased. This format of data compresses all the information re-

quired for event data into 64 bits for each event. Within the 64 bits, x and y oc-

cupy 8 bits each, timestamp occupies 32 bits, a flag takes 1 bit which repre-

sents the polarity. Figure 2 shows an exact specification of AER data format.  

Figure 2. Image representation of the AER data format reproduced from [6] 

2.5 Relevant Compression Methods 

2.5.1 Spike Coding 

The data obtained from event cameras is commonly referred to as spike data, 

owing to the spiking nature of the event generation process. Spike records are 

significantly distinct from the standard frame-based records. In order to com-

press this type of data, Bi et al. introduced a new technique called "spike cod-

ing" [8]. Spike coding is a cube-based coding framework that involves dividing a 

DVS sequence into numerous macro-cubes in the temporal domain, each hav-

ing “the full spatial resolution of the pixel array” [8]. Subsequently, each macro-

cube is divided into smaller cubes in a spatially distributed manner. Further de-

tails on this partitioning technique are presented in Figures 3 and 4. 

The encoding process of a single spike cube involves two types of coding: spike 

location coding and spike polarity coding. Initially, the macro-cube is configured 

to the largest time-length, which is the source of the binary tree. Subsequently, 

“if the number of spikes in each node is less than a predefined threshold”, it is 

equally divided into two smaller macro-cubes using a recursive process starting 

from the root [8]. The 'split flag' is used to encode each node, indicating whether 

the current macro-cube will be split or not, as demonstrated in Figure 4. 

Spike patterns are categorized into two types: “spatial-centralized and spatial-

decentralized”, based on their position [8]. Moving objects tend to generate spa-
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tial-centralized spikes from adjacent pixels in a DVS. On the other hand, varia-

tion in luminance tends to generate spikes globally, leading to spatially decen-

tralized patterns. To encode these two different classes of patterns, Bi et al pro-

posed two methods: time-prior (TP) mode and address-prior (AP) mode, re-

spectively. 

 

Figure 3. Dividing macro-cubes into smaller spike-cubes from (Bi et al 2018 [8]) 

 
Figure 4. Adaptive macro-cube partitioning structure from (Bi et al 2018 [8]) 

The AP mode transforms the event camera data into a location histogram, 

which indicates the total amount of spikes at every pixel in the XY plane. After 

dividing this histogram into blocks, it is encoded using a context-based arithme-

tic coder. The context is updated adaptively with the help of adjacent blocks 

used as references. The current block's context is adjusted with the assistance 

of location histogram blocks from the preceding spike-cube. Discrete symbols 

are used to encode occupied blocks of the location histogram counts. The AP 

mode capitalizes on the smoothness of luminance changes over time, using the 

time intervals involving successive spikes for a given pixel to predict the occur-



11 

 

rence time of the subsequent spike. Thus, “the timestamps of the spikes fired at 

each pixel are differentially coded sequentially” [8].  

In the TP mode, first the centre point is calculated since the spike-cubes being 

processed in this way are spatially centralized. The centre point is calculated 

using formula 1 [10]:  

xc
*,yc

* = arg min(xc, yc)∑i(|xi – xc| + |yi - yc|).                        (1) 

 

 
Figure 5. Location histogram map (empty blocks are denoted by white) and the 

location histogram counts [8] 

                                              

In spatial terms, the spike address (xi,yi) represents the location of a spike in the 

DVS sensor. The centre point of the spike cube can be encoded either directly 

or differentially, by referring to the centre point of the previous spike cube. Since 

these spikes are centralized, their offset from the centre point forms a motion 

vector, which is then compressed using an entropy coder. 

Figure 6. Motion vector of spikes to the centre from (Bi et al 2018 [8]) 

The dataset used here is PKU-DVS dataset. In summary, spike coding achieves 

“an average compression ratio of 19.51 against the original dataset” [8]. 
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2.5.2 Comparison of lossless methods 

Many approaches exist for compressing data. Since soon, services performed 

by DVS sensors will primarily be executed on the cloud/edge computing, the 

event data would need to transmit to the cloud. Khan et al. have implemented a 

multitude of existing compression technologies on event camera data for com-

parison [2]. They present a concise diagram on how to classify these methods 

and how many there are. This is presented in figure 7. 

 

 
Figure 7. Potential compression strategies for DVS data from (Khan et al 2020 

[2]) 

In the DVS specific compression approach, they mentioned Spike coding which 

is provided in more detail in section 2.4.1. Entropy encoding is a fundamental 

compression strategy that can be applied to all data. This is the reason that for 

most compression strategies, entropy encoding is used in the last compression 

step [2]. The concept underlying entropy encoding to utilize a reduced number 

of bits for data that appears more frequently, while using a “larger number of 

bits to represent data that occurs less frequently” [32]. This is based on the ob-

servation that, in most data sources, some values occur much more frequently 

than others. There are several entropy encoding techniques, including Huffman 

coding, arithmetic coding, and Run-Length Encoding (RLE). These methods 

work by creating a frequency table of the input data and using that table to as-

sign shorter codewords to more frequent values and longer codewords to less 
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frequent values. The result is a compressed representation of the data that can 

be decompressed back to its original form with no loss of information. Huffman 

encoding is a type of encoding that assigns variable-length codes to symbols 

based on their occurrence frequency in the input data. Whereas, arithmetic cod-

ing converts a sequence of symbols into one number, which is then com-

pressed by representing it with fewer bits [1]. Dictionary-based compression is a 

method of data compression that involves replacing frequently occurring data 

patterns or sequences with references to a dictionary of known patterns. The 

dictionary is usually created dynamically during the compression process and 

can be stored along with the compressed data to allow for later decompression. 

Dictionary-based compression are methods that replace common data patterns 

with smaller references which in turn reduces the total size of the data. Most 

dictionary-based compression methods work by identifying repeated patterns in 

the input data and replacing them with references to a common dictionary. The 

LZ77 [11] compression algorithm maintains a buffer of the previous N bytes of 

the data being processed. This buffer is treated as a dictionary where all possi-

ble substrings of N bytes are stored as entries. There are more advanced dic-

tionary-based compression methods, such as LZMA [12], Zstandard (Zstd) [13], 

Zlib [14], and Brotli [15], that use complex data structures and large dictionaries 

to achieve higher compression ratios. These advanced methods use multi-step 

encoding to achieve better compression. For example, LZMA uses multiple lev-

els of compression, starting with dictionary-based encoding and then using an 

adaptive binary range coder. In contrast, Zstd employs a combination of dic-

tionary-based coding and a hybrid entropy coder, which offers fast compression 

and consists of both Finite State Entropy [16] and Huffman coding. Brotli uses 

second order context modeling and Huffman coding along with dictionary-based 

encoding. Similarly, Zlib employs LZ77 and Huffman coding, allowing users to 

adjust the size of the sliding window buffer to optimize the balance between 

compression ratio and speed [1]. 

The authors of [17] proposed a compression algorithm for time-series data 

called Sprintz, which is suitable for resource-limited devices. This method 

achieves high compression rates with minimal memory usage (less than 1KB) 

and low latency. Sprintz exploits correlations between consecutive samples in 
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time-series data. It employs a predictor, known as Fast Integer Regression 

(FIRE), to encode the difference between the actual sample and the predicted 

sample. The prediction residuals are then processed using a bit-packing algo-

rithm and Huffman coding. This combination of predictive coding (FIRE) and 

Huffman coding is called Sprintz-FIRE. To balance compression speed and ra-

tio, Sprintz has different variations, including Sprintz-Delta, which utilizes delta 

coding for faster compression without Huffman coding, and Sprintz-Delta-Huf, 

which utilizes delta coding and Huffman encoding for better compression at the 

expense of lower compression speed. 

Fast integer compression techniques are widely recognized for their high-speed 

compression and decompression capabilities, making them particularly well-

suited for the encoding and decoding of vast quantities of integer arrays used in 

applications such as search engines and relational databases [17]. Some of 

these methods are SIMDBPI [18], Memcpy, FastPFOR [18] and SNAPPY [19]. 

Khan et al.’s experiment to compare different compression strategies made use 

of the DAVIS dataset [21] and PKU-DVS dataset [20]. The former was used for 

scenes with a mobile sensor while the latter for static sensor. In cases where 

the DVS is stationary, spike events are generated due to changes in lighting 

conditions caused by object movements in the scene. The dataset under con-

sideration is categorized into two classifications, indoor and outdoor scenarios, 

with each scenario captured with varying circumstances. For example, the out-

door scenarios include day-time, night-time, and different types of movements, 

such as slow pedestrian movements and fast vehicle movements. Similarly, 

indoor scenarios feature various types of object movements, like the movement 

of a pendulum and human jumping movements. Table 1 reports the duration of 

each sequence, along with the spike event frequency, measured in Kilo-events 

per second “(Kev/s)”, for all the indoor and outdoor scenarios. [1] 

 The DAVIS dataset was created to support computer vision and robotics 

applications that require high speed and high dynamic range in both indoor and 

outdoor settings. Along with providing visual output in the form of spike event 

streams and intensity images, the dataset also includes information on the 

sensor speed. The dataset covers a wide range of motion types (angular and 

linear) and dynamic range for both indoor and outdoor scenarios. Additionally, 
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the inclusion of intensity images enables the computation of scene complexity 

[22] for various scenes. [1]. Table 2 displays the sequences used to evaluate 

the compression performance, which vary in content complexity and sensor 

speed. The event rate is higher for scenes with greater complexity and faster 

sensor speeds, as reported in [22]. For example, “the Boxes sequence has an 

event rate of 4288.65 Kev/s”, while the Shapes sequence has a bandwidth of 

only “245.61 Kev/s” due to the sensor's slow speed and low content complexity. 

Information regarding the scene convolution and speed of the dataset can be 

found in [22]. 

 

Table 1. Dataset information from PKU-DVS dataset [20] 

 

 

Table 2. Dataset information from DAVIS dataset [21] 

Many different metrics were tracked for comparison in this experiment. This 

thesis aims only to target the compression ratios of different compression meth-

ods. All other metrics and factors mentioned by Khan et al. [2] are out of the 

scope of this paper. Based on experiments conducted, it was concluded that 
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spike coding and dictionary-based approaches provide the best lossless com-

pression ratios. 

2.5.3 TALVEN 

Khan et al. developed a compression method for event camera data called 

TALVEN, which stands for Time Aggregation based Lossless Video Encoding 

for Neuromorphic Vision sensor Data. [8] provides a mathematical analysis of 

the DVS spike firing mechanism, identifying two key features: 

1) when there is a gradual rise or fall in luminance intensity on a particular pixel, 

it results in temporal connections between successive events, and 

2) neighbouring pixels receive similar luminance intensities at the same time, 

indicating the presence of spatial redundancies. 

These characteristics reveal that DVS spike sequences possess both temporal 

and spatial correlation, which makes them suitable for video compression. In 

video compression, redundancies in spatial, temporal, and numerical domains 

are utilized to encode data more efficiently. To take advantage of video com-

pression techniques, the DVS event stream is transformed into a video-like for-

mat that exhibits strong temporal and spatial correlation. Figure 8 illustrates the 

fundamental components of this approach, “where the DVS spike event se-

quence is transformed into synchronous video frames” [33]. 

Figure 8. Block Diagram for TALVEN from (Khan et al 2021 [23]) 
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To take advantage of the benefits of reducing data size by event aggregation 

over time, the DVS spike event stream can be transformed into a series of 

frames, with each frame having the full pixel array resolution. This conversion is 

achieved by maintaining a record of the position histogram count, which repre-

sents the amount of events at each pixel. For example, Figure 9 illustrates the 

location histogram count in four different scenarios with varying temporal resolu-

tion factors of 1, 2, 5, and 10 milliseconds. When the time resolution is 1 milli-

second, there are 36 events with 36 bytes in total. Each pixel has one event, 

and every event count is shown with a byte. If the resolution is 10 milliseconds 

and there are 222 events, the amount of storage space needed to represent 

them stays the same. As a result, transforming the spike sequence into a frame 

that displays the event count at each pixel naturally decreases the amount of 

data. [23]. 

The event counts are calculated separately for positive and negative polarities. 

Doing this provides each frame to have full resolution of pixel array and in-

creases temporal correlation between frames of the same polarity. 

To enhance interframe correlation, frames of each polarity at the same time are 

combined to form a superframe. Although this doubles the size of the frame, it 

provides greater temporal correlation and includes information about polarity, as 

well as increases the maximum limit of event count. Despite the larger size, the 

benefits of superframes lead to minimal impact on potential compression gains. 

 
Figure 9. Event frames showing event count at different time resolutions from 

(Khan et al 2021 [23]) 
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Once the superframe is generated, the following step is to use video encoding 

to represent each superframe as a video frame. The superframe contains all the 

pertinent spike sequence data, and interframe and intraframe coding are em-

ployed for these superframes [23]. In interframe coding, a reference frame is 

used to predict the current frame via clock-based motion compensated predic-

tion (MCP) technique. The current frame is divided into blocks, and a motion 

vector is identified for each block in the current frame based on the address of 

the corresponding block in the reference frame. 

The residuals of intraframe or interframe encoding are compressed using entro-

py encoding, followed by encapsulation using NAL (Network Abstraction Layer). 

NAL units are versatile as they can be mapped to various transport and network 

layer protocols like RTP/IP and TCP/IP. They can be packed in multiple ways, 

such as packet-stream format for transmission and byte-stream format for stor-

age. NAL also aims to ensure resilience against data loss through various 

transmission modes like out-of-band and in-band transmission. 
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Figure 10. TALVEN Algorithm from (Khan et al 2021 [23]) 

Their experiments utilized the DAVIS dataset. It was concluded that, compared 

to traditional methods, TALVEN performed better in most cases after a certain 

time aggregation was achieved.  

2.5.4. Optical flow 

Optical flow, also called optic flow or the optical flow constraint [34], is the ap-

parent movement of objects in an image resulting from the movement of the 

observer in relation to the observed scene [24]. In computer vision, optical flow 

is generally defined as the two-dimensional vector field that describes the ap-

parent motion of pixels between two consecutive frames in a video sequence 

[35]. Accurate estimation of optical flow is crucial in computer vision, as it pro-

vides information about scene motion, object motion, and camera motion. To 

mathematically formulate optical flow, the motion of each pixel in the image is 
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modelled as a function of time and space, and the parameters that best de-

scribe this motion, given the constraints of the optical flow equation, are deter-

mined. In practice, optical flow estimation is usually based on either a variation-

al approach or a learning-based approach, both of which aim to find a mapping 

from image intensity at time t to image intensity at time t+1. 

Event cameras have a unique application in estimating optical flow, as they can 

capture precise timing information for each pixel change, allowing for the direct 

encoding of detailed motion information in the event stream [36]. Researchers 

have utilized this capability to develop optical flow estimation methods using 

event cameras. An example of this was shown by Benosman et al., where they 

showed that optical flow estimation could be achieved in a linear manner by 

fitting a plane around each event in a local window in the spatiotemporal do-

main. [25].  

Methods that don't require labelled data, known as self-supervised or unsuper-

vised, have shown potential in solving complex 3D perception tasks using neu-

ral networks. Hagenaars et al. proposed a novel self-supervised approach for 

estimating optical flow using spiking neural networks [26]. Their approach relies 

solely on a representation that includes the event count per pixel and per polari-

ty. This representation is filled with consecutive, non-overlapping partitions of 

the event stream called input partitions, each of which contains a fixed number 

of events, N. 

The event stream is partitioned into small portions, each containing the same 

amount of events, and then formatted in sequential order for input to the net-

work. Each partition produces an optical flow map that associates a motion vec-

tor with each input event. After processing a satisfactory quantity of events, a 

backward pass is conducted through a contrast maximization loss [27]. The 

contrast maximization approach is utilized to learn optical flows, where the ex-

act optical flow information is contained within the spatiotemporal misalignments 

between the events triggered by a specific section of the moving edge. To ob-

tain this information, motion must be compensated for by deblurring the event 

partition. The per-pixel optical flow “u(x) = (u(x), v(x))T” is used to propagate the 

events to a reference time tref through formula 2 [26]: 
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xi′ = xi + (tref − ti)u(xi).                                      (2) 

To create the spiking neural network architecture called EV-FlowNet, a modified 

version of the network proposed in [28] is used. This architecture consists of 

four layer with recurrent encoders executing strided convolution, followed by 

ConvGRU [29], which has output feeds that double after every encoder. Follow-

ing this, four decoder layers that utilize bilinear upsampling and convolution are 

aligned after which two residual blocks are added. Following each decoder lay-

er, there is a connection from the corresponding encoder layer that concate-

nates with the activations of the previous decoder. Also, a depthwise (1 × 1) 

convolution is added, which produces a “lower-scale flow estimate, that is then 

combined with the activations of the previous decoder. The Lflow loss is applied 

to each intermediate optical flow estimate via upsampling. All layers utilize 3 × 3 

kernels and ReLU activations, with the exception of the prediction layers that 

use TanH activations” [28]. 

Figure 11. Base neural network architecture used in this work from (Hagenaars 

et al 2021 [26]) 

The researchers conducted tests to evaluate their network architectures using 

the MVSEC dataset [30]. The “dataset was generated for each APS frame 

timestamp and scaled to reflect the displacement for either one (dt = 1) or four 

(dt = 4) APS frames. Optical flow predictions were produced at each frame 

timestamp by utilizing all events in the time window as input for dt = 1, or 25% 

of the window events at a time for dt = 4”, owing to the greater displacements 

[26]. The results of the experiment are shown in Table 3. Since EV-FlowNet has 

the smallest AEE, it is selected as the best network and is subsequently utilized 

in this study. 
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Table 3. Quantitative evaluation on MVSEC, table reproduced from Zhu et al. 

2021 [30]. Average Endpoint Error (lower is better) in pixels and the percentage 

of outliers. Best in bold, runner up underlined. 
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3. PROPOSED COMPRESSION STRATEGIES 

3.1 Compressing individual event streams using existing meth-

ods 

The first approach utilized in this study involves the isolation and compression 

of individual components of the dataset, namely x, y, timestamp, and polarity, 

separately. The primary objective of this method was to attain lossless com-

pression, which requires the same resolution after decompression. For DAVIS 

sensors, the resolution required is 240x180 pixels, as stated in section 2.4. The 

dataset used in this study provides AEDAT files that can be loaded and read 

into MATLAB for data extraction. In this baseline compression approach, each 

data stream was separately compressed using established compression tech-

nologies, namely PPmD, Bzip2, and LZMA. These algorithms were selected 

based on the findings in [2], as discussed in greater detail in section 2.4.2, 

which elaborates on the rationale behind their selection as the most effective 

options for lossless compression. 

LZMA is a lossless compression algorithm that combines LZ77 and LZ78 algo-

rithms with a Markov chain model to achieve high compression ratios, as ex-

plained in [2]. The algorithm first creates a dictionary of substrings present in 

the input data, which is used to identify and represent repeated substrings with 

a reference to their previous occurrence, along with the length of the substring, 

using the LZ77 algorithm [16]. The LZMA algorithm enhances this process by 

utilizing variable-length encoding to represent the reference and length infor-

mation, enabling more efficient compression of repeated substrings. The re-

maining uncompressed data is encoded using the LZ78 algorithm, which builds 

a dictionary of previously encountered sequences and represents new se-

quences with references to dictionary entries. Additionally, the LZMA algorithm 

uses a Markov chain model to predict the next character in the input data based 

on previous characters, and encodes it using a variable-length code, reducing 

the size of compressed data by exploiting the statistical properties of input data. 

The algorithm is highly configurable, allowing customization of parameters such 
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as dictionary size, match finder algorithm, and compression level. 7-Zip, WinZip, 

and WinRAR frequently use LZMA algorithm due to its high compression ratio 

and relatively fast decompression speed. However, the algorithm's high compu-

tational demands make it less suitable for low-power or resource-constrained 

devices. 

PPMD (Prediction by Partial Matching) is a lossless data compression algorithm 

that is based on statistical modelling and prediction of the input data. The algo-

rithm uses a combination of context modelling and adaptive probability estima-

tion to achieve high compression ratios. The PPMD algorithm works by building 

a model of the input data using a set of previous symbols. The model is based 

on the probability distribution of the symbols that occur in the input data given 

the context of the previous symbols. The context can range from a single sym-

bol to several symbols, depending on the size of the context window used by 

the algorithm [31]. The algorithm utilizes a range of different techniques to opti-

mize the model building and probability estimation process. For example, it em-

ploys partial matching to find the longest context that matches the current input 

data and then uses this context to predict the next symbol. Additionally, the al-

gorithm uses adaptive probability estimation, meaning that it adjusts the proba-

bility estimates for each symbol based on the actual occurrences of the symbols 

in the input data [31]. One of the advantages of the PPMD algorithm is its ability 

to adapt to the statistical properties of the input data, making it particularly effec-

tive at compressing data with complex patterns and structures. However, the 

algorithm is computationally intensive, making it less suitable for use in low-

power or resource-constrained devices. Additionally, the compressed data pro-

duced by the algorithm may be larger than that produced by other algorithms 

when applied to certain types of data with low entropy.  

BZip2 is a lossless data compression algorithm that employs statistical model-

ling and Burrows-Wheeler Transform (BWT) to achieve high compression rati-

os. The BZip2 algorithm utilizes a multi-step approach that involves applying the 

BWT to the input data to group similar characters together, followed using 

Move-to-Front (MTF) transform, Run-Length Encoding (RLE), Huffman coding, 

and selective BWT of smaller data blocks to compress the transformed data. 

The MTF transform encodes symbols based on their position in a symbol table, 
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while the RLE step compresses the data by encoding repeated sequences as 

symbol-length pairs. The Huffman coding step further compresses the RLE data 

by assigning shorter codes to frequently occurring symbols and longer codes to 

less frequent ones. The selective BWT step divides the transformed data into 

smaller blocks and applies the BWT to each block separately, enabling the al-

gorithm to handle larger data sets and improving the efficiency of the Huffman 

coding step. One of the notable strengths of BZip2 is its ability to effectively 

handle diverse data types and structures through the use of a large symbol ta-

ble for encoding the input data. 

 In this study, we utilized compression algorithms on each data stream in our 

dataset, specifically on the PKU dataset's pendulum data. Figure 12 displays a 

subset of the original pendulum dataset values, providing insight into the data's 

distribution across all data components within the AER data format. The dataset 

consists of 113,682 events in total. Additionally, Figure 13 illustrates the fre-

quency of each individual data stream. The non-linear pattern of the data is evi-

dent, as the first 500 events exhibit close proximity in coordinates, while the rest 

of the dataset may not follow this same pattern. 

In order to compress the datasets, the individual data streams were initially 

saved to disk as binary files, utilizing 16-bit integers for x and y coordinates, 

unsigned bits for polarity, and 32-bit integers for timestamps. Subsequently, the 

compression techniques were implemented on these files. 

After compression was achieved, the compressed files were decompressed and 

rechecked for any loss. Since this thesis only focuses on lossless compression, 

it was vital to perform decompression and equality check after the algorithms 

were applied. Following are the results from this experiment on the PKU da-

taset. 

It is evident that PPmD outperforms the other two selected compression algo-

rithms in the present study. This can be attributed to the fact that PPmD is a 

dictionary-based compression algorithm and the dataset used here exhibits a 

high degree of spatial correlation. Since events predominantly occur at the edge 

of the frame due to the moving scene, there are many points in the same 
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neighbourhood, and PPmD can effectively predict probabilities based on con-

text to compress the dataset. While PPmD generally yields better compression  

   
(a)                                                                (b) 

   
(c)                                                               (d) 

Figure 12. Original dataset value. The first 500 x-coordinates (a),  

y-coordinates (b), timestamps (c) and polarity (d) from Pendulum, PKU dataset 

results for x-coordinates, Bzip2 performs slightly better in certain cases, which 

can be attributed to the repetitive pattern of occurring coordinates. The intersec-

tion dataset demonstrates the highest repetition of x-coordinates, and Bzip2 

achieves nearly five times better bits per event ratio for this dataset. However, 

since Bzip2 is not optimal for compressing binary files, which is the file format in 

this study, it is not the best performing method. In contrast, LZMA performs 

slightly better for the pedestrian dataset due to its exceptional performance in 

compressing large data sets. 
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(a) 

 

(b) 

 

(c) 

Figure 13. Histograms showing frequencies of x-coordinate (a), y-coordinate (b) 

and polarity (c) values for Pendulum, PKU dataset 
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Sequence Number 
of events 

Original  
Size  
(bits) 

LZMA Bits 
per 
event  
LZMA 

PPmD Bits 
per 
event 
PPmd 

BZip2 Bits 
per 
event 
BZip2 

Waterdrop 11,563,243 185,011,888 1,960,584 0.1695 1,086,392 0.0939 1,378,720 0.1192 

Lighter 2,792,139 44,674,224 3,549,360 1.2712 3,912,296 1.4011 3,195,792 1.1445 

Football 9,745,101 155,921,616 11,153,432 1.145 10,709,328 1.0989 11,200,296 1.1493 

Jump 2,375,022 4,750,044 6,372,880 2.6833 6,320,872 2.6614 6,385,416 2.6886 

Game 5,918,277 94,692,432 33,047,968 5.5841 32,319,856 5.4610 33,367,120 5.6380 

Pendulum 113,682 1,818,912 308,488 2.7136 258,720 2.2758 308,416 2.7130 

Pedestrians 25,455,052 407,280,832 24,293,528 0.9543 29,554,928 1.1611 24,956,328 0.9804 

Daytime-
traffic1 

14,246,079 227,937,264 21,297,472 1.4949 23,475,320 1.6478 20,082,208 1.4096 

Daytime-
traffic2 

5,525,453 88,407,248 11,525,880 2.0859 10,601,368 1.9186 11,977,928 2.1677 

Night-
Roadside 

17,018,997 272,303,952 67,174,096 3.9470 64,528,712 3.7915 66,750,576 3.9221 

Night-Traffic 105,631,856 690,109,696 582,277,496 5.5123 540,553,872 5.1173 583,263,904 5.5216 

Intersection 2,016,922 32,270,752 386,096 0.191 1,131,096 0.5608 208,248 0.1032 

Fluorescent 12,839,145 205,426,320 8,546,056 0.6656 6,310,176 0.4914 7,871,488 0.6131 

Table 4. Encoding x-coordinates using 7zip, best in bold 

Sequence Number of 
events 

Original 
Size (bits) 

LZMA Bits 
per 
event 
LZMA 

PPmD Bits 
per 
event 
PPmD 

BZip2 Bits per 
event 
BZip2 

Waterdrop 11,563,243 185,011,888 1,960,584 0.1696 1,086,392 0.0940 1,378,720 0.1192 

Lighter 2,792,139 44,674,224 2,303,184 0.8248 2,676,192 0.9584 1,945,792 0.6968 

Football 9,745,101 155,921,616 12,208,904 1.2528 10,818,136 1.1101 11,381,712 1.1679 

Jump 2,375,022 38,000,352 5,616,440 2.3648 5,049,744 2.1262 5,052,064 2.1272 

Game 5,918,277 94,692,432 18,456,872 3.1186 157,46,824 2.6607 17,981,168 3.0382 

Pendulum 113,682 1,818,912 304,776 2.6810 ,240,968 2.1197 280,184 2.4646 

Pedestrians 25,455,052 407,280,832 21,257,600 0.8351 22,898,544 0.8996 18,217,960 0.7157 

Daytime-
traffic1 

14,246,079 227,937,264 18,333,920 1.2869 19,134,288 1.3431 15,834,384 1.1115 

Daytime-
traffic2 

5,525,453 88,407,248 10,338,800 1.8711 7,757,568 1.4040 9,322,456 1.6872 

Night-
Roadside 

17,018,997 272,303,952 37,938,376 2.2292 32,686,624 1.9206 33,396,912 1.9623 

Night-
Traffic 

105,631,856 1690,109,696 331,366,016 3.1370 272,820,512 2.5827 311,865,496 2.9524 

Intersection 2,016,922 32,270,752 389,280 0.1930 1,135,488 0.5630 215,352 0.1068 

Fluorescent 12,839,145 205,426,320 7,720,080 0.6013 4,919,704 0.3832 6,411,128 0.4993 

Table 5. Encoding y-coordinates using 7zip, best in bold 

Similar to the compression of x-coordinates, the results indicate that PPmD is 

the most effective algorithm for compressing y-coordinates. PPmD is particular-

ly well-suited for structured data formats as it can leverage the well-defined 

structure to identify and exploit patterns in the input stream. It is particularly ef-

fective for data that contains a high level of redundancy, as it can accurately 

predict the probability of different symbols in the input stream based on the con-

text of previous symbols. 
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Table 6. Encoding difference timestamps using 7zip, best in bold 

In the compression of timestamps, a method was employed to reduce the large 

size of integers by creating difference times. The timestamps are stored as in-

tegers with high precision, occupying several bits when encoded. Since 

timestamps are stored as integers and are accurate to the millisecond, these 

integer numbers are large. By subtracting each timestamp from the previous 

one, a sequence of smaller integers is generated. This reduces the overall size 

of integers and saves bits during compression. Additionally, the repeated occur-

rence of many numbers can be leveraged to further improve compression. Fig-

ure 14 shows the effectiveness of this approach.  

The analysis reveals that Bzip2 outperforms other compression algorithms in all 

scenarios when compressing difference timestamps. Bzip2 is known for its abil-

ity to compress data that contains random or unpredictable patterns, as it can 

efficiently identify and exploit patterns in the input stream. As the difference 

timestamp data lacks a well-defined structure and contains rather random val-

ues, Bzip2 offers a better bits per event ratio for compressing this data. 

Sequence Number of 
events 

Original Size 
(bits) 

LZMA Bits 
per 
event 
LZMA 

PPmD Bits 
per 
event 
PPmD 

BZip2 Bits 
per 
event 
BZip2 

Waterdrop 11,563,243 370,023,776 3,143,672 0.2719 15,616,184 1.3505 1,662,576 0.1438 

Lighter 2,792,139 89,348,448 1,580,888 0.5662 4,085,864 1.4633 1,126,456 0.4034 

Football 9,745,101 311,843,232 5,931,640 0.6087 14,751,456 1.5137 4,050,928 0.4157 

Jump 2,375,022 76,000,704 3,399,768 1.4315 4,609,520 1.9408 2,756,648 1.1607 

Game 5,918,277 189,384,864 11,423,744 1.9302 12,678,920 2.1423 9,763,544 1.6497 

Pendulum 113,682 3,637,824 742,760 6.5337 741,368 6.5214 736,360 6.4774 

Pedestrians 25,455,052 814,561,664 29,974,776 0.8326 53,625,608 1.7890 28,956,936 0.9660 

Daytime-
traffic1 

14,246,079 455,874,528 22,432,248 1.5746 33,958,104 2.3837 21,591,272 1.5155 

Daytime-
traffic2 

5,525,453 176,814,496 22,866,560 1.6051 22,548,376 1.5828 22,074,680 1.5495 

Night-
Roadside 

17,018,997 544,607,904 36,848,584 2.1651 41,475,424 2.4370 31,963,848 1.8781 

Night-
Traffic 

105,631,856 3380,219,392 262,916,976 2.4890 263,184,888 2.4915 226,898,000 2.1480 

Intersection 2,016,922 64,541,504 221,528 0.1098 2,760,056 1.3684 132,680 0.0658 

Fluorescent 12,839,145 410,852,640 2,679,944 0.2087 17,942,456 1.3975 1,747,416 0.1361 
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Figure 14. Difference timestamp data created for Pendulum, PKU dataset. 

Original timestamps in figure 12(c) 

 Table 7. Encoding polarity using 7zip, best in bold 

The polarity information, represented by a single bit indicating 'on' or 'off', is 

repeated frequently in each dataset. The repetitive pattern of this binary data 

makes it ideal for compression. As predicted, PPmD outperforms the other algo-

Sequence Number of 
events 

Original 
Size (bits) 

LZMA Bits 
per 
event 
LZMA 

PPmD Bits 
per 
event 
PPmD 

BZip2 Bits per 
event 
BZip2 

Waterdrop 11,563,243 11,563,248 8,02,360 0.0694 616,808 0.0533 590,760 0.0511 

Lighter 2,792,139 2,792,144 4,17,392 0.1495 380,840 0.1364 423,248 0.1516 

Football 9,745,101 9,745,104 29,94,392 0.3073 2,739,432 0.2811 3,084,584 0.3165 

Jump 2,375,022 2,375,024 8,77,512 0.3695 855,592 0.3602 949,848 0.3999 

Game 5,918,277 5,918,280 31,00,224 0.5238 3,060,784 0.5172 3,360,168 0.5678 

Pendulum 113,682 113,688 84,800 0.7459 82,888 0.7291 91,288 0.8030 

Pedestrians 25,455,052 25,455,056 5,801,424 0.1935 5,583,144 0.1863 5,832,856 0.1946 

Daytime-
traffic1 

14,246,079 14,246,080 4,158,320 0.2919 4,077,064 0.2862 4,281,416 0.3005 

Daytime-
traffic2 

5,525,453 5,525,456 3,154,408 0.2214 3,057,096 0.2146 3,387,840 0.2378 

Night-
Roadside 

17,018,997 17,019,000 8,821,408 0.5183 8,610,016 0.5059 9,395,560 0.5521 

Night-
Traffic 

105,631,856 105,631,856 44,557,048 0.4218 42,841,160 0.4056 46,278,400 0.4381 

Intersection 2,016,922 2,016,928 ,111,944 0.0555 81,968 0.0406 78,048 0.0387 

Fluorescent 12,839,145 12,839,152 2,042,840 0.1591 1,916,576 0.1493 2,082,288 0.1622 
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rithms in compressing this type of data, as it utilizes the context of the current 

symbol to predict the next symbol efficiently. After compressing each stream of 

data individually, the most effective compression method for each stream was 

selected and combined to compute the final compression ratio. The compres-

sion ratio was calculated by dividing the number of bits required to store an 

event in the original AER format (64) by the number of bits per event required 

after compression. The results are summarized in Table 8. 

A similar study was performed on the DAVIS dataset since the motion patterns 

comprised in each dataset is unique. The results of this experiment are demon-

strated in table 9. 

It can be noted that this particular method performs a lot better on the PKU da-

taset and is comparable to the results in [23]. The DAVIS dataset does not ex-

hibit high compression ratios like PKU dataset which can be attributed to the 

more complex movement patterns and motion of the DVS. 

Table 8. Baseline compression on PKU dataset 

 

 

Sequence Bits per 
event 
for 
com-
pressing 
rows 
using 
PPmD 

Bits per 
event for 
com-
pressing 
columns 
using 
PPmD 

Bits per 
event for 
com-
pressing 
XY (rows 
and col-
umns) 

Bits per 
event for 
com-
pressing 
timestam
ps using 
Bzip2 

Bits per 
event for 
com-
pressing 
polarity 
using 
PPmD 

Total 
bits per 
event 

Com-
pression 
Ratio 
(com-
pared to 
64 bits) 

Waterdrop 0.0939 0.0940 0.1879 0.1438 0.0533 0.3812 167.8908 

Lighter 1.4011 1.4012 2.8023 0.4034 0.1364 3.3421 19.1496 

Football 1.0989 1.0989 2.1978 0.4157 0.2811 2.8946 22.1101 

Jump 2.6614 2.6614 5.3228 1.1607 0.3602 6.9298 9.2354 

Game 5.4610 5.4610 10.922 1.6497 0.5172 13.0889 4.8896 

Pendulum 2.2758 2.2758 4.5516 6.4774 0.7291 11.7801 5.4329 

Pedestrians 1.1611 1.1611 2.3222 0.9660 0.1863 4.0173 15.9310 

Daytime-
traffic1 

1.6478 1.6478 3.2956 1.5155 0.2862 5.0973 12.5556 

Daytime-
traffic2 

1.9186 0.7442 2.6628 1.5495 0.2146 4.4269 14.4571 

Night-
Roadside 

3.7915 3.7916 7.943 1.8781 0.5059 10.327 6.1973 

Night-
Traffic 

5.1173 5.1173 10.2346 2.1480 0.4056 12.7882 5.0046 

Intersection 0.5608 0.5608 1.1216 0.0658 0.0406 1.228 52.1172 

Fluorescent 0.4914 0.4915 0.983 0.1361 0.1493 1.2684 50.4573 

Total  
Average 

      29.6483 
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Table 9. Baseline compression on DAVIS dataset 

3.2 Creating and encoding location images using x and y coor-

dinates 

In the second proposed method, the encoding of event locations (x and y) is 

achieved by isolating these components and encoding them as a location im-

age. Meanwhile, timestamps and polarity are encoded using the previous meth-

od with Bzip2 and PPmD, respectively. To ensure genuine compression without 

distorting the event location image, a specific number of bits, referred to as 

‘nBits,’ must be set. The size of nBits determines the number of events that will 

be encoded in each image and, consequently, the size of the block in which 

events are split. Choosing the appropriate value for nBits is crucial as a larger 

value may result in an unclear image capturing too many events per frame, 

while a smaller value may produce an image with fewer events than required. 

Figure 15 displays the resulting images and their differences for various nBits 

values. After conducting multiple experiments, we determined that 11 bits 

worked well for all datasets. Additionally, the resolution of the dataset must be 

known. For our case, the DAVIS240b dataset has a resolution of 240x180 pix-

els. 

Sequence 

Bits per 
event for 
com-
pressing 
rows 
using 
PPmD 

Bits per 
event for 
com-
pressing 
columns 
using 
PPmD 

Bits per 
event for 
com-
pressing 
XY (rows 
and col-
umns) 

Bits per 
event for 
com-
pressing 
timestam
ps using 
LZMA 

Bits per 
event for 
compress-
ing polarity 
using 
LZMA 

Total bits 
per event 

Compres-
sion  
Ratio 

Slider 2.8648 5.1358 8.0006 3.0909 0.8466 11.9381 5.3609 

Shapes 4.4283 5.4250 9.8533 4.1815 0.9986 15.0334 4.2571 

Dynamic 5.1260 4.9716 10.0977 3.3646 0.9788 14.4411 4.4317 

Boxes 3.3027 4.5166 7.8193 3.1945 0.9821 11.9959 5.3351 

Poster 3.8589 4.1764 8.0353 1.9653 0.9825 10.9831 5.8271 

Running 6.4119 4.6035 11.0154 2.4872 0.9837 14.4863 4.4179 

Urban 5.6483 4.8000 10.4483 3.6569 0.9576 15.0628 4.2488 

Walking 6.5621 4.9355 11.4976 3.6897 0.9647 15.1520 4.2238 

Slider 
Depth 

5.1909 5.1934 10.3843 3.9562 0.8586 15.1991 4.2107 

Shapes 6dof 5.8376 4.3781 10.2157 4.1511 0.9980 15.3648 4.1653 

Dynamic 6dof 5.1012 4.9622 10.0634 2.8636 0.9794 13.9064 4.6021 

Calibration 6.3261 4.8964 11.2225 3.9888 0.9690 16.1803 3.9554 

Office 
Zigzag 

5.8369 5.1099 10.9468 2.9964 0.9740 14.9172 4.2903 

Total Aver-
age 

      4.5635 
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To create event location images using this method, the entire set of x and y co-

ordinates, the total number of events, and the number of events per image (M) 

are required. The process involves counting the first M events from the begin-

ning (i.e., 0) and creating a block of M events each for x and y. All linear indices 

in these blocks are found using the first 50 values for x and y, and all these indi-

ces are assigned a value of 1 in a temporary array. This array demonstrates the 

locations where an event occurred, and a single iteration of this process is 

demonstrated in Figure 16. 

Upon identification of event locations, the subsequent step involves encoding 

them. The summation of events in the location image is determined, and if the 

total number of events falls below 2nbits and above 2nbits - M, a frame number 

is allocated to this specific image and it is encoded. To carry out the encoding 

process, the length of the block is computed, and a bitstream of zeros is gener-

ated with a length equal to (nBits * length of block). Afterward, all values in the 

image that indicate an event occurrence are identified, and a new temporary 

image is created. Subsequently, bit values from this image are incorporated into 

the bitstream, nBits at a time, until all image locations have been encoded. The 

resulting location image is written to disk, with PNG and LOCO serving as the 

encoding mechanisms. 
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(a) (b) 

(c)              (d) 

Figure 15. First image frame generated by collecting x and y location co-

ordinates. Block size is 2n bits where n = 14 bits (a), 13 bits (b), 12 bits (c) and 

11 bits (d) for Jump, PKU data set 

 

Figure 16. Creating location images using a blocking mechanism 
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PNG format is a lossless image compression method that ensures that the 

compressed image can be reconstructed perfectly without any loss of infor-

mation. PNG utilizes several compression techniques, including deflate com-

pression and filter algorithms, to compress the image data. To reduce the 

amount of data that needs to be compressed, PNG first applies one of several 

filter algorithms to the image data. These filter algorithms analyse each row of 

pixel data and try to remove any redundant information by predicting the values 

of each pixel based on the values of surrounding pixels. The filtered image data 

is then compressed using the deflate compression algorithm, which identifies 

repeated patterns in the data and replaces them with shorter codes using loss-

less compression. Additionally, PNG employs Huffman coding to further com-

press the data by assigning shorter codes to frequently occurring patterns in the 

data and longer codes to less frequent patterns. 

LOCO method utilizes a combination of predictive coding, context modelling, 

and entropy encoding to compress images. Predictive coding is used to encode 

the image data by predicting the value of each pixel based on the values of 

neighbouring pixels and then encoding the difference between the predicted 

value and the actual value of the pixel. This method reduces the amount of data 

that needs to be compressed. After predictive coding is applied, context model-

ling is used to analyse the data and predict the most likely value for each pixel 

based on its surrounding pixels. This reduces the number of bits required to 

represent each pixel in the compressed data. Finally, the compressed data is 

encoded using entropy coding techniques such as arithmetic coding or Golomb-

Rice coding. Entropy coding assigns shorter codes to more frequently occurring 

data patterns, further reducing the overall size of the compressed data. 

 

 

 

 

 

Table 10. Number of bits needed to encode location image for ’Jump’ from PKU 

Table 10 demonstrates that LOCO outperforms PNG in compressing images 

from the PKU dataset. Figure 15 confirms that using a larger value for nBits re-

2^nbits Total bits needed to 
compress an image 
frame using PNG 

Total bits needed to 
compress an image 
frame using Loco 

11 12.4274 11.9332 

12 12.7117 12.4916 

13 13.3379 13.2413 

14 14.1141 14.0844 
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sults in images with more noise, while an appropriate value for nBits retains 

crucial details of the events. However, nBits values lower than 11 may cause 

significant loss of information. Notably, LOCO reduces the number of bits re-

quired for encoding x and y coordinates from the original 15 to slightly over 3, 

which is impressive. The following pseudocode summarizes this method, and 

the outcomes are presented in Table 11. 

 
Figure 17. Algorithm for generating and encoding event location images 

Although this method does not result in higher compression ratios compared to 

the baseline strategy, it has some notable characteristics. This method enables 

us to transmit images to the decoder, which can help identify the type of dataset 

being dealt with. To maintain a standard for compression ratios, a constant val-

ue for nBits was used. It is worth noting that the bits per event required to com-

press x and y coordinates using this method are larger than the baseline com-

pression due to the requirement to encode images instead of a stream of num-

bers. However, some compression ratios achieved using this method are com-

parable to those achieved using spike coding, such as the night-traffic, pendu-

lum, and game datasets, which require more than one bit to encode the location 

image. Spike coding uses a similar method to encode datasets where bits re-

quired to encode x and y after merging are large. Since this thesis only discuss-
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es lossless compression strategies, image codecs like JPEG were not used. 

Although JPEG is one of the most popular image codecs used to compress im-

ages, it is a lossy compression algorithm that reduces output image quality to 

achieve a higher compression ratio. 

Table 11. Total bits for encoding all channels of data by encoding event images 

3.3 Using an occupancy matrix to encode x and y coordinates 

In this method proposed in the thesis, x and y coordinates are encoded using 

an occupancy matrix and generating a bitstream after encoding the matrix. The 

method employs a function that encodes the occupancy of a grid of cells using 

arithmetic coding. The input for this method includes arrays that contain the row 

and column indices of the occupied cells in the grid. The output of this method 

includes arithmetic code lengths of the occupancy and the bitstream of the oc-

cupancy. The timestamps and polarity are compressed using Bzip2 and PPmD, 

respectively. 

Sequence Inter-
medi-
ate 

images 
bits per 
event 
using 
Loco 

2^Nbit
s for 
en-

coding 

Length 
of block 
(bits per 
event) 

Total bits 
per event 
for encod-

ing XY 
(loco) 

Total bits 
per event 
for encod-

ing 
timestamps 

 
 

Total bits 
per event 
for encod-
ing polari-

ty 
 

Total 
bits 
per 

event 

Com-
pres-
sion 
Ratio 

Waterdrop 0.0247 11 0.0002 11.0249 0.1438 0.0533 11.222 5.7030 

Lighter 0.6138 11 0.0009 11.6147 0.4034 0.1364 12.1545 5.2655 

Football 0.2218 11 0.0005 11.2223 0.4157 0.2811 11.9191 5.3695 

Jump 0.9311 11 0.0021 11.9332 1.1607 0.3602 13.4541 4.7569 

Game 1.9200 11 0.0029 12.3372 1.6497 0.5172 14.5041 4.4125 

Pendulum 1.0362 11 0.0135 12.0497 6.4774 0.7291 19.2562 3.3239 

Pedestrians 1.4985 11 0.0094 12.5079 0.9660 0.1863 13.6602 4.6851 

Daytime-
traffic1 

0.0638 11 0.0003 11.0641 1.5155 0.2862 12.8658 4.9744 

Daytime-
traffic2 

0.0548 11 0.0006 11.0554 1.5495 0.2146 12.8195 4.9923 

Night-
Roadside 

0.9726 11 0.0014 11.9740 1.8781   0.5059 14.358 4.4574 

Night-
Traffic 

1.0233 11 0.0014 12.0247 2.1480 0.4056 14.5783 4.3901 

Intersection 0.7358 11 0.0010 11.3193 0.0658 0.0406 11.4257 5.6014 

Fluorescent 0.0882 11 0.0002 11.0884 0.1361 0.1493 11.3738 5.6269 

Total Aver-
age 

       4.8673 
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To understand the method, one needs to understand the concept of causal 

templates. A causal template is a technique for encoding time-series data in a 

compressed format. Time series refer to a sequence of data points measured 

over time, such as stock prices, weather data, or sensor readings. In many cas-

es, the data points in a time series exhibit some degree of correlation with the 

previous data points, which means that the value of each data point can be pre-

dicted to some extent based on the previous data points. A causal template 

takes advantage of this correlation by encoding each data value as “the differ-

ence between the actual value of the data value and a predicted value” based 

on the previous data points [21]. This difference is called the "residual" or "pre-

diction error". 

In other words, instead of encoding each data point as a standalone value, a 

causal template uses a model to predict each data point based on the previous 

data points, and then encodes only the difference between the predicted value 

and the actual value. This approach can be more efficient than encoding each 

data point independently, especially for data sets with high correlation between 

adjacent data points. The use of causal templates can result in more efficient 

compression of time-series data by exploiting the correlation between the data 

points. 

 
Figure 18. Example of a causal template in a single iteration of a loop, ‘r’ repre-

sents rows and ‘c’ represents columns 

In the context of data compression, an occupancy matrix is a technique used to 

encode sparse data in a compressed format. Sparse data is characterized by 

having a majority of its values as zero or empty. To compress such data, it is 

often more efficient to encode only the non-zero entries rather than the entire 

matrix. An occupancy matrix is a data structure that represents the locations of 
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the non-zero entries in a sparse matrix. It is usually implemented as a binary 

matrix where each element indicates whether the corresponding element in the 

original matrix is non-zero (i.e., occupied) or zero (i.e., unoccupied). To com-

press a sparse matrix using an occupancy matrix, the binary matrix is first en-

coded using a suitable compression algorithm (such as Huffman coding or 

arithmetic coding). Then, the non-zero entries of the original matrix are encoded 

using a separate compression algorithm, such as run-length encoding, variable-

length encoding, or delta encoding. During decoding, the occupancy matrix is 

first decoded to determine the locations of the non-zero entries in the original 

matrix. Then, the non-zero entries are decoded and placed back into the origi-

nal matrix using the previously determined locations. 

Incorporating the blocking mechanism discussed in section 3.2, this method 

uses the size of the block to determine its performance. Specifically, the block 

size determines the number of events taken into account to construct an occu-

pancy matrix. To generate the matrix, the algorithm initializes a temporary ma-

trix 'temp' of dimensions (numrows+2) x (numcols+3) with zeros. Then, for each 

occupied cell in the grid, the corresponding element in 'temp' is set to 1, forming 

a 2D occupancy matrix by adding 1 to 'temp'. This matrix consists of 1s for emp-

ty cells and 2s for occupied cells. Next, the occupancy of each cell is encoded 

using arithmetic coding. To accomplish this, a causal template is constructed for 

each cell with six neighbouring cells (three from the row above and three from 

the same row) as context for arithmetic coding. The probability of the current 

cell being occupied or empty is computed based on the context and frequency 

count of the context and occupancy. Using this probability, the arithmetic code 

length 'CL' of the occupancy is calculated, and the frequency count is updated 

accordingly. 

In the final step of the algorithm, arithmetic coding is used to create a bitstream 

by encoding the occupancy status of each occupied cell. The linear index of the 

occupied cells is first determined and then the probability of each cell's occu-

pancy is calculated using the frequency count of the corresponding cell. The 

arithmetic code length 'CLB' of the bitstream is calculated using the probability 

and the frequency count is updated accordingly. To evaluate the method, exper-
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iments were conducted on the PKU dataset using 3 different block lengths, and 

the results are presented in Table 12. 

In comparison to encoding location images for x and y coordinates, it is ob-

served that this method delivers better performance on average. This is be-

cause occupancy matrices are more efficient at compressing sparse data, and 

the data being compressed has a highly predictable value. There is no discerni-

ble relationship between the block size and the number of bits required for 

compression, although for some datasets, such as jump and night-traffic, larger 

block sizes result in fewer bits required for compression. Although the improve-

ment from using a larger block size is minor, it is still beneficial since larger 

block sizes generate fewer frames overall. As a result, there is less data to 

transmit, and since lossless compression methods are employed, the final size 

of the data remains unchanged. This method is comparable in terms of com-

pression ratio to the baseline method and performs better for datasets with a 

single moving object generating fewer events in the background, such as light-

er, jump, and game. However, for datasets such as daytime traffic and intersec-

tion, which include the movement of numerous objects generating events in 

several locations within a single frame, the baseline method produces better 

compression. It can be concluded that this method is suitable for scenarios 

where there is a stationary object and the camera remains fixed, but it is less 

effective when multiple objects are moving, and events are generated in nu-

merous locations within one frame. 
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Sequence Total bits 
per 

event for 
encoding 

XY 
 

Block 
length 
10000 

Total bits 
per 

event for 
encoding 

XY 
 

Block 
length 
15000 

Total bits 
per 

event for 
encoding 

XY 
 

Block 
length 
20000 

Total bits 
per event 
for encod-

ing 
timestamps 

 
 

Total bits 
per 

event for 
encoding 
polarity 

 

Total 
bits 
per 

event 

Compression 
Ratio 

Waterdrop 0.08809 0.07898 0.08239 0.1438 0.0533 0.2794 228.9852 

Lighter 2.1069 2.0943 2.0983 0.4034 0.1364 2.6341 24.2967 

Football 3.4847 3.3323 3.3296 0.4157 0.2811 4.0264 15.8950 

Jump 6.1656 6.125 5.9677 1.1607 0.3602 7.4886 8.5463 

Game 5.7814 4.9563 5.7008 1.6497 0.5172 7.1232 8.9847 

Pendulum 5.9196 5.8454 5.8135 6.4774 0.7291 1.,0200 4.9155 

Pedestrians 5.4613 5.4043 5.5292 0.9660 0.1863 6.5566 9.7611 

Daytime-
traffic1 

8.7903 8.8898 8.9206 1.5155 0.2862 10.5920 6.0422 

Daytime-
traffic2 

3.7393 3.7804 3.7676 1.5495 0.2146 5.5034 11.6291 

Night-
Roadside 

10.076 10.108 10.083 1.8781   0.5059 12.4600 5.1364 

Night-Traffic 11.807 11.708 11.6600 2.1480 0.4056 14.2136 4.5027 

Intersection 2.0533 2.0476 2.0449 0.0658 0.0406 2.1513 29.7494 

Fluorescent 3.3607 3.2293 3.2106 0.1361 0.1493 3.4960 18.3066 

Total Average       6.8880 

Table 12. Total bits for encoding all channels of data by encoding occupancy 

matrices 

3.4 Generating and compressing the optical flows of event data 

Optical flow is the apparent motion of brightness patterns in an image. It is ex-

plained in more detail in section 2.4. Optical flow has numerous applications 

some of which are explained below: 

1. Motion estimation: Optical flow can be used to estimate the motion of ob-

jects in a video sequence. This can be useful for tracking moving objects, 

detecting changes in the scene, and analysing the motion of crowds or 

vehicles. 

2. Video compression: Optical flow can be used to compress video se-

quences by identifying and removing redundant motion information. 

Compression revolves around finding patterns and using a predictive al-

gorithm to compensate for that recurring pattern. Optical flow helps iden-

tify such redundant patterns and makes compression more effective. 
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3. Autonomous navigation: Optical flow can be used to help robots navigate 

through an environment by providing information about the motion of ob-

jects in their field of view. 

4. Augmented reality: Optical flow can be used to track the motion of the 

user's head or body in real-time, which can be used to create immersive 

augmented reality experiences. 

5. Driver assistance systems: Optical flow can be used in driver assistance 

systems to detect the motion of other vehicles on the road, and to alert 

the driver if there is a potential collision. This is one of the most recent 

and interesting use cases of optical flow. Utilizing this method, we will be 

able to configure autonomous cars better. 

The optical flow in event cameras was studied by selecting the DAVIS dataset, 

as the PKU dataset was limited to motion with a fixed background and a single 

or multiple moving objects. The DAVIS dataset was chosen as it contained sets 

of data where the camera was moving while the background remained fixed, as 

in the Slider dataset shown in Figure 19. This type of movement more closely 

resembles human motion, where the objects in the frames remain in the same 

place and only the sensor moves. Additionally, some datasets in the DAVIS da-

taset contain a moving background while the camera sensor is fixed.     

Optical flow was calculated using a machine learning model trained on different 

sets of data from the same dataset. For this study, the EV-FlowNet model was 

chosen as it had a smaller average endpoint error (AEE) in experiments from 

Haagenars et al. [26]. The architecture of the model was shown in Figure 20. 

The input event was reduced in resolution using four encoder layers that used 

strided convolution. Then, the downsampled event was fed through two layers 

of residual blocks. After that, the activations were passed through four decoder 

layers that used upsample convolution, and they were connected with the cor-

responding encoder layer using skip connections. Each decoder activation set 

was also “passed through a depthwise convolution layer to generate a predic-

tion” of the flow. A loss was applied to this flow prediction, and it was concate-

nated with the decoder activations [28]. 
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In this study, the generated flow was extracted by the model and used for mo-

tion compensation. The following datasets were used - boxes 6DOF, calibration, 

dynamic 6DOF, office zigzag, poster 6DOF, shapes 6DOF, and slider depth. 

Out of these, poster 6DOF and boxes 6DOF were too large to fit in memory and 

were thus removed from the final results. Flows and predictions from those sets 

were still calculated. 

  
(a)                                                       (b) 

  
(b)                                                   (c) 

Figure 19. Frames 1 (a), 5 (b), 10 (c) and 15 (d) from Slider Depth, DAVIS 

dataset 

To understand the meaning of colors in a flow image, it is necessary to under-

stand the representation of colors first. A visual aid that helps to comprehend 

the color scheme used in flow images is shown in Figure 21. The flow images 

and their interpretation are presented later in the thesis. 

After running the model on all the datasets, the resultant optical flows are 

shown below. A lot of frames were generated with characteristic flows and 

some noteworthy and unique flows are show below. Original image frames in 

black and white are shown side by side to understand the direction of flow. 
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 Figure 20. EV-FlowNet architecture [28] 

 

Figure 21. Flow-map Colours. These colours depict the direction of the opti-

cal flow [4] 

Based on figure 21, it can be understood that the movement of pixels in figure 

22 from frame 44 to 45 was in the direction of left to right. Similarly, most pixels 

moved upwards to the right when shifting from frame 271 to 272.  

In optical flow, there are two components, horizontal and vertical, which com-

bine to form the complete flow, as depicted in Figure 22. In this thesis, the au-

thor chose to separate the horizontal and vertical components and utilize them 

to deblur the image formed by aggregating events in spacetime. Each flow 
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component is an array of values, with 240 arrays for horizontal and 180 arrays 

for vertical in the case of the DAVIS dataset's 240x180 pixel resolution camera. 

Each value in the array represents the movement of a pixel in the direction of 

the respective flow. For instance, a positive value of two for the horizontal com-

ponent means that a pixel at that location moved right by two-pixel widths when 

moving from one frame to the next. Figure 23 provides an example of these 

components. Since flow values are typically quite small, a scaling factor of 128 

is applied to each component to enhance the effect of the flows during deblur-

ring. This value is consistent with the work of Hagenaars et al. [28]. 

The normalization of timestamps to a local timeline is crucial as the neural net-

work processes frames sequentially. However, using event cameras for optical 

flow estimation poses a challenge because events are not evenly distributed in 

time, and nearby events may have significantly different timestamps, resulting in 

inaccurate motion estimation. To address this issue, we used timestamp nor-

malization, which transforms the event stream such that events within a specific 

time window are considered to have occurred simultaneously. We adopted the 

same normalization formula as Hagenaars et al. in [28]: 

normalized_timestamp = (ts – ts[0]) / (ts[-1] – ts[0])                (3) 

where, ts denotes the current timestamp, ts[0] is the first timestamp value for 

the dataset and ts[-1] denotes the last timestamp value in the dataset. Using 

this method, a set of timestamps that fall in the range of zero to one was ob-

tained. 
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(a)                                            (b) 

     
(c)                                    (d) 

   
(e)                                                (f)            

Figure 22. Dynamic-6DOF  original frames 44(a), 271(c) and 577(e). Gener-

ated optical flows using EV-FlowNet model for the same frames (b), (d) and (f) 

respectively. 
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Figure 23. Horizontal (left) and vertical (right) components of optical flow for 

frame 44 of Dynamic 6DOF. Each flow component is upscaled by a factor of 

2560 to be visible (only for this image) 

In order to evaluate the effectiveness of the deblurring process, it is important to 

have an understanding of what the original images look like. To create an origi-

nal frame, a temporary image is generated with the same dimensions as the 

DAVIS dataset images, which is 240x180 pixels. Initially, this image is filled with 

zeroes to create a completely black image. The locations of event occurrences 

are then identified from the event stream and these coordinate values are 

changed to one. This process is repeated until a predetermined number of 

events are plotted, which is 15000 in this case. The resulting black and white 

image closely resembles the original image. The total number of distinct loca-

tions that were plotted is also calculated, which is a useful metric for evaluating 

the effectiveness of the deblurring process. Several examples of such images 

are shown in Figure 24 and 25. Two different datasets are show in these fig-

ures. Figure 24 shows frame from Slider-depth which only exhibits linear mo-

tion. While this is a characteristic motion to observe, figure 25 shows frames 

which have non-unfirm motion. Both different types of motions are observed for 

and presented in this work for better understanding and application of this 

method. Other datasets comprise of more different kinds of movements. 

“Using the contrast maximization proxy loss technique for motion compensa-

tion” as described in [26], the optical flows are estimated. This approach aims to 

learn to accurately estimate optical flow by leveraging the “spatiotemporal misa-

lignments between the events triggered by the same portion of a moving edge”, 

which can be interpreted as a form of blur [28]. To retrieve accurate optical flow 



48 

 

information, it is necessary to compensate for this motion, effectively deblurring 

the event partition.  

 

 

 

 

Figure 24. Frames 1(top) and 69(bottom) from Slider Depth formed by accumu-

lating event location on a dark image. 
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Figure 25. Frames 1(top) and 71(bottom) from Office Zigzag formed by accu-

mulating event location on a dark image. 

The per-pixel optical flow u(x) = (u(x), v(x))T is used to propagate the events to 

a reference time tref using formula 2.  
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To compensate for blur, we utilized formula 4 to generate new images by ag-

gregating event locations. The resulting images, along with the number of dis-

tinct locations included in them, can be seen in Figure 26 and 27. 

 

 

 
Figure 26. Deblurred images for frames 1(top) and 69(bottom) from Slider 

Depth after compensating for blur using scaled flows  
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In comparing the images in figure 26 to those in figure 24, we observe that the 

number of distinct locations is reduced significantly, with 135 for frame 1 and 

2662 for frame 69. When an image is blurred, neighbouring pixels become more 

similar to each other, which results in a loss of information and detail.  

 

 

 
Figure 27. Deblurred images for frames 1(top) and 71(bottom) from Office Zig-

zag after compensating for blur using scaled flows. 
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Therefore, deblurring the image sharpens the edges and details, making them 

more distinct, and this can reduce the number of distinct locations. In simpler 

terms, when an image is blurred, the edges and details in the image become 

less sharp, resulting in more distinct locations. 

Secondly, the edge width of objects in an image reduces after deblurring. This 

is because a blurred image is not as sharp as a deblurred image, causing edg-

es of objects to appear thicker due to the apparent motion. Once the motion has 

been compensated for, fewer pixels are needed to mark an edge. Blurring tends 

to spread out the edges in an image, making them wider and less distinct. In 

contrast, when the blur is removed through deblurring, the edges become 

sharper and more distinct, resulting in a reduction in edge width. Blurring caus-

es neighbouring pixels to become more similar, resulting in a smoother gradient 

across the edge, which leads to a wider transition region between the edge and 

the background. Deblurring the image removes this smoothing effect, making 

the gradient steeper and the edge more distinct, resulting in a narrower transi-

tion region and a reduction in edge width. 

Moreover, regions with too many events are more distinct after deblurring, 

which adds more detail to the image and allows for better object recognition. 

Since there are fewer distinct locations after deblurring, compressing and en-

coding this data is much more efficient and results in a smaller output size. 

Smaller compressed file sizes are much faster to transmit and ease any other 

process that need to be performed over them. 

In order to achieve more efficient compression ratios by decreasing the number 

of distinct locations, an additional step of quantization was performed on the 

scaled optical flows. Quantization is a commonly used technique for reducing 

the amount of data required to represent a signal or image by decreasing the 

number of bits allocated to represent each value. This can lead to a loss of 

quality in the resulting signal. Given the small magnitude of the flow values, the 

loss of detail was negligible. Quantization was performed by determining the 

minimum and maximum values for each component of the flow and applying a 

formula to each value of the flow. 

quantized_flow = round(w - wmin)/step_size                      (5) 
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where, step size is calculated as the difference between the largest and small-

est value of the flows divided by 255.  

 

 

Figure 28. Deblurred images for frames 1(top) and 69(bottom) from Slider 

Depth after compensating for blur using quantized and scaled flows. 
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Quantization is a technique that can be used to reduce noise effects in the flow. 

By rounding the pixel values to the nearest quantization level, the effects of 

small variations or errors in the flow component can be reduced. Optical flow-

based deblurring is a computationally intensive process, particularly for large 

images. However, by quantizing the flow, the number of bits required to repre-

sent each pixel value can be reduced, resulting in a smaller data size and re-

duced computational complexity. Additionally, quantization can improve the 

convergence of the optical flow algorithm by reducing the range of possible pix-

el values, which may result in faster and more accurate convergence. Further-

more, quantization can make the deblurring process more robust to small varia-

tions in the image or noise in the optical flow estimates, resulting in better quali-

ty restorations, particularly in cases where the input image is noisy or contains 

significant motion blur. 

After quantization, the quantized flow components can be used for deblurring, 

similar to the process used for scaled flows. The results of this experiment are 

presented in figures 28 and 29. Quantized flows can further decrease the num-

ber of distinct locations, aiding in decreasing the time and complexity required 

for encoding locations during flow transmission. Although quantization does not 

provide a substantial decrease in distinct locations compared to scaled flows, 

the minor reduction could save a few bits during encoding. The comparison of 

figures 26 and 28 reveals that no information is lost, and the objects represent-

ed in scaled deblurring are identical to those in quantized deblurring. 

Based on the results of the experiment, it can be concluded that quantized flows 

provide the best deblurring outputs and the greatest reduction in the number of 

distinct locations without sacrificing information. Therefore, in this thesis, we 

encode and compress the quantized flows for transmission. As the flows can be 

visualized as images after scaling, an image codec is an appropriate choice for 

encoding the flows. In this study, JPEG-LS, PNG, and JPEG 2000 (JP2) were 

selected. Table 15 presents the original size of the generated optical flows, and 

Table 16 summarizes the compression results. The average size of optical 

flows is calculated as the sum of the sizes of the horizontal and vertical compo-

nents, which is then multiplied by the number of frames generated to produce 

the total average size of flows. Notably, all datasets in the experiment have 
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similar sizes for a single flow, as the number of values in a flow component is 

dependent on the DAVIS sensor's resolution. 

 

F 

Figure 29. Deblurred images for frames 1(top) and 71(bottom) from Office Zig-

zag after compensating for blur using quantized and scaled flows. 
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Sequence Number 
of optical 
flow im-

ages 
generated 

Average 
size of 
optical 

flow for 1 
frame 
(bytes) 

Total size of 
all flows 
(bytes) 

Slider_Depth 70 2 193 433 153 540 310 

Shapes_6DOF 1196 2 194 831 2 625 017 876 

Dynamic_6DOF 3810 2 196 984 8 370 509 040 

Calibration 1421 2 191 965 3 114 782 265 

Office_zigzag 514 2 193 754 1 127 589 556 

Table 13. Original optical flow sizes for comparison, DAVIS dataset  

 
Sequence Average 

size of flow 
com-

pressed 
using JP2 

(bytes) 

Total size 
of flows 

com-
pressed 

using JP2 
(bytes) 

Average 
size of flow 

com-
pressed 

using 
JPEG-LS 
(bytes) 

Total size 
of flows 

com-
pressed 

using 
JPEG-LS 
(bytes) 

Average 
size of flow 

com-
pressed 

using PNG 
(bytes) 

Total size 
of flows 

com-
pressed 

using PNG  
(bytes) 

Compres-
sion  
Ratio 

Slider_Depth 11,127 778,890 10,111 707,770 13,080 915,600 216.9353 

Shapes_6DOF 12,319 14,733,524 11,847 14,169,012 14,048 16,801,408 185.2647 

Dynam-
ic_6DOF 

12,795 48,748,950 12,014 45,773,340 14,959 56,993,790 182.8686 

Calibration 11,429 16,240,609 10,619 15,089,599 13,962 19,840,002 206.4191 

Office_zigzag 11,547 5,935,158 10,477 5,385,178 13,071 6,718,494 209.3876 

Table 14. Comparison of compressing quantized optical flows using image 

codes, best in bold 

The compression ratio in table 14 is calculates by dividing the total size of all 

flows (table 13) by the total size of compressed optical flow. It can be concluded 

that JPEG-LS performs the best when compared to the other image codes. 

Thus, the compression ratio is calculated using the size of the compressed 

flows by JPEG-LS. 

In the context of image compression, JPEG-LS is a versatile format that can 

achieve both lossless and lossy compression. It can preserve image quality and 

data integrity, or compress images with some degree of quality loss, depending 

on the desired compression ratio. PNG, on the other hand, is strictly a lossless 

format that can only compress images without any loss of data. JP2 is also a 

strong contender, but its algorithm is more complex than JPEG-LS, making it 

less desirable in situations where a simpler solution is preferred. JPEG-LS is 

particularly suitable when there is a need to balance file size with image quality. 

Additionally, JPEG-LS supports up to 16 bits per colour channel, whereas PNG 
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and JP2 support up to 48 and 38 bits per pixel respectively. Hence, JPEG-LS is 

the better choice when dealing with high-quality images that have a lower colour 

depth.  
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4. CONCLUSION 

In this thesis, we have explored the problem of lossless compression of event 

data and optical flow images from event cameras. Event cameras are a relative-

ly new type of vision sensor that can capture fast and dynamic visual scenes 

with high temporal resolution and low power consumption. However, the high 

data rates and sparse nature of event data make it challenging to store and 

transmit the data efficiently. Therefore, the goal of this work was to develop effi-

cient compression algorithms that can compress the event data and optical flow 

images while preserving their important features. 

In the first part of the thesis, we proposed a lossless compression algorithm for 

event data that is based on isolating event streams and compressing them indi-

vidually using existing compression algorithms. The proposed algorithm was at 

par with state-of-the-art methods in terms of compression ratio and reconstruc-

tion accuracy on a publicly available dataset. We also demonstrated that our 

algorithm could achieve a high compression ratio while preserving the spatio-

temporal properties of the events, which are important for applications such as 

object detection and tracking. 

In the second proposed method, we tried to create location image using x and y 

coordinates from the event data and compressed these using image codecs. 

Even though the compression ratio in this case was not as high as the first 

method, we identified a novel to compress event data and in which particular 

case it could be used. 

In the third method, we discussed and compressed event data using occupancy 

matrices and causal templates. We discovered an interesting approach to data 

compression and a temporally efficient method to do so. 

In the final part of the thesis, we focused on the compression of optical flow im-

ages generated from event data. We used an encoder-decoder style machine 

learning model to generate optical flows. These flows were then used to deblur 

images that were generated by accumulating event data on an image. Flows 

were then further quantized to reduce the number of occupied pixels in an im-
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age saving some cost of compression. The proposed method achieved a high 

compression ratio while preserving the accuracy of the optical flow fields, which 

are essential for tasks such as scene reconstruction and navigation. 

Overall, our results demonstrate the feasibility and effectiveness of lossless 

compression of event data and optical flow images from event cameras. This 

study confirmed that using methods like PPmD and LZMA are ideal choices 

when compressing raw event data. This work opens new possibilities for the 

deployment of event cameras in real-world applications. Using optical flows for 

these use cases like navigation and autonomous driving will help take the in-

dustry forward.  
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