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Event-based Vision: A Survey E

Guillermo Gallego, Tobi Delbrick, Garrick Orchard, Chiara Bartolozzi, Brian Taba, Andrea Censi,
Stefan Leutenegger, Andrew Davison, Jérg Conradt, Kostas Daniilidis, Davide Scaramuzza

Abstract— Event cameras are bio-inspired sensors that work radically different from traditional cameras. Instead of capturing images
at a fixed rate, they measure per-pixel brightness changes asynchronously. This results in a stream of events, which encode the time,
location and sign of the brightness changes. Event cameras posses outstanding properties compared to traditional cameras: very high
dynamic range (140 dB vs. 60 dB), high temporal resolution (in the order of us), low power consumption, and do not suffer from motion
blur. Hence, event cameras have a large potential for robotics and computer vision in challenging scenarios for traditional cameras,
such as high speed and high dynamic range. However, novel methods are required to process the unconventional output of these
sensors in order to unlock their potential. This paper provides a comprehensive overview of the emerging field of event-based vision,
with a focus on the applications and the algorithms developed to unlock the outstanding properties of event cameras. We present event
cameras from their working principle, the actual sensors that are available and the tasks that they have been used for, from low-level
vision (feature detection and tracking, optic flow, etc.) to high-level vision (reconstruction, segmentation, recognition). We also discuss
the techniques developed to process events, including learning-based techniques, as well as specialized processors for these novel
sensors, such as spiking neural networks. Additionally, we highlight the challenges that remain to be tackled and the opportunities that
lie ahead in the search for a more efficient, bio-inspired way for machines to perceive and interact with the world.

Index Terms—Event Cameras, Bio-Inspired Vision, Asynchronous Sensor, Low Latency, High Dynamic Range, Low Power.
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1 INTRODUCTION AND APPLICATIONS as well as new computer vision and robotic tasks. Sight is,
F g
1/ HE brain is imagination, and that was exciting to me; I by far, the dominant sense in humans to perceive the world,
wanted to build a chip L:hi?f could imagine @Gmf’thiﬁﬂl" and, together with the brain, learn new things. In recent
I : > something’'.

that is how Misha Mahowald, a graduate student at Caltech years, this technology has attracted a lot of attention from
in 1986, started to work with Prof. Carver Mead on the both academia and industry. This is due to the availability

i : . . . . . of prototype event cameras and the advantages that these
stereo problem from a joint biological and engineering per- J .
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http://rpqg.ifi.uzh.ch/docs/EventVisionSurvey.pdf



http://rpg.ifi.uzh.ch/docs/EventVisionSurvey.pdf

Open Challenges in Computer Vision

The past 60 years of research have been devoted to
frame-based cameraxX 6 dzi G KSé | NB y20 3

Dynamic Range

Event cameraslo not suffer from these problemg



What Is an event camera?

Novelsensorthat measurenly motion in the scene

First commercialized in 2008y T. Delbruck (UZH&ETH) u
the name of Dynamic Vision Sensor (DVS)

U Lowlatency(~ 1> R
U Nomotion blur %
U Highdynamicrange(140 dB instead of 60 B |m6f the solar eclipse
U Ultra-low power(mean: 1mW vs 1W) captured by a DVS
standard 0
Traditional vision output: |9
algorithms cannot ’ —
be usedbecause:
A Asynchronousixels event
A Nointensity information ¥ camera
(only binary intensity output:
change$ Video from herehttps:// youtu.be/LauQ6LWTkxM?t=30

[LichtsteineyPoschDelbruck A 128x128 120 dB 15us Latency Asynchronous Temporal Contrast S&sis0r2008



https://youtu.be/LauQ6LWTkxM?t=30
https://pdfs.semanticscholar.org/9def/c75da5ea17ff8af18dc5c6e49467db9de0ad.pdf

Camera vs Event Camera

A Atraditional cameraoutputs frames afixed time intervals

frame next frame
- , time
0 A

A By contrast, &V Soutputs asynchronous eventat microsecondesolution. Anevent is
generated each time a single pixkdtects an intensity changes value

events stream

, time
0 A §
event.<0h(om>h Qe 5
Timestamp(/79) J
Pixel coordinate

Event polarity (osign) (-1 or 1): increaseor decreasef brightness

[LichtsteineyPoschDelbruck A 128x128 120 dB 15us Latency Asynchronous Temporal Contrast S&sisnr2008



https://pdfs.semanticscholar.org/9def/c75da5ea17ff8af18dc5c6e49467db9de0ad.pdf
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Generative Event Model -+
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Events are triggeredsynchronously

Lichtsteineret al., A 128x128 120 dB 15us Latency Asynchronous Temporal Contrast VisionlBEESO!
Journal of Solikbtate Circuits2008



Event cameras are inspired by the Human E
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Human retina:
U 130 millionphotoreceptors
U But only 2 millioraxond
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EventCamera Output with N&otion

Without motion, only background noise is output

StandardCamera EventCamerg ON OFFeventy

| ’pT:40ms



EventCamera Outpuivith Relative Motion

StandardCamera EventCamerg ON OFFeventy

nT =10ns



Event Camera Output with Relative Motiol

StandardCamera EventCamerg ON OFFeventy

nT = 4(}hs



Examples






robot

Conradt, Cook, Berner, Lichtsteiner, Douglas, Delbruck, A pencil balancing robot using a pair of
AER dynamic vision sensors, IEEE International Symposium on Circuits and Systems. 2009




Lowlight Sensitivity (night drive)

GoPro Hero 6 Event Camera by Prophesee
White = Positive events
Black = Negative events

Video courtesy of Propheseketips://www.prophesee.al


https://www.prophesee.ai/

Highspeed vs Event Cameras

4 4

High speed camera Standard camera Event Camera
Max fps or measurement rate Up to 1MHz 100-1,000 fps 1MHz
Resolution at max fps 64x16 pixels >1MpxI >1MpxI|
Bits per pixels (event) 12 bits 8-10 per pixel ~40 bits/event {t,(x,y),p)}
Weight 6.2 Kg 309 3049
Active cooling yes No cooling No cooling
Data rate 1.5 GB/s 32MB/s ~1MB/s on average

(depends on dynamics)

Mean power consumption 150 W + external 1w 1mW

light
Dynamic range n.a. 60 dB 140 dB

15


http://www.photron.com/index.php?cmd=product_general&product_id=7&product_name=FASTCAM+SA5

Current commercial applications

U Internet of Things (loT)
ALowpower, alwayson devices for monitoring and surveillance

U Automotive:
Alow-latency, high dynamic range (HDR) object detection
Alow-power training & inference
Alow-memory storage
U AR/VR
Alow-latency,low-power tracking
U Industrial automation
AFast pick and place



Who sells event cameras and how much are they

U Inivation
DAVIS sensoframes, events, IMU
Resolution~QVGA (346x260 pixels)
Cost: 6,000 USD
U Insightness
RINO sensorframes, events, IMU.
Resolution:~QVGA3I20x262pixel9
Cost: 6,000 USD
U Prophesee
ATIS sensoevents, IMU, absolute intensity at the event pixel
Resolution: 1M pixels
Cost: 4,000 USD
U CelexPixel'echnology
CelexOne:events, IMU, absolute intensity at the evauikel
Resolution: 1M pixels
Cost: 1,000 USD
U Samsung Electronsc
Samsung DVS: events, IMU
Resolution: up to 1MpxI
Cost: not listed



https://inivation.com/buy/
https://www.insightness.com/
https://www.prophesee.ai/
https://www.celepixel.com/

Comparison of current event cameras

Table 1
Comparison of commercial or prototype event cameras. Values are approximate since there is no standard measurement testbed.

Supplier iniVation Prophesee Samsung CelePixel Insightness

Camera model DVS128 | DAVIS240 | DAVIS346 ATIS | Gen3 CD |Gen3 ATIS | Gen 4 CD |DVS-Gen2|DVS-Gen3| DVS-Gen4 | CeleX-IV | CeleX-V Rino 3
Year, Reference 2008 [2] 2014 [4] 2017 2011 [3] | 2017 [67] | 2017 [67] | 2020 [68] 2017 [5] | 2018 [69] | 2020 [39] | 2017 [70] | 2019 [71] 2018 [72]
Resolution (pixels) 128 x 128 240 x 180 346 > 260 | 304 x 240|640 x 480| 480 x 360 | 1280 x 720|640 x 480 | 640 x 480 | 1280 = 960| T68 x 640 | 1280 x 800 320 x 262
Latency (ps) 12ps @ 1klux | 12ps @ Tklux 20 3 40 - 200 40 - 200 20 - 150 65 - 410 50 150 10 8 125us @ 10lux
Dynamic range (dB) 120 120 120 143 > 120 > 120 > 124 90 90 100 90 120 > 100
Min. contrast sensitivity (%) 17 11 14.3- 225 13 12 12 11 9 15 20 30 10 15

g Power consumg)tion (mW) 23 5-14 10-170 50-175 36 -95 25 - 87 32-84 27 - 50 40 130 - 400 20-70

=2 | Chip size (mm*) 6.3 x 6 5x5 Bx6 99 x 82|96 x72| 96x72 | 622x35| 8x58 8 x 58 84 x 7.6 |155 x 15.8|14.3 =« 11.6 53 x 53

.g Pixel size (um?) 40 = 40 18.5 x 185 |185 x 185| 30 x 30 | 15 x 15 20 x 20 |4.86 x 4.86| 9x9 9x9 [495 x495| 18 x 18 9.8 x 9.8 13 % 13

‘g | Fill factor (%) 8.1 22 22 20 25 20 > 77 11 12 22 8.5 8 22

% Supply voltage (V) 3.3 1.8 & 3.3 18&33 | 18&33 18 1.8 114&25 | 1.2&28 | 1.2&28 18&33 | 1.2&25 18&33

= | Stationary noise (ev/pix/s) at 25C 0.05 0.1 0.1 - 0.1 0.1 0.1 0.03 0.03 0.15 0.2 0.1

g CMOS technology (nm) 350 180 180 180 180 180 90 90 90 65/28 180 65 180

X 2P4M 1P6M MIM |1P6M MIM| 1P6M | 1P6M CIS| 1P6M CIS BI CIS 1P5M BSI 1PeM CIS CIs 1PeM CIS
Grayscale output no yes yes yes no yes no no no no yes yes yes
Grayscale dynamic range (dB) NA 55 56.7 130 NA > 100 NA NA NA NA 90 120 50
Max. frame rate (fps) NA 35 40 NA NA NA NA NA NA NA 50 100 30

Z |Max. Bandwidth (Meps) 1 12 12 - 66 66 1066 300 600 1200 200 140 20

g Interface USB 2 USB 2 USB 3 USB 3 USB 3 USB 3 USB 2 USB 3 USB 3 USB 2

& |IMU output no 1kHz 1kHz no 1kHz 1 kHz no no 1kHz no no no 1kHz

. ~
[able from[Guillermo et al., TP A M| ( Taldle] 1
[95]Rp [ AOKUGAGSAYSNE / @ iR&ANDKIB 1¥siatBneyasyncirdddus BzO0R M1 & ! O/ W v NI EEE JZSoldtateCifcuits 2983 2 NE

http:// dx.doi.org/10.1109/JSSC.2007.914337

[135] C Posch D.Matolin, and RWohlgenannt®

Time5 2 YI Ay /EEE E Soigliaty Gircuitd6.1, 2011 http:// dx.doi.org/10.1109/JSSC.2010.2085952

[16] C.Brandli R.Berner M. Yang, S. @
49.10 (2014), pp. 2382341.http:// dx.doi.org/10.1109/JSSC.2014.2342715
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[31] https://inivation.com/wpcontent/uploads/2019/07/201907-09-DVSSpecifications. pdf

[138] https://www.prophesee.ai/eventbasedevik/

[166] http:// rpg.ifi.uzh.ch/docs/CVPR19workshop/CVPRW19 Eric_ Ryu_Samsung.pdf

[23] http:// rpg.ifi.uzh.ch/docs/CVPR19workshop/CVPRW19 CelePixel.pdf



http://dx.doi.org/10.1109/JSSC.2007.914337
http://dx.doi.org/10.1109/JSSC.2010.2085952
http://dx.doi.org/10.1109/JSSC.2014.2342715
https://inivation.com/wp-content/uploads/2019/07/2019-07-09-DVS-Specifications.pdf
https://www.prophesee.ai/event-based-evk/
http://rpg.ifi.uzh.ch/docs/CVPR19workshop/CVPRW19_Eric_Ryu_Samsung.pdf
http://rpg.ifi.uzh.ch/docs/CVPR19workshop/CVPRW19_CelePixel.pdf
http://rpg.ifi.uzh.ch/docs/EventVisionSurvey.pdf

How do we unlock the outstanding potenti:
of event cameras:
A Low latency

A High dynamic range
A No motion blur




Recall the Generative Event Model

An event is triggeredt asingle pixelf
1 T@h) |1 1T 30 06

I T'@h

0 "0'00 "0'00 00 0 'O®'O0 00



1st OrderApproximation

A Let us defin@(cfufd) 0 ¢ "Qufuid)

A Consider a given pixil ofto with gradient O ¢fto undergoing the motion
O 6h) in pixels, induced by a moving 3D pdiat

A Then it can be shown that: . .
U | O

Gallego et al., Event-based Vision: A Survey, arXiv, 2019. PDF


http://rpg.ifi.uzh.ch/docs/EventVisionSurvey.pdf

Proof

The proof comes from thbrightness constancy assumptiomwhich says that the intensity
value offhbefore and after the motion, must remain unchanged:

O(aftdt) O(w ohw O YO
By replacing the rigHband term by its 2 order approximation ab Yo, we get:
n \VIV‘ n \VIV\ U\ TOI 0‘
V(chuhy) UL(adWd YOb—0 —vU
Tw W
Al \ ™~ r v‘ N \ n \ ™~ r v‘ i-‘) 14 \
i O(odud YO O(aiuh) T —o6 —0
W W

vy r[a 0 "|]

This equation describes thmearizedevent generation equation for aeventgeneratedoy a
gradient 0 that movedby a motion vectof| (optical flow) during a time intervalo.




Example 1: Image Reconstruction from events

U Probabilistic simultaneougradient & rotation estimation frond 0 "l

U Obtain intensity from gradients via Poisson reconstruction

U The reconstructed image has sugesolution and high dynamic range (HDR)
U In real time on a GPU

Event Camera & Scene Visualisation of Events

Kimet al, Simultaneou$osaicing and Tracking with an Evént YSNJ} = . a+/ Q|



Example 2: 6DoF Tracking from PhotomdWap

U Probabilistic, simultaneous motion & contrast estimation fram 0 “l
U Assumes photometric map,f,z grayscale Intensity) is given

U Useful for VR/AR applications (ldatency,HDR, no motion blur)

U RequiresGPU to run in real time

R

Gallego et al Eventbased6-DOFCamera Trackinjom Photometric Depth Mapg-PAMI, 2018.PDFVideo



http://rpg.ifi.uzh.ch/docs/PAMI17_Gallego.pdf
https://www.youtube.com/watch?v=iZZ77F-hwzs

Example 2: 6DoF Tracking from PhotomdWap

3 e
"y

raw revents:

|\ University of
s Zurich™

‘-‘""‘x'

P

Bryneret al.,Eventbased, Direct Camera Tracking from a Photom@&gpthMap> L / WDFAded ¢


http://rpg.ifi.uzh.ch/docs/ICRA19_Bryner.pdf
https://youtu.be/ISgXVgCR-lE

Event camera

Motion estimation

Event-based (EB)
Frame-based (FB)

N

Gallego et al Eventbased6-DOFCamera Trackinjom Photometric Depth Mapg-PAMKQ mED®Video


http://rpg.ifi.uzh.ch/docs/PAMI17_Gallego.pdf
https://www.youtube.com/watch?v=iZZ77F-hwzs

Example 3: Parallel Tracking & Mapping (SLAM

U Tracking: EKF in 6 DOF pose
A Uses random walk model & inverse depth
A Use P order approximation of generative event modelupdate pose

U Runsinreal time on a GPU

semi-dense 3D point cloud

input events estimated [ reconstructed estimated
visualisation gradient keyframe intensity keyframe depth keyframe

Kim et al. RealiTime3D Reconstruction andBoF Tracking with an Eve@amera 9/ / £ Qwm



What ifwe combined the complementary
advantages of event and standard cameras?



Why combining them?

< 10 years research > 60 years of research!

Event Camera Standard Camera

Update rate High (asynchronous): 1 MHz Low (synchronous)
Dynamic Range High (140 dB) ’ Low (60 dB)

Static motion No (event camera is a high pass filter)

Absolute intensity BNEN(ERSTIEEL] R BRI E Rl Yes

Maturity < 10 years of research > 60 years of research!



DAVIS sensoEvents + Images IMU

i Combines amvent and a standar¢amera irthe same pixebrrayo My K S
same pixel can both trigger events and integrate light intensity).

U It also has an IMU

12.01

12.02

12.03 Eac)

12.04 <
12.05

Time [s] 12.06

12.07 0

Spatictemporal visualization Temporal aggregation of events
of the output of a DAVIS sensor overlaid on a DAVIS frame

i | o M o >

R

Standardmages
>
Im
Bvents > time

Brandliet al. A 240x180 130dB 3us latency global shutter spatiotemporal vision séBE@r JSSC;201-



Example 1: Deblurring a blurry video

U Ablurry imagecan be regardeds theintegral of a sequence dhatent images

during the exposure timewhile theeventsindicatethe changes between the
latent images

U Finding sharp image obtained by subtracting the double integral of event fror
iInput image

Input blur image Input events Output sharp image

Pan et al., Bringing a Blurry Frame Alive at High FRate with an Evenlt  YSNJ} = [/ +t



Example 1: Deblurring a blurry video

U Ablurry imagecan be regarded as thiategral of a sequence datent images

during the exposure time, while theventsindicate thechanges between the
latent images

U Finding sharp image obtained by subtracting the double integral of event fror
iInput image

Input blur image Output sharp video

Pan et al., Bringing a Blurry Frame Alive at High FRate with an Evenlt  YSNJ} = [/ +t



Example 1: Deblurring a blurry video

U Ablurry imagecan be regarded as thiategral of a sequence datent images

during the exposure time, while theventsindicate thechanges between the
latent images

U Finding sharp image obtained by subtracting the double integral of event fror
iInput image

Input blur image Output sharp video

Pan et al., Bringing a Blurry Frame Alive at High FRate with an Evenlt  YSNJ} = [/ +t



What about an asynchronous
LucaKanadeTomasi(KLT) Tracker for Event Camer

Gehrig et al., EKLAsynchronous, Photometric Feature Tracking using EventBranmakes, 1JCV 2019.
PDE YouTube Evaluation Code TrackingCode



http://rpg.ifi.uzh.ch/docs/IJCV19_Gehrig.pdf
https://youtu.be/ZyD1YPW1h4U
https://github.com/uzh-rpg/rpg_feature_tracking_analysis
https://github.com/uzh-rpg/rpg_eklt

Asynchronous, Photometric Feature Tracking using Events and Fr:

U Goal Extractfeatures onframesand track them using onlgventsin the blind
time between twoframes

U Uses the event generation model yaant estimation of patch warping and
optic flow

Source codehttps:// github.com/uzhrpag/rpg eklt

Gehrig et al., EKLAsynchronous, Photometric Feature Tracking using EventBramies, 1JCV 20109.
PDF YouTube Evaluation Code TrackingCode



http://rpg.ifi.uzh.ch/docs/IJCV19_Gehrig.pdf
https://youtu.be/ZyD1YPW1h4U
https://github.com/uzh-rpg/rpg_feature_tracking_analysis
https://github.com/uzh-rpg/rpg_eklt
https://github.com/uzh-rpg/rpg_eklt

High-Speed, NeaEye Gaze Tracking

Task Estimate gazgector of the eye at >1'000Hz in réahe on portable system

A Update Rate beyond 10 kHz
A Accuracy comparable to ~

commercial product (EyeLink %/mm
A Portable and lowpower P T

Example Applications:
A AR/VR
A Driver drowsiness detection

Frames & Events Pupil Fitting

=

Frames TOD View

e
N\H
) _|

Side View

I_ Front View *

AngelopoulosS (i EventBased, Nedtye Gaze Tracking Beyond 10,0G0Bzxiv20.PDF


https://arxiv.org/pdf/2004.03577.pdf

High-Speed, NeaEye Gaze Tracking

Task Estimate gazgector of the eye at >1'000Hz in réahe on portable system

A Update Rate beyond 10 kHz

A Accuracy Comparab|e to system update rate (Hz) | accuracy (°) | portable
commercial product (EyeLinkPupil Labs [1] 200 ~ 1 v
A Portable and lowpower Tobii [3] 120 0.5-1.1 v
EyeLink [2,14] 1,000 ~ 0.5
Ours > 10, 000 0.45-1.75 v

Example Applications:
A AR/VR
A Driver drowsiness detection

Frames & Events Pupil Fitting

//,

/
/
/

— Frames Top View
F\\

L Front View )\ Side View

AngelopoulosS (i EventBased, Nedtye Gaze Tracking Beyond 10,0G0Bzxiv20.PDF



https://arxiv.org/pdf/2004.03577.pdf

High-Speed HumaiMotion Tracking

Task 3D human motion capture at 1'000 Hz

A 30x lower databandwidth than higkspeed framebased approach
A Works even in lowight

A Utilize frames (25 Hz) and eve -

£
&
.“
ke v
o 2
» 1 y
- ./ -
.
.
:

“ " O » “

DAVIS240C Event stream

Motion apturé at 1000 7ps

XuS i EvendCaEpManocular 3D Capture of Higbpeed Human Motions using an Event Cashdiy/PR2@DF
Calabresetl., "DHP19: Dynamic Vision Sensor 3D Human Pose Dataset", CVPRW19.


https://arxiv.org/pdf/1908.11505.pdf
http://openaccess.thecvf.com/content_CVPRW_2019/papers/EventVision/Calabrese_DHP19_Dynamic_Vision_Sensor_3D_Human_Pose_Dataset_CVPRW_2019_paper.pdf

Recap

U All the approaches seen so far enabf/nchronouslow-latency(~10>s)
algorithmicupdate on arevent-by-event fashion

U However:
Eventby-event update require§&PU for reatime processing
Additionally, they make use of trggenerative event model

6 1 1T'®why 1 T'@n 30
or its 15t order approximation
0 o "l ,

whichrequires knowledge of the contrast sensitivity (which isscene
dependentand mightdiffer from pixel to pixe)



Focus Maximization for:

Motion estimation

3D reconstruction
SLAM

Optical flow estimation
Feature tracking
Motion segmentation
Unsupervised learning

Too To T T o o T

Gallego et al A Unifying Contrast Maximization Framework for Ev@ameras, CVPRIBDI-YouTube
Gallego et al., Focus All You Need: Loss Functions for BmastedVision, CVPR18DE



http://rpg.ifi.uzh.ch/docs/CVPR18_Gallego.pdf
https://youtu.be/KFMZFhi-9Aw
http://rpg.ifi.uzh.ch/docs/CVPR19_Gallego.pdf

ldea: Warpspatiotemporal volume of events ttmaximize
focus(e.qg., sharpness)f the resulting image

Gallego et al A Unifying Contrast Maximization Framework for Ev@ameras, CVPRIBDI-YouTube
Gallego et al., Focus All You Need: Loss Functions for EmsedVision, CVPR128DE



http://rpg.ifi.uzh.ch/docs/CVPR18_Gallego.pdf
https://youtu.be/KFMZFhi-9Aw
http://rpg.ifi.uzh.ch/docs/CVPR19_Gallego.pdf

FocudViaximization Framework

Input Events

Image of Focus score
'f
OolP + ] o e
Optimize point trajectories

Dol P

Can be implemented in a slidiwgndow fashion to

enable per lowlatency, perevent update rate
Runs in real time on a CPU

Gallego et al A Unifying Contrast Maximization Framework for Ev@ameras, CVPRIBDI-YouTube
Gallego et al., Focus All You Need: Loss Functions for EmsedVision, CVPR128DE



http://rpg.ifi.uzh.ch/docs/CVPR18_Gallego.pdf
https://youtu.be/KFMZFhi-9Aw
http://rpg.ifi.uzh.ch/docs/CVPR19_Gallego.pdf

Application 1: Image Stabilization e pu

. : : : +x

U Problem: Estimate rotational motion (3DoF) of an eventx
camera s | pan

U Can process millions of events per second in real time on
a smartphone CPU (OdroidXU4)

U Works up to over-1,000ded’s

Gallego etl., Accurate Angular VelociBstimation withan Event | YS N} = L BD&F\9deav! [



http://rpg.ifi.uzh.ch/docs/RAL16_Gallego.pdf
https://youtu.be/v1sXWoOAs_0

Application 3: 3D Reconstruction from a Train at 200km/|

External
camera

DVS
Events

%
In collaboration with SIEMENS and theSwissRailway company, S E

SBB CFF FFS__

Rebecq et al., EVO: A Geometric Approachto Bvased 65 h C t | NI} £ £ St ¢ N} O RDFHded
Rebecq et al., EMVS: Evdratsed MulttView Stereo, IJCV, 2018DFVideoSource Code



http://rpg.ifi.uzh.ch/docs/RAL16_EVO.pdf
https://youtu.be/bYqD2qZJlxE
http://rpg.ifi.uzh.ch/docs/IJCV17_Rebecq.pdf
https://youtu.be/EFpZcpd9XJ0
https://github.com/uzh-rpg/rpg_emvs

Application 4: MotiorSegmentation

Conventional Frames Sequence: Fan and Coin

One motion model is used per cluster; one for the fan, modelling
rotation, one for the coin, modelling optic flow

Motion-Compensated Segmented Events

| 4

,h@/S/ X

StoffregenS G I f ®X a2GA2y {SIAYSYydl GdA2 PDRiGeaa 2



https://arxiv.org/pdf/1904.01293
https://youtu.be/0q6ap_OSBAk

10N

MotiorSegmentati

Application 4
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{ SAYSyYyul A 2 ¥YDRigeaa 2 |

~

~

7

azluA2zy

f &

StoffregenS U


https://arxiv.org/pdf/1904.01293
https://youtu.be/0q6ap_OSBAk

Application 5:
Drone Dodging Dynamic Obstacles



Eventbased Dynami©bstacle Detection & Avoidance

U Works with relative speeds ob to 10 m/s
U Perception latency3.5 ms

Science

Roboticé

Falanga et alDynamic Obstacle Avoidance for Quadrotors with Event Can&esmce Robotic£020.PDEVideo
Falangaet al. How Fast is too fast? The role of perception latency in high speed sense anavdv¢id® MmEdid@eo



http://robotics.sciencemag.org/cgi/content/full/5/40/eaaz9712?ijkey=1Hv6p.mM6b6CI&keytype=ref&siteid=robotics
https://youtu.be/BzykucxFddI
http://rpg.ifi.uzh.ch/docs/RAL19_Falanga.pdf
http://youtu.be/sbJAi6SXOQw

How can we separate events triggered by -egotion from

events triggered by the moving object?

Falanga et alDynamic Obstacle Avoidance for Quadrotors with Event Cane&sice Robotic£020.PDEFVideo

Falangaet al. How Fast is too fast? The role of perception latency in high speed sense anavdv¢idP Mk deo


http://robotics.sciencemag.org/cgi/content/full/5/40/eaaz9712?ijkey=1Hv6p.mM6b6CI&keytype=ref&siteid=robotics
https://youtu.be/BzykucxFddI
http://rpg.ifi.uzh.ch/docs/RAL19_Falanga.pdf
http://youtu.be/sbJAi6SXOQw

ldea: Warpspatiotemporal volume of events to maximize contrast ¢
the resultingimage: Static objects will appear sharp, while moving
ones will appeared blurred.
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UltimateSLAM

combiningevents images andIMU for robust
visual SLAM in HDR and High Speed Scenaric



UltimateSLAM: combining Events + Frames + ML

Back-End
State-of-the-art
Sliding-Window

Visual-inertial Fusion

Front End:

Feature tracking from
Events and Frames
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Rosinokt al., Ultimate SLAM® ! [ @Begtw ! [ Q m y Awart HdSoMble MentionPDEVidea IEEE Spectrum
Mueggleret al., ContinuousTime Visualnertial Odometry for Evertameras¢ w h (Pidly



http://rpg.ifi.uzh.ch/docs/RAL18_VidalRebecq.pdf
https://youtu.be/jIvJuWdmemE
http://spectrum.ieee.org/automaton/robotics/drones/drone-with-event-camera-takes-first-autonomous-flight
http://rpg.ifi.uzh.ch/docs/TRO18_Mueggler.pdf

Application: Autonomous Drone Navigation in Low Lic
UltimateSLAM running on board (CPU: Odroid XU4)
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UltimateSLAM: Frames + Events + IMU

85%accuracy gain ovestandard Visualnertial SLAM in HDR and high speed scenes

Standard camera

Front view Top view

o
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Learning with Event Cameras

A Synchronous, Dense, Artificial Neural Networks (ANNS) designed for
standard images

A Asynchronous, Sparse ANNSs

A Asynchronous, Spiking Neural Networks (SNNs)



Input representation

How do we pass sparse events into a convolutional neural network
designed for standard images?

Video from Zhu et al. (link)



https://www.youtube.com/watch?v=cdcg-CdV7TU

Input representation

wal ljdzSRIF [/ £+t wQmy 8

A Aggregatepositive and negative
events intoseparatechannels

A Discardgemporal information

w»%Kdz 9/ / +£2 Qmy 672,

w»%KdzZ [/t wQmMmPb6

A Represent events in spagéme into
a 3D voxel gridx,y,t)

A Each voxel contains sum of ON an
OFF events falling within the voxel

A Preserves temporal informatidout
discardgpolarity information

ODSKNAISE L/ / +Qmd6

A Represent events in spaeme as a
4D Event Spike Tensox,(,t,p)

A Polarity information is preserved



Input representation

Discretized 3D volume,fy,): events are inserted into the volume witl
trilinear interpolation, resulting in minimal loss in resolution
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https://www.youtube.com/watch?v=cdcg-CdV7TU

Focus as Loss Function for Unsupervised Learnin

Focusused as lossmaximize sharpness of the aggregated event im:

Video from here

Zhy UnsupervisedEventbased Learning of Optical Flow, Depth &gbmotion CVPR 1®DF
Gallego et al., Focus All You Need: Loss Functions for BbasedVision, CVPR18DF-


http://rpg.ifi.uzh.ch/docs/CVPR19_Gallego.pdf
https://arxiv.org/abs/1812.08156
https://youtu.be/v1sXWoOAs_0

ocus as Loss Function for Unsupervise

We proposed and

benchmarked®?2 focus loss

functions
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Gallego et al., Focus All You Need: Loss Functions for EmmsedVision, CVPR18DF


http://rpg.ifi.uzh.ch/docs/CVPR19_Gallego.pdf

Application: Unsupervised Learning of Optical Flo
Depth and Ego Motion

Focus used as losmaximize sharpness of the aggregated event im:
&)Pum GRASP

I H gmecer ll] JI)()I'JK()I'\'

Fidget Spmnel w/ Challenging Lighting ..

- * v o v »

Grayscale Image w/ Sparse Flow Quiver Dense Flow Output

Zhu et al., Unsupervisddearning of Optical Flow, DepthandBg@ 0 A 2 Y S [ £t wQ



Application:
Learning Higlspeed and HDR Video
Rendering from an Event Camera

Code & datasetshitps:// github.com/uzhrpg/rpg e2vid

Code & datasetdittps://github.com/uzhrpa/rpg e2vid
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https://github.com/uzh-rpg/rpg_e2vid
http://rpg.ifi.uzh.ch/docs/CVPR19_Rebecq.pdf
https://youtu.be/IdYrC4cUO0I
http://rpg.ifi.uzh.ch/docs/arXiv19_Rebecq.pdf
https://youtu.be/eomALySSGVU
https://github.com/uzh-rpg/rpg_e2vid
https://github.com/uzh-rpg/rpg_e2vid

Image Reconstruction from Events

Events

Reconstructed image from events (Samsung D

Code & datasetdittps://github.com/uzhrpa/rpg e2vid
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http://rpg.ifi.uzh.ch/docs/CVPR19_Rebecq.pdf
https://youtu.be/IdYrC4cUO0I
http://rpg.ifi.uzh.ch/docs/arXiv19_Rebecq.pdf
https://youtu.be/eomALySSGVU
https://github.com/uzh-rpg/rpg_e2vid
https://github.com/uzh-rpg/rpg_e2vid

Overview

U Recurrent neural networKmain moduleUnet)

U Input: lastreconstructed frame sequences oévent tensorgspatic
temporal 3D voxels grideachvoxel contains sum of ON and OFF events
falling within thevoxe)

U Networkprocessesast4 events(10,000)

U Trained in simulation onlyfwithout seeing a single real image) (we used our
event camera simulatohttp://rpg.ifi.uzh.ch/esim.htm)
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http://rpg.ifi.uzh.ch/esim.html

