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Live Demo



Motion and scene perception with event cameras

Slip detection during manipulation

Remote wildlife monitoring

Reinold, Ghosh, Gallego, WACVW 2025.

Hamann, Ghosh et al., CVPR 2024. Hamann, Ghosh et al., Adv. Intel. Sys. 2024.

Stereo depth estimation SLAM

Ghosh, Cavinato, Gallego, ECCVW 2024.
Ghosh, Gallego, Adv. Intel. Sys. 2022.

Hitzges*, Ghosh*, Gallego, NeurIPS 2025.





Stereo Depth Estimation

Instantaneous

Long-term

Methods

Carneiro et al., Event-based 3D reconstruction from neuromorphic retinas, Neural Networks 2013.

https://www.sciencedirect.com/science/article/pii/S0893608013000725?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S0893608013000725?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S0893608013000725?via%3Dihub


Stereo Depth Estimation

Instantaneous

Long-term

Methods

DepthStereo Events



Stereo Depth Estimation

Instantaneous

Long-term

Methods
Late fusion

Early fusion

Zhou, Y., Gallego, G., Shen S., Event-based Stereo Visual Odometry, IEEE T-RO. 2021.

https://arxiv.org/pdf/2007.15548
https://arxiv.org/pdf/2007.15548
https://arxiv.org/pdf/2007.15548


Stereo Depth Estimation

Instantaneous

Long-term

Methods
Late fusion

Early fusion

Ghosh, S., Gallego, G., Multi-Event-Camera Depth Estimation and Outlier Rejection by Refocused Events Fusion, Adv. Intell. Sys. 2022.

No explicit event matching 
across cameras is needed!

https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494


Ghosh, S., Gallego, G., Multi-Event-Camera Depth Estimation and Outlier Rejection by Refocused Events Fusion, Adv. Intell. Sys. 2022.

Multi-Camera Event-based Multi-View Stereo (MC-EMVS)

https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494


Ghosh, S., Gallego, G., Multi-Event-Camera Depth Estimation and Outlier Rejection by Refocused Events Fusion, Adv. Intell. Sys. 2022.

Multi-Camera Event-based Multi-View Stereo (MC-EMVS)

https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494


Ghosh, S., Gallego, G., Multi-Event-Camera Depth Estimation and Outlier Rejection by Refocused Events Fusion, Adv. Intell. Sys. 2022.

Multi-Camera Event-based Multi-View Stereo (MC-EMVS)

https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494


Ghosh, S., Gallego, G., Multi-Event-Camera Depth Estimation and Outlier Rejection by Refocused Events Fusion, Adv. Intell. Sys. 2022.

MC-EMVS

https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494


ESVO [Zhou et al, TRO 2021]

Ghosh, S., Gallego, G., Multi-Event-Camera Depth Estimation and Outlier Rejection by Refocused Events Fusion, Adv. Intell. Sys. 2022.

Biking (Pose from VIO system)

https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494
https://arxiv.org/pdf/2207.10494


Ghosh, S., Cavinato, V., Gallego, G., ES-PTAM: Event-based Stereo Parallel Tracking and Mapping, ECCVW 2024.

Tracking and Mapping with Stereo Events

https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM


Live Parallel Tracking and Mapping 
(ECCV 2024 demo)

Ghosh, S., Cavinato, V., Gallego, G., ES-PTAM: Event-based Stereo Parallel Tracking and Mapping, ECCVW 2024.

https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM


Results on Trinocular setup

Ghosh, S., Cavinato, V., Gallego, G., ES-PTAM: Event-based Stereo Parallel Tracking and Mapping, ECCVW 2024.

https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM


Results on Driving (DSEC)
Confidence map

Depth map

Map projected on events

Left events

Right events

Camera trajectory + Local (colored) and Global Point-cloud

Ghosh, S., Cavinato, V., Gallego, G., ES-PTAM: Event-based Stereo Parallel Tracking and Mapping, ECCVW 2024.

https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM


Results on Driving (DSEC)
Confidence map

Depth map

Map projected on eventsRight events

Camera trajectory + Global Point-cloud

Ghosh, S., Cavinato, V., Gallego, G., ES-PTAM: Event-based Stereo Parallel Tracking and Mapping, ECCVW 2024.

Left events

https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM
https://github.com/tub-rip/ES-PTAM


Can we do better than argmax (counting rays)?

Disparity Space 
Image (DSI)



Can we do better than argmax (counting rays)?

Disparity Space 
Image (DSI)



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.

Inference time: 0.37 ms
Model size: < 1 MB

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


DERD-Net Results

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

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


● Including camera motion information improves accuracy.
● DSIs are powerful intermediate representations that forego explicit 

stereo event matching.
● Sharp semi-dense depth maps can be extracted by simply finding the 

local maxima.
● Depth can be used for visual odometry via simple edge alignment.
● Replacing local maxima detection with a DNN further improves 

performance.
● Harness sparsity: Processing sub-DSIs independently enables 

efficient and robust estimation with a lightweight network.

Conclusion



● Efficient on-device processing with modern HD event cameras.
● Foundation Models for event-based stereo.
● Night-time perception and highly dynamic environments.
● Active mapping and control.
● Better benchmarking.

○ Dynamic scenes with independently moving objects.

○ Moving beyond synchronous frame-based depth evaluations.

What’s next?



ES-PTAM, ECCVW 2024. DERD-Net, NeurIPS 2025.

Multi-Camera EMVS, AISY 2022.Event-based Stereo Survey, T-PAMI 2025.

Summary
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