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ABSTRACT

UTILIZATION OF EVENT BASED CAMERAS FOR VIDEO FRAME
INTERPOLATION

Kılıç, Onur Selim

M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. A. Aydın Alatan

August 2022, 71 pages

Video Frame Interpolation (VFI) aims to synthesize several frames in the middle of

two adjacent original video frames. State-of-the-art frame interpolation techniques

create intermediate frames by considering the objects’ motions within the frames.

However, these approaches adopt a first-order approximation that fails without infor-

mation between the keyframes. Event cameras are new sensors that provide additional

information in the dead time between frames. They measure per-pixel brightness

changes asynchronously with high temporal resolution and low latency. The algo-

rithms that use both the event-based information and the original frames overcome

the problem of first-order approximation. However, they still have issues related to

ghosting and the regions with insufficient events. This thesis aims to utilize visual

transformers efficiently to combine event-based information and RGB frames to cre-

ate better quality intermediate frames. The results show that the proposed video frame

interpolation technique surpasses the state-of-the-art methods.

Keywords: Event Based Cameras, Video Frame Interpolation
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ÖZ

VİDEO ARADEĞERLEME İÇİN OLAY TABANLI KAMERALARIN
KULLANIMI

Kılıç, Onur Selim

Yüksek Lisans, Elektrik ve Elektronik Mühendisliği Bölümü

Tez Yöneticisi: Prof. Dr. A. Aydın Alatan

Ağustos 2022 , 71 sayfa

Video Karesi Aradeğerlendirmesi (VKA), orijinal videonun iki ardışık karesinin ara-

sında kareler sentezlemeyi amaçlar. Modern kare aradeğerlendirme teknikleri, nesne-

lerin hareketlerini dikkate alarak ara çerçeveler oluşturur. Ancak, bu yaklaşımlar, ana

kareler arasında bilgi olmadan başarısız olan birinci dereceden bir yaklaşımı benim-

ser. Olay temelli kameralar, kareler arasındaki ölü zamanda ek bilgi sağlayan yeni

sensörlerdir. Yüksek zamansal çözünürlük ve düşük gecikme ile piksel başına par-

laklık değişikliklerini eşzamansız olarak ölçerler. Hem olay temelli bilgiyi hem de

orijinal çerçeveleri kullanan algoritmalar, birinci dereceden yaklaşım probleminin üs-

tesinden gelir fakat gölgelenme ve olayların yetersiz olduğu bölgelerle ilgili sorunları

vardır. Bu tez, kaliteli ara çerçeveler oluşturmak için olay temelli bilgileri ve standart

görüntüleri görsel dönüştürücüleri ile birleştirmeyi amaçlamaktadır. Sonuçlar, ortaya

konulmuş olan tekniğin en güncel teknikleri geçtiğini göstermektedir.

Anahtar Kelimeler: Olay Temelli Kameralar, Video Kare Enterpolasyonu
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CHAPTER 1

INTRODUCTION

1.1 Motivation

A graduate student at Caltech, Misha Mahowald, started to work with Prof. Carver

Mead in 1986 which was the �rst work to combine biological and engineering per-

spectives together on the stereo problem. In 1991, an image of a cat on the cover of a

popular science journal[2], obtained by the novel "Silicon Retina" showed the world

the exciting sight of neuromorphic engineering. Many researchers worldwide are still

trying to understand how the brain works and to build one on a computer chip.

Computers today consume much too much energy. They are not sustainable plat-

forms for the sophisticated arti�cial intelligence (AI) applications that are becoming

more popular in our lives. Until 2012, processing power consumption doubled ev-

ery twenty-four months; this has lately been reduced to every two months, which

is shown in Figure 1.1a. As shown in Figure 1.1b, a combination of smart archi-

tecture and software-hardware co-design has produced remarkable advancements. At

the research and development stage, even signi�cant performance improvements have

been achieved, and it is expected that we can accomplish much more. Unfortunately,

traditional computer technologies will be unable to meet the demand in the near fu-

ture. This demand is particularly noticeable when the expensive cost of training for

the most complicated deep learning models is considered. Figure 1.1c shows the in-

creasing demand over the years. Alternative techniques are required. Fortunately, the

situation can be improved by drawing inspiration from biology, which takes a whole

different approach to memory and processing, storing information in a completely

different way or functioning directly on signals, and utilizing signi�cant parallelism.
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(a) The four-decade growth in computing power re-

quirement.

(b) AI hardware ef�ciency over the years.

(c) Costs of training AI models.

Figure 1.1: Computational and cost requirements over the last few years [55].

Event cameras (event cameras and event-based cameras are used interchangeably)

are a type of sensor that tries to emulate the functioning of biological retinas, such

as [48], [70], [10], and [86], which aim to solve classical as well as new computer

vision and robotic tasks. Event cameras can deliver new levels of performance and
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ef�ciency in a wide range of applications which attracted both the academia and the

industry. This result is due to the advantages that they offer to tackle problems that

are dif�cult with standard frame-based image sensors. With their advanced hardware,

event cameras are very promising in problems such as high-speed motion estimation

[22], [26] or high dynamic range (HDR) imaging [75].

Event cameras are visual sensors that simply only record visual appearance changes in

the scene, in contrast to their conventional counterparts, which capture light radiance

at every point in the scene. See Figure 1.2 below.

Figure 1.2: Illustration of light capturing mechanism of event-based cameras [29].

Event cameras change the way in acquiring visual information. This change is due

to the fact that they do not use a clock that determines the instances in which the

camera takes an image. Instead, they work asynchronously to capture the light in

the changing areas of the scene. With their high temporal resolution, low latency (in

the order of microseconds), very high dynamic range (140dB vs. 60dB of standard

cameras), and low power consumption, event cameras are very useful in robotics and

wearable applications under challenging scenarios.

The main areas in which event cameras have advantages over other cameras include

real-time interaction systems, robotics, and wearable devices [20]in which Uncon-

trolled lightning conditions, latency, and power [50] are essential. Additionally, event

3



cameras are used for object tracking [21],[30], surveillance [49], monitoring, and

gesture recognition [64], [43], [3].

Event cameras are also used for depth estimation [79], [72], structured light 3D scan-

ning [9], [100], HDR image reconstruction [75], [18], [39] and Simultaneous Local-

ization and Mapping (SLAM) [40], [73], [92]. Latest research has shown that event

cameras can also be used for image deblurring [66] or star tracking [16], [15]. As

event cameras become more available for public use, the applications of event-based

cameras are becoming diverse.

As a different and exciting application, capturing high-resolution videos with high

frame rates often requires the use of professional high-speed cameras, which are out

of reach for most regular users. Modern mobile device manufacturers have attempted

to include more affordable sensors with comparable functionality into their systems,

but they are still limited by the enormous memory needs and high power consumption

associated with these sensors.

Video Frame Interpolation (VFI) solves this aforementioned problem by transforming

moderate frame rate sequences into high frame rate videos in post-processing. How-

ever, using only keyframes to construct intermediate frames is a suboptimal solution,

as the objects can move faster than the frame rate of the camera and cause motion blur

or ghosting artifacts. Event-based cameras are not as expensive as the high frame rate

cameras that are inaccessible to general users, and they provide valuable information

in between thedeadtimebetween keyframes.

Our motivation is to use both the data from the event camera and the frames from a

standard low FPS imaging system to create high frame rate video sequences.

1.2 Scope of the Thesis

We �rst analyze some of the state-of-the-art video frame interpolation algorithms.

Some of these algorithms use only frames, and some use both frames and events. By

the results of these analyses, we present our method that will use both the events and

the frames effectively, namelyEvent Attention Video Frame Interpolation. Finally,

4



we present the conducted experiments and the comparison of our method to the state-

of-the-art video frame interpolation algorithms.

1.3 Outline of the Thesis

An overview of the event-based cameras and the preliminary experiments is presented

in Chapter 2. Chapter 3 and Chapter 4 explains the video frame interpolation tech-

niques that are using only frames and frames together with events, respectively. In

Chapter 5, the proposed method and conducted experiments are explained in detail.

Finally, Chapter 6 concludes this thesis with a summary and future works.
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CHAPTER 2

EVENT-BASED CAMERAS: FUNDAMENTALS AND PRELIMINARY

EXPERIMENTS

This chapter presents an overview of event-based cameras. Section 2.1 introduces the

operations of event-based cameras. Section 2.2 introduces the current methods that

are utilized to represent events. Section 2.3 explains the advantages and disadvan-

tages of event-based cameras. Finally, Section 2.5 presents the existing datasets and

simulators that are available for event-based vision in the literature.

2.1 Operation of Event-based Cameras

Event cameras, such as Dynamic Vision Sensor (DVS) [48], [44], [46], [47], [45],

respond to illumination changes in the scene asynchronously and separately for every

pixel, in contrast to conventional cameras, which capture entire pictures at a pace

determined by an external clock as in Figure 1.2 (e.g. 30 fps). Figure 2.1a shows

the basic circuit diagram of a general event-based camera and, Figure 2.1b shows

the relation between the log intensity and event generation model of an event-based

camera.

Since each event represents a change in the illumination (i.e. log intensity) of a preset

magnitude at a pixel at a particular time, the output of an event camera is a con�g-

urable data-rate series of digital "events" or "spikes". The spiking behavior of the

biological visual systems served as the inspiration for this mapping.

Every time a pixel delivers a signal, it learns the log intensity and constantly waits

for a deviation from this learned value of a suitable magnitude. The camera transmits

7



(a) General circuit diagram for an event-based camera.

(b) Generation of events from the illumination changes.

Figure 2.1: General hardware structure of DAVIS event-based camera [25].

an event, which is sent from the chip by thex, y position, the timet, and the 1-bit

polarity p of the change (i.e., illumination increase ("ON") or decrease ("OFF")), once

the variation surpasses a threshold.

Event cameras are data-driven sensors; the output they provide is based on how much

the scene is moving or changing in brightness. More events are produced per sec-

ond the quicker the motion. These sensors respond rapidly to visual information

since events are timestamped with microsecond precision and communicated with

sub-millisecond delay.

The incident light at a pixel results from surface re�ectance and scene illumination.

If the amount of light is roughly constant, a change in log intensity indicates a shift

in re�ectance. The displacement of objects within the �eld of sight is mostly the

8



reason for these variations in re�ectance. The DVS illumination change events have

an invariance to scene lighting built into them due to this reason [48].

2.2 Representations of Event Data

There are several techniques of representing the events that are captured through an

event-based camera. Although there are many representation techniques, most of the

popular techniques useindividual events, event count, andvoxel grids.

Events are mostly obtained in the form of(x k ; tk ; pk), wherex is the pixel location

of the event,p is the polarity, andt is the time stamp. Event-by-event processing

techniques make use of single events, including probabilistic �lters, [26, 39, 40], and

spiking neural networks (SNNs) [78, 31]. Either the �lter or SNN has extra infor-

mation that is combined asynchronously with the received event to generate an out-

put. This extra data could be obtained via more knowledge or built up from previous

events. Following are a few instances that use the individual events approach [26],

[39], [81], [95], and [68].

Event count representation creates an output by processing all of the events in a

spatio-temporal region (E := f ekgNe
k=1 ). This encoding preserves the exact timing

and polarity information. In order to meet the presumptions of the algorithm (such

as constant movement speed for the packet), which change depending on the job, se-

lecting the proper packet sizeNe is essential. The approaches in [79], [72], [76], and

[58] are some typical examples.

Each voxel in a voxel grid, which is a space-time (3D) histogram of events, corre-

sponds to a particular pixel and time period. By not collapsing the events onto a 2D

grid, this representation keeps the temporal features of the events more effectively.

If the polarity is utilized, the voxel grid is an intuitive discretization of a scalar �eld

formed on the picture plane, after the exclusion of events denoted by zero polarity

(polarity p(x; y; t ) or brightness variationL(x; y; t )=t). The polarity of each event

might be distributed over its nearest voxels [75], [101], [74] or collected on a single

voxel [7], [93]. The former (interpolated voxel grid) offers sub-voxel precision while

both approaches quantize event timestamps.
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Figure 2.2: The visualization of voxel grid representation for5 consecutive frames

with. The time between each consecutive frames is divided into64 grids for this

example.

Figure 2.3: The visualization of voxel grid representation for5 consecutive frames

with. The time between each consecutive frames is divided into6 grids for this ex-

ample.
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