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The past 60 years of research have been devoted to
frame-based cameras

Dynamic Range

Event camerasdo not suffer from these problems!

Χōǳǘ ǘƘŜȅ ŀǊŜ ƴƻǘ ƎƻƻŘ ŜƴƻǳƎƘΗ

Open Challenges in Computer Vision

Latency  & Motion blur
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What is an event camera?

Mini DVS sensor from  
IniVation.com

Traditional vision 
algorithms cannot
be usedbecause: 
Å Asynchronous pixels 
Å No intensity information 

(only binary intensity 
changes) Video from here: https:// youtu.be/LauQ6LWTkxM?t=30

ü Novel sensor that measures only motion in the scene

ü First commercialized in 2008 by T. Delbruck (UZH&ETH) under 
the name of Dynamic Vision Sensor (DVS)

ü Low-latency (~ 1 ˃ ǎ)

ü No motion blur

ü High dynamic range (140 dB instead of 60 dB)

ü Ultra-low power (mean: 1mW vs 1W)

[Lichtsteiner, Posch, Delbruck, A 128x128 120 dB 15µs Latency Asynchronous Temporal Contrast Vision Sensor, 2008

Image of the solar eclipse 
captured by a DVS

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


ÁBy contrast, a DVSoutputs asynchronous events at microsecond resolution. An event is 
generated each time a single pixel detects an intensity changes value 

time

events stream

event:

Á A traditional camera outputs frames at fixed time intervals:

time
frame next frame

Camera vs Event Camera
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[Lichtsteiner, Posch, Delbruck, A 128x128 120 dB 15µs Latency Asynchronous Temporal Contrast Vision Sensor, 2008

Event polarity (or sign) (-1 or 1): increaseor decreaseof brightness

Timestamp(ms)
Pixel coordinates

https://pdfs.semanticscholar.org/9def/c75da5ea17ff8af18dc5c6e49467db9de0ad.pdf


Lichtsteineret al., A 128x128 120 dB 15µs Latency Asynchronous Temporal Contrast Vision Sensor, IEEE 
Journal of Solid-State Circuits, 2008
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Consider the intensity at a ǎƛƴƎƭŜ ǇƛȄŜƭΧ

Events are triggered asynchronously

Generative Event Model
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Event cameras are inspired by the Human Eye

Human retina:

ü 130 million photoreceptors

ü But only 2 million axons!

Brain



Event Camera Output with No Motion

Standard Camera Event Camera(ON, OFFevents)

ɲT = 40 ms

Without motion, only background noise is output



Event Camera Outputwith Relative Motion

Standard Camera Event Camera(ON, OFFevents)

ɲT = 10 ms



Event Camera Output with Relative Motion

Standard Camera Event Camera(ON, OFFevents)

ɲT = 40 ms



Examples
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Davide Scaramuzza - University of Zurich ïRobotics and Perception Group - rpg.ifi.uzh.ch

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



Henri Rebecq ïRobotics and Perception Group 14

Low-light Sensitivity (night drive)

Video courtesy of Prophesee: https://www.prophesee.ai

GoPro Hero 6 Event Camera by Prophesee

White = Positive events

Black = Negative events

https://www.prophesee.ai/


Davide Scaramuzza - University of Zurich ïRobotics and Perception Group - rpg.ifi.uzh.ch

High-speed vs Event Cameras

Photron7,5kHz camera

DVS

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 >1Mpxl >1Mpxl

Bits per pixels (event) 12 bits 8-10 per pixel ~40 bits/event {t,(x,y),p)}

Weight 6.2 Kg 30 g 30 g

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 

light

1 W 1 mW

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

üInternet of Things (IoT)

ÅLow-power, always-on devices for monitoring and surveillance

üAutomotive:

Ålow-latency, high dynamic range (HDR) object detection 

Ålow-power training & inference

Ålow-memory storage

üAR/VR

Ålow-latency, low-power tracking 

üIndustrial automation

ÅFast pick and place



Who sells event cameras and how much are they?

ü Inivation: 
Á DAVIS sensor: frames, events, IMU. 
Á Resolution: ~QVGA (346x260 pixels)
Á Cost: 6,000 USD

ü Insightness:
Á RINO sensor: frames, events, IMU. 
Á Resolution: ~QVGA (320x262 pixels)
Á Cost: 6,000 USD

ü Prophesee:
Á ATIS sensor:events, IMU, absolute intensity at the event pixel
Á Resolution: 1M pixels
Á Cost: 4,000 USD

ü CelexPixelTechnology:
Á CelexOne: events, IMU, absolute intensity at the event pixel
Á Resolution: 1M pixels
Á Cost: 1,000 USD.

ü Samsung Electronics
Á Samsung DVS: events, IMU
Á Resolution: up to 1Mpxl
Á Cost: not listed

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


Comparison of current event cameras

[95] PΦ [ƛŎƘǘǎǘŜƛƴŜǊΣ /Φ tƻǎŎƘΣ ŀƴŘ ¢Φ 5ŜƭōǊǳŎƪΦ ά! мнуĬ128 120 dB 15 ˃s latency asynchronous ǘŜƳǇƻǊŀƭ ŎƻƴǘǊŀǎǘ Ǿƛǎƛƻƴ ǎŜƴǎƻǊέΦ LƴΥ IEEE J. Solid-State Circuits, 2008, 
http:// dx.doi.org/10.1109/JSSC.2007.914337

[135] C. Posch, D. Matolin, and R. WohlgenanntΦ ά! v±D! мпо Ř. 5ȅƴŀƳƛŎ Range Frame-Free PWM Image Sensor With Lossless Pixel-Level Video Compression and 
Time-5ƻƳŀƛƴ /5{έΦ LƴΥ IEEE J. Solid-State Circuits 46.1, 2011, http:// dx.doi.org/10.1109/JSSC.2010.2085952

[16] C. Brandli, R. Berner, M. Yang, S.-/Φ [ƛǳΣ ŀƴŘ ¢Φ 5ŜƭōǊǳŎƪΦ ά! нплȄмул 130dB 3us [ŀǘŜƴŎȅ Dƭƻōŀƭ {ƘǳǘǘŜǊ {ǇŀǘƛƻǘŜƳǇƻǊŀƭ ±ƛǎƛƻƴ {ŜƴǎƻǊέΦ LƴΥ IEEE J. Solid-State Circuits 
49.10 (2014), pp. 2333ς2341. http:// dx.doi.org/10.1109/JSSC.2014.2342715

[31] https:// inivation.com/wp-content/uploads/2019/07/2019-07-09-DVS-Specifications.pdf

[138] https://www.prophesee.ai/event-based-evk/

[166] http:// rpg.ifi.uzh.ch/docs/CVPR19workshop/CVPRW19_Eric_Ryu_Samsung.pdf

[23] http:// rpg.ifi.uzh.ch/docs/CVPR19workshop/CVPRW19_CelePixel.pdf

Table from [Guillermo et al., T-PAMIô20], Table 1

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 potential 
of event cameras:

Å Low latency
Å High dynamic range
Å No motion blur



An event is triggeredat a single pixelif

Recall the Generative Event Model
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1st OrderApproximation
ÅLet us define ὒὼȟώȟὸ ὒέὫὍὼȟώȟὸ

ÅConsider a given pixel ὴὼȟώ with gradient ​ὒὼȟώ undergoing the motion 
◊ όȟὺ in pixels, induced by a moving 3D point Ἔ. 

ÅThen, it can be shown that:
​ὒ Ἵ ὅ

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

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


Proof

The proof comes from the brightness constancy assumption, which says that the intensity 
value of ὴȟbefore and after the motion, must remain unchanged:

By replacing the right-hand term by its 1st order approximation at ὸ Ўὸ, we get: 

This equation describes the linearized event generation equation for an event generated by a 
gradient ​ὒthat moved by a motion vector Ἵ(optical flow) during a time interval ɝὸ.
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Example 1: Image Reconstruction from events

üProbabilistic simultaneous, gradient & rotation estimation from ὅ ​ὒ Ἵ

üObtain intensity from gradients via Poisson reconstruction

üThe reconstructed image has super-resolution and high dynamic range (HDR)

üIn real time on a GPU

Kimet al., Simultaneous Mosaicing and Tracking with an Event /ŀƳŜǊŀΣ .a±/Ωмп



24Gallego et al.,Event-based 6-DOF Camera Tracking from Photometric Depth Maps, T-PAMI, 2018. PDFVideo

Example 2: 6DoF Tracking from PhotometricMap

üProbabilistic, simultaneous motion & contrast estimation from  ὅ ​ὒ Ἵ

üAssumes photometric map (x,y,z, grayscale Intensity) is given

üUseful for VR/AR applications (low-latency,HDR, no motion blur)

üRequiresGPU to run in real time

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


25Bryneret al.,Event-based, Direct Camera Tracking from a Photometric Depth MapΣ L/w!ΩмфΦ PDFVideo

Example 2: 6DoF Tracking from PhotometricMap

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


Gallego et al.,Event-based 6-DOF Camera Tracking from Photometric Depth Maps, T-PAMIΩмуΦ PDFVideo

Event camera Standard camera

Motion estimation

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


27Kim et al., Real-Time 3D Reconstruction and 6-DoF Tracking with an Event CameraΣ 9//±Ωмс

ü Tracking: EKF in 6 DOF pose
ÅUses random walk model & inverse depth
ÅUse 1st order approximation of generative event model to update pose 

ü Runs in real time on a GPU

Example 3: Parallel Tracking & Mapping (SLAM)



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

> 60 years of research!< 10 years research 

Why combining them?

Update rate High (asynchronous): 1 MHz Low (synchronous)

Dynamic Range High (140 dB) Low (60 dB)

Motion Blur No Yes

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

Absolute intensity No (reconstructable up to a constant) Yes

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



üCombines an event and a standardcamera in the same pixel array όҦ ǘƘŜ 
same pixel can both trigger events and integrate light intensity). 

üIt also has an IMU

Brandliet al. A 240x180 130dB 3us latency global shutter spatiotemporal vision sensor. IEEE JSSC, 2014

DAVIS sensor: Events + Images+ IMU

Events
time

Standardimages

30

Spatio-temporal visualization 
of the output of a DAVIS sensor

Temporal aggregation of events 
overlaid on a DAVIS frame



31Pan et al., Bringing a Blurry Frame Alive at High Frame-Rate with an Event /ŀƳŜǊŀΣ /±twΩмф

Example 1: Deblurring a blurry video

üA blurry image can be regarded as the integral of a sequence of latent images 
during the exposure time, while the events indicate the changes between the 
latent images.

üFinding: sharp image obtained by subtracting the double integral of event from 
input image

ññ- =log log

Input blur image Input events Output sharp image



32Pan et al., Bringing a Blurry Frame Alive at High Frame-Rate with an Event /ŀƳŜǊŀΣ /±twΩмф

Example 1: Deblurring a blurry video

üA blurry image can be regarded as the integral of a sequence of latent images 
during the exposure time, while the events indicate the changes between the 
latent images.

üFinding: sharp image obtained by subtracting the double integral of event from 
input image

Input blur image Output sharp video



33Pan et al., Bringing a Blurry Frame Alive at High Frame-Rate with an Event /ŀƳŜǊŀΣ /±twΩмф

Example 1: Deblurring a blurry video

üA blurry image can be regarded as the integral of a sequence of latent images 
during the exposure time, while the events indicate the changes between the 
latent images.

üFinding: sharp image obtained by subtracting the double integral of event from 
input image

Input blur image Output sharp video



What about an asynchronous 
Luca-Kanade-Tomasi(KLT) Tracker for Event Cameras?

Gehrig et al., EKLT: Asynchronous, Photometric Feature Tracking using Events and Frames, IJCV 2019. 
PDF,   YouTube,   Evaluation Code, Tracking Code

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 Frames

ü Goal: Extract features on frames and track them using only events in the blind 
time between two frames

ü Uses the event generation model via joint estimation of patch warping and 
optic flow

Gehrig et al., EKLT: Asynchronous, Photometric Feature Tracking using Events and Frames, IJCV 2019. 
PDF,   YouTube,   Evaluation Code, Tracking Code

Source code: https:// github.com/uzh-rpg/rpg_eklt

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


36

High-Speed, Near-Eye Gaze Tracking
Task: Estimate gaze-vector of the eye at >1'000Hz in real-time on portable system

Å Update Rate beyond 10 kHz
Å Accuracy comparable to 

commercial product (EyeLink)
Å Portable and low-power

Example Applications:
Å AR/VR
Å Driver drowsiness detection

AngelopoulosŜǘ ŀƭΦΣ άEvent Based, Near-Eye Gaze Tracking Beyond 10,000HzέΣArxiv20. PDF

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


37

High-Speed, Near-Eye Gaze Tracking
Task: Estimate gaze-vector of the eye at >1'000Hz in real-time on portable system

Å Update Rate beyond 10 kHz
Å Accuracy comparable to

commercial product (EyeLink)
Å Portable and low-power

Example Applications:
Å AR/VR
Å Driver drowsiness detection

AngelopoulosŜǘ ŀƭΦΣ άEvent Based, Near-Eye Gaze Tracking Beyond 10,000HzέΣArxiv20. PDF

https://arxiv.org/pdf/2004.03577.pdf
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High-Speed Human-Motion Tracking

Task: 3D human motion capture at 1'000 Hz

Å 30x lower data-bandwidth than high-speed frame-based approach

ÅWorks even in low-light

ÅUtilize frames (25 Hz) and events

XuŜǘ ŀƭΦΣ άEventCap: Monocular 3D Capture of High-Speed Human Motions using an Event CameraέΣCVPR20. PDF
Calabresetal., "DHP19: Dynamic Vision Sensor 3D Human Pose Dataset", CVPRW19. PDF

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

ü All the approaches seen so far enable asynchronous, low-latency (~10˃ s) 
algorithmic update on an event-by-event fashion

ü However:

Á Event-by-event update requires GPU for real-time processing

Á Additionally, they make use of the generative event model

ὅ ÌÏÇὍ●ȟὸ ÌÏÇὍ●ȟὸ ɝὸ

or its 1st order approximation 

ὅ ​ὒ Ἵ ,

which requires knowledge of the contrast sensitivity ὅ(which is scene 
dependent and might differ from pixel to pixel)



Focus Maximization for:

Gallego et al., A Unifying Contrast Maximization Framework for Event Cameras, CVPR18, PDF, YouTube
Gallego et al., Focus Is All You Need: Loss Functions for Event-based Vision, CVPR19, PDF. 

Å Motion estimation
Å 3D reconstruction
Å SLAM
Å Optical flow estimation
Å Feature tracking
Å Motion segmentation
Å Unsupervised learning

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


Idea: Warp spatio-temporal volume of events to maximize 

focus (e.g., sharpness)of the resulting image

Gallego et al., A Unifying Contrast Maximization Framework for Event Cameras, CVPR18, PDF, YouTube
Gallego et al., Focus Is All You Need: Loss Functions for Event-based Vision, CVPR19, PDF. 

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


Input Events
● ╦ ●ȟὸȠⱣ

Focus score
(image variance)

„ Ὅ●ȠⱣ

FocusMaximization Framework

Image of
Warped Events

Ὅ●ȠⱣ ɫ ὦ‏● ●

Optimize point trajectories

Gallego et al., A Unifying Contrast Maximization Framework for Event Cameras, CVPR18, PDF, YouTube
Gallego et al., Focus Is All You Need: Loss Functions for Event-based Vision, CVPR19, PDF. 

Can be implemented in a sliding-window fashion to 
enable per low-latency, per-event update rate 

Runs in real time on a CPU

http://rpg.ifi.uzh.ch/docs/CVPR18_Gallego.pdf
https://youtu.be/KFMZFhi-9Aw
http://rpg.ifi.uzh.ch/docs/CVPR19_Gallego.pdf
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Application 1: Image Stabilization

ü Problem: Estimate rotational motion (3DoF) of an event 
camera

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

ü Works up to over ~1,000 deg/s

Gallego et al., Accurate Angular Velocity Estimation with an Event /ŀƳŜǊŀΣ L999 w![ΩмсΦ PDF. Video.

http://rpg.ifi.uzh.ch/docs/RAL16_Gallego.pdf
https://youtu.be/v1sXWoOAs_0
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Application 3: 3D Reconstruction from a Train at 200km/h

In collaboration with                                 and the Swiss Railway company, SBB

Rebecq et al., EVO: A Geometric Approach to Event-based 6-5hC tŀǊŀƭƭŜƭ ¢ǊŀŎƪƛƴƎ ŀƴŘ aŀǇǇƛƴƎΣ w![ΩмтΦ PDF. Video
Rebecq et al., EMVS: Event-based Multi-View Stereo, IJCV, 2018. PDFVideoSource 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: Motion Segmentation

StoffregenŜǘ ŀƭΦΣ aƻǘƛƻƴ {ŜƎƳŜƴǘŀǘƛƻƴ ōȅ aƻǘƛƻƴ /ƻƳǇŜƴǎŀǘƛƻƴΣ L//±ΩмфΦ PDF. Video.

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


Application 4: Motion Segmentation

StoffregenŜǘ ŀƭΦΣ aƻǘƛƻƴ {ŜƎƳŜƴǘŀǘƛƻƴ ōȅ aƻǘƛƻƴ /ƻƳǇŜƴǎŀǘƛƻƴΣ L//±ΩмфΦ PDF. Video.

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


Application 5: 
Drone Dodging Dynamic Obstacles



Event-based Dynamic Obstacle Detection & Avoidance

üWorks with relative speeds ofup to10m/s
üPerception latency: 3.5 ms

Falanga et al., Dynamic Obstacle Avoidance for Quadrotors with Event Cameras, Science Robotics, 2020. PDF. Video
Falangaet al.How Fast is too fast? The role of perception latency in high speed sense and avoid,w![ΩмфΦPDF. Video

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 ego-motion from 
events triggered by the moving object?

Falanga et al., Dynamic Obstacle Avoidance for Quadrotors with Event Cameras, Science Robotics, 2020. PDF. Video
Falangaet al.How Fast is too fast? The role of perception latency in high speed sense and avoid,w![ΩмфΦPDF. Video

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
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Idea: Warp spatio-temporal volume of events to maximize contrast of 
the resulting image: Static objects will appear sharp, while moving 

ones will appeared blurred.

Falanga et al., Dynamic Obstacle Avoidance for Quadrotors with Event Cameras, Science Robotics, 2020. PDF. Video
Falangaet al.How Fast is too fast? The role of perception latency in high speed sense and avoid,w![ΩмфΦPDF. Video

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
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Uses Rinoevent camera from Insightness

Falanga et al., Dynamic Obstacle Avoidance for Quadrotors with Event Cameras, Science Robotics, 2020. PDF. Video
Falangaet al.How Fast is too fast? The role of perception latency in high speed sense and avoid,w![ΩмфΦPDF. Video

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


UltimateSLAM:
combining events, images, and IMU for robust 
visual SLAM in HDR and High Speed Scenarios
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UltimateSLAM: combining Events + Frames + IMU

Front End:
Feature tracking from 
Events and Frames

Back-End

State-of-the-art 

Sliding-Window 

Visual-inertial Fusion

Rosinolet al., Ultimate SLAM? w![ΩмуςBest w![Ωму tŀǇŜǊ Award Honorable MentionPDF. Video. IEEE Spectrum.
Mueggleret al., Continuous-Time Visual-Inertial Odometry for Event Cameras, ¢whΩму. PDF

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 Light

UltimateSLAM running on board (CPU: Odroid XU4)

Rosinolet al., Ultimate SLAM? w![ΩмуςBest w![Ωму tŀǇŜǊ Award Honorable MentionPDF. Video. IEEE Spectrum.
Mueggleret al., Continuous-Time Visual-Inertial Odometry for Event Cameras, ¢whΩму. PDF

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


Rebecqet al., BMVCΩ мт Ҍ 9¦ Patent

UltimateSLAM: Frames + Events + IMU

Standard camera Event camera

85%accuracy gain over standard Visual-Inertial SLAM in HDR and high speed scenes

Rosinolet al., Ultimate SLAM? w![ΩмуςBest w![Ωму tŀǇŜǊ Award Honorable MentionPDF. Video. IEEE Spectrum.
Mueggleret al., Continuous-Time Visual-Inertial Odometry for Event Cameras, ¢whΩму. PDF

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


Learning with Event Cameras

Å Synchronous, Dense, Artificial Neural Networks (ANNs) designed for 

standard images

Å Asynchronous, Sparse ANNs

Å 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


ώaŀǉǳŜŘŀ /±twΩмуϐΣ ώ½ƘǳΩw{{Ωмуϐ
ÅAggregate positive and negative 

events into separate channels
ÅDiscards temporal information

ώ½Ƙǳ 9//±²ΩмуϐΣ ώwŜōŜŎǉΣ /±twΩмф], 
ώ½ƘǳΣ /±twΩмфϐ
ÅRepresent events in space-time into 

a 3D voxel grid (x,y,t) 
ÅEach voxel contains sum of ON and 

OFF events falling within the voxel
ÅPreserves temporal informationbut 

discards polarity information

ώDŜƘǊƛƎΣ L//±Ωмфϐ 
ÅRepresent events in space-time as a 

4D Event Spike Tensor (x,y,t,p) 
ÅPolarity information is preserved

Input representation



Input representation

Discretized 3D volume (x,y,t): events are inserted into the volume with 
trilinear interpolation, resulting in minimal loss in resolution

ώ½ƘǳΣ 9//±²ΩмуϐΣ ώ½ƘǳΣ /±twΩмфϐΣ ώDŜƘǊƛƎΣ L//±ΩмфϐΣ ώwŜōŜŎǉ, /±twΩмфϐ

Video ŦǊƻƳ ώ½Ƙǳ Ŝǘ ŀƭƭΣ /±twΩмфϐ

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


Focusused as loss: maximize sharpness of the aggregated event image.

Focus as Loss Function for Unsupervised Learning

Gallego et al., Focus Is All You Need: Loss Functions for Event-based Vision, CVPR19, PDF. 

Zhu, Unsupervised Event-based Learning of Optical Flow, Depth and Egomotion, CVPR 19. PDF

Video from here

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


ÅWe proposed and 
benchmarked 22 focus loss 
functions

ÅCƻŎǳǎ ƛǎ ǘƘŜ άŘŀǘŀ ŦƛŘŜƭƛǘȅέ 
term

Focus as Loss Function for Unsupervised Learning

Gallego et al., Focus Is All You Need: Loss Functions for Event-based Vision, CVPR19, PDF. 

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


Application: Unsupervised Learning of Optical Flow, 
Depth and Ego Motion

Focus used as loss: maximize sharpness of the aggregated event image.

Zhu, Unsupervised Event-based Learning of Optical Flow, Depth and Egomotion, CVPR 19Zhu et al., Unsupervised Learning of Optical Flow, Depth and Ego aƻǘƛƻƴΣ /±twΩмф



Application:
Learning High-speed and HDR Video 

Rendering from an Event Camera

Code & datasets: https:// github.com/uzh-rpg/rpg_e2vid

wŜōŜŎǉ Ŝǘ ŀƭΦΣ ά9ǾŜƴǘǎ-to-±ƛŘŜƻΥ .ǊƛƴƎƛƴƎ aƻŘŜǊƴ /ƻƳǇǳǘŜǊ ±ƛǎƛƻƴ ǘƻ 9ǾŜƴǘ /ŀƳŜǊŀǎέΣ  /±twмфΦ PDFVideo.
wŜōŜŎǉ Ŝǘ ŀƭΦΣ άIƛƎƘ {ǇŜŜŘ ŀƴŘ IƛƎƘ 5ȅƴŀƳƛŎ wŀƴƎŜ ±ƛŘŜƻ ǿƛǘƘ ŀƴ 9ǾŜƴǘ /ŀƳŜǊŀέΣ t!aLΣ нлмфΦ PDFVideoCode

Code & datasets: https://github.com/uzh-rpg/rpg_e2vid

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 DVS)

wŜōŜŎǉ Ŝǘ ŀƭΦΣ ά9ǾŜƴǘǎ-to-±ƛŘŜƻΥ .ǊƛƴƎƛƴƎ aƻŘŜǊƴ /ƻƳǇǳǘŜǊ ±ƛǎƛƻƴ ǘƻ 9ǾŜƴǘ /ŀƳŜǊŀǎέΣ  /±twмфΦ PDFVideo.
wŜōŜŎǉ Ŝǘ ŀƭΦΣ άIƛƎƘ {ǇŜŜŘ ŀƴŘ IƛƎƘ 5ȅƴŀƳƛŎ wŀƴƎŜ ±ƛŘŜƻ ǿƛǘƘ ŀƴ 9ǾŜƴǘ /ŀƳŜǊŀέΣ t!aLΣ нлмфΦ PDFVideoCode

Code & datasets: 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


Overview

ü Recurrent neural network (main module: Unet)

ü Input: lastreconstructed frame +sequences of event tensors (spatio-
temporal 3D voxels grid: each voxel contains sum of ON and OFF events 
falling within the voxel)

ü Networkprocesses last ╝events (10,000)

ü Trained in simulation only (without seeing a single real image) (we used our 
event camera simulator: http://rpg.ifi.uzh.ch/esim.html)

wŜōŜŎǉ Ŝǘ ŀƭΦΣ ά9ǾŜƴǘǎ-to-±ƛŘŜƻΥ .ǊƛƴƎƛƴƎ aƻŘŜǊƴ /ƻƳǇǳǘŜǊ ±ƛǎƛƻƴ ǘƻ 9ǾŜƴǘ /ŀƳŜǊŀǎέΣ  /±twмфΦ PDFVideo.
wŜōŜŎǉ Ŝǘ ŀƭΦΣ άIƛƎƘ {ǇŜŜŘ ŀƴŘ IƛƎƘ 5ȅƴŀƳƛŎ wŀƴƎŜ ±ƛŘŜƻ ǿƛǘƘ ŀƴ 9ǾŜƴǘ /ŀƳŜǊŀέΣ t!aLΣ нлмфΦ PDFVideoCode

http://rpg.ifi.uzh.ch/esim.html

