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Research

Two main challenges: 

• Processing the growing amount of 
data acquired by a robot, 
in an optimal and efficient way 
to better perceive the environment surrounding it, 
(i.e., designing better perception algorithms). 

• Bringing together the sensing and the control parts of 
robots to adapt to dynamic environments. 

iCub image from IIT. 



Research

iCub image from IIT.                      Video from T. Delbruck (ISCAS 2014).



Event-based Stereo SLAM (ECCVW 2024)

Ghosh, Cavinato and Gallego, ES-PTAM: Event-based Stereo Parallel Tracking and Mapping, ECCVW 2024. With SONY. Code available.

https://github.com/tub-rip/ES-PTAM
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Event-based SLAM

Event-based SLAM. SLAM Handbook, Chapter 10, 2026. https://github.com/SLAM-Handbook-contributors/slam-handbook-public-release 
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Evolution of Stereo VO/SLAM methods

Zhong et al., Event-based SLAM Benchmark for High-Speed Maneuvers, arXiv 2026

https://arxiv.org/abs/2604.24033
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3D Reconstruction

Rebecq et al., EMVS: Event-Based Multi-View Stereo—3D Reconstruction with an Event Camera in Real-Time, IJCV 2018. YouTube, Code. 

Back-project events into space

Moving event camera
with known poses

Ray-density
Disparity space image (DSI)
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DERD-Net

Events Disparity Space Image (DSI) Pixel-wise depth estimation

Back-
projection

Camera poses

X

Z

Sub-DSI

DERD-Net: Learning Depth from DSIs

Hitzges, D.*, Ghosh, S.*, Gallego, G., DERD-Net: Learning Depth from Event-based Ray Densities, NeurIPS 2025. Spotlight paper

Inference time: 0.37 ms
Model size: < 1 MB

Can we do better than argmax (counting rays)?

https://github.com/tub-rip/DERD-Net
https://github.com/tub-rip/DERD-Net
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Results

Hitzges, D.*, Ghosh, S.*, Gallego, G., DERD-Net: Learning Depth from Event-based Ray Densities, NeurIPS 2025. Spotlight paper

https://github.com/tub-rip/DERD-Net
https://github.com/tub-rip/DERD-Net
https://github.com/tub-rip/DERD-Net
https://github.com/tub-rip/DERD-Net
https://github.com/tub-rip/DERD-Net


Code: https://bartn8.github.io/eventhub/ Video: https://youtu.be/XD-hpmiXXT0

https://bartn8.github.io/eventhub/
https://youtu.be/XD-hpmiXXT0
https://youtu.be/XD-hpmiXXT0
https://youtu.be/XD-hpmiXXT0


EventHub (ICCV 2025)



Events respond to motion…



Contrast / Focus Maximization Framework

A framework that allows to solve multiple computer vision 
problems with event cameras in a unified way:

• Optical flow estimation

• 3D reconstruction 

• Ego-motion estimation

• Homographic motion estimation

• Motion segmentation

• Non-linear point-trajectory estimation

• … (many more)

Gallego et al., A Unifying Contrast Maximization Framework for Event Cameras, CVPR18. https://youtu.be/KFMZFhi-9Aw 
Gallego et al., Focus Is All You Need: Loss Functions for Event-based Vision, CVPR19.

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

Gallego et al., A Unifying Contrast Maximization Framework for Event Cameras, CVPR18. https://youtu.be/KFMZFhi-9Aw 
Gallego et al., Focus Is All You Need: Loss Functions for Event-based Vision, CVPR19.

Before

After estimating motion
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Dense Optical Flow (ECCV 2022, TPAMI 2024)

Code available: https://github.com/tub-rip/event_based_optical_flow 

https://github.com/tub-rip/event_based_optical_flow
https://github.com/tub-rip/event_based_optical_flow
https://github.com/tub-rip/event_based_optical_flow


Hamann et al., Motion-prior Contrast Maximization for Dense Continuous-Time Motion Estimation, ECCV 2024.

Trajectory Prediction (ECCV 2024)

https://github.com/tub-rip/MotionPriorCMax
https://github.com/tub-rip/MotionPriorCMax
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Earth observation from orbit

McHang et al., Falcon Neuro - Neuromorphic Cameras for sprite and lightning detection on the International Space Station, Optical Eng. 2022

By the Western Sydney University and the United States Air Force Academy 

https://doi.org/10.1117/1.OE.61.8.085105
https://doi.org/10.1117/1.OE.61.8.085105
https://doi.org/10.1117/1.OE.61.8.085105


ESMD
ICCV 2025



Joint Motion Estimation and Denoising

Denoiser
(S/N Classification)

1 step of Motion
Estimation

Warp

ℰ𝑛ℰ𝑠

ℰ𝑠
′ℰ𝑛

′

IWE (signal) with 
estimated motion 𝜃ℰ𝑠Signal ℰ𝑛Noise

Raw Noisy Events

(Artificial noise injected
for evaluation)

Iteration = 0 (initialization)Iteration = 20Iteration = 100 
(convergence)

*visualization in image, but we denoise event-by-event

Shiba, Aoki and Gallego, Simultaneous Motion And Noise Estimation with Event Cameras, ICCV 2025.

Joint Motion Estimation and Denoising

https://github.com/tub-rip/ESMD


Results | Denoising (evaluation without GT)

Our method:
• Ranks 1st or 2nd among model-based methods.
• Achieves competitive scores even with learning-

based methods.

Shiba, Aoki and Gallego, Simultaneous Motion And Noise Estimation with Event Cameras, ICCV 2025.

https://github.com/tub-rip/ESMD


Gain thanks 
to denoising Random Init.

Previous Init.

Random Sampling

Our Denoising

Results | Motion Estimation Improvement

Our method improves motion estimation thanks to the joint denoising.

Gain thanks 
to denoising

Ego-motion Optical flow

Shiba, Aoki and Gallego, Simultaneous Motion And Noise Estimation with Event Cameras, ICCV 2025.

https://github.com/tub-rip/ESMD


Results | Image Reconstruction Improvement

Our method achieves less artifacts and better quality 
thanks to the denoising

Shiba, Aoki and Gallego, Simultaneous Motion And Noise Estimation with Event Cameras, ICCV 2025.

https://github.com/tub-rip/ESMD


E2FAI
ICCV 2025



Events

Optical
flow

Brightness

Compute 
flow

Warp 
events IWE

Linear 
system

Events Brightness
End-to-end  (E2VID, ECNN, ...)

Optical flow

Events to
voxel grid

State of the art: Recurrent Neural Network (black-box)

An explainable method with similar results:

Zhang, Yezzi and Gallego, Formulating Event-based Image Reconstruction as a Linear Inverse Problem using Optical Flow, TPAMI 2023.

Image reconstruction

https://arxiv.org/pdf/2112.06242
https://arxiv.org/pdf/2112.06242
https://arxiv.org/pdf/2112.06242


• First train the optical flow DNN (CMax)

• Then train the image reconstruction DNN, unsupervised

• Linearized Event Generation Model

Sequential Learning of Flow and Intensity

Paredes-Vallés et al., Back to Event Basics: Self-Supervised Learning of Image Reconstruction for Event Cameras via Photometric Const., CVPR’21

https://github.com/tudelft/ssl_e2vid
https://github.com/tudelft/ssl_e2vid
https://github.com/tudelft/ssl_e2vid


E2FAI: Events to Flow and Intensity

• Jointly estimating both, exploiting their synergies.

Guo, Hamann and Gallego, Unsupervised Joint Learning of Optical Flow and Intensity with Event Cameras, ICCV 2025. Highlight paper.

https://github.com/tub-rip/e2fai


E2FAI: Events to Flow and Intensity

• Jointly estimating both, exploiting their synergies.

Guo, Hamann and Gallego, Unsupervised Joint Learning of Optical Flow and Intensity with Event Cameras, ICCV 2025. Highlight paper.

https://github.com/tub-rip/e2fai


Joint estimation of flow and intensity with:
- Best optical flow accuracy among MB/USL
(no ground truth labels required).
- Shortest inference time.
- Fine-detail intensity reconstruction.

Ours

E2FAI: Events to Flow and Intensity

Guo, Hamann and Gallego, Unsupervised Joint Learning of Optical Flow and Intensity with Event Cameras, ICCV 2025. Highlight paper.

https://github.com/tub-rip/e2fai


Results on 1Mpixel data (BS-ERGB data)

Guo, Hamann and Gallego, Unsupervised Joint Learning of Optical Flow and Intensity with Event Cameras, ICCV 2025. Highlight paper.

Output

https://github.com/tub-rip/e2fai


GPERT
CVPR 2026



Joint Intensity, Depth and Flow estimation

• exploiting their synergies, for novel view synthesis

Kohyama et al., Geometric-Photometric Event-based 3D Gaussian Ray-tracing, CVPR 2026. Highlight paper.

https://github.com/e3ai/gpert
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Decompose rendering in two branches

Kohyama et al., Geometric-Photometric Event-based 3D Gaussian Ray-tracing, CVPR 2026. Highlight paper.
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Geometric branch

Kohyama et al., Geometric-Photometric Event-based 3D Gaussian Ray-tracing, CVPR 2026. Highlight paper.

https://github.com/e3ai/gpert
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Photometric branch

Kohyama et al., Geometric-Photometric Event-based 3D Gaussian Ray-tracing, CVPR 2026. Highlight paper.

https://github.com/e3ai/gpert
https://github.com/e3ai/gpert
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Results (VGA & HD data)

Kohyama et al., Geometric-Photometric Event-based 3D Gaussian Ray-tracing, CVPR 2026. Highlight paper.

https://github.com/e3ai/gpert
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Results (synthetic color dataset)

Kohyama et al., Geometric-Photometric Event-based 3D Gaussian Ray-tracing, CVPR 2026. Highlight paper.
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Insights

• Event Cameras are a natural fit for motion and depth 
estimation tasks, with opportunities across many disciplines. 

• These estimation tasks (optical flow, SLAM, etc.) allow us to 
exploit the high temporal resolution of the events.

• We seek unifying theory or principles (CMax and PhE) of event 
processing to use across problems that:
• alleviate data annotation (unsupervised solutions)
• can be used with Learning-based methods. 

• We seek joint estimation of multiple quantities, 
for robustness and to obtain a comprehensive perception.

• There are many open problems

• Event data is completely different from what we are used to.
• Goal: achieve fast-and-robust perception, as promised by 

neuromorphic systems.



DERD-Net, NeurIPS 2025.

Event-based Stereo Survey, T-PAMI 2025.

Summary

E2FAI, ICCV 2025   &  GPERT, CVPR 2026.

ESMD, ICCV 2025.



Resources

• Research at TUB-RIP Lab
https://sites.google.com/view/guillermogallego/research/event-based-vision 

• Course from TU Berlin: Event-based Robot Vision
https://tinyurl.com/82wk7wkm 

• Overview paper (TPAMI 2022)
http://rpg.ifi.uzh.ch/docs/EventVisionSurvey.pdf 

• New Survey paper:
Event-based Stereo Depth Estimation: A Survey (TPAMI 2025).

• List of Event-based Vision Resources
https://github.com/uzh-rpg/event-based_vision_resources 
• Review papers, code, datasets, etc.

• Workshops (videos, slides)

https://sites.google.com/view/guillermogallego/research/event-based-vision
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