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Spiking Camera Introduction

Designed by Peking university, the spiking » High temporal resolution
camera achieves integral sampling with » High dynamic range
40,000Hz by emulating the central fovea’s * Low latency
sampling mechanism in the retina.
Hypersonic flow in Phase change process
aerodynamics in liquid metal
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Spike Camera Working Mechanism

Spike plane

Spike sequence

For a pixel, the light intensity is
accumulated, if the accumulated
Intensity reaches the dispatch
threshold 6, a spike is fired and
the accumulator is reset.
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Prior Works

Conventional method

Spike TFP TFI TFSTP, etc
Streams Texture from Texture from Inter- Other methods that mimic

playback spike Interval human visual mechanisms

« HDR imaging « Capable of handling « Complex algorithm

« Dependent on high-speed scenes and hard to replicate
manual selection of + Loss of texture detail < Unsatisfactory results
window length with noise

* Motion blur or noise



Related Works

Learning-based method

Spatially adaptive
Light Inference

Spatially adaptive
Light Inference

Spatially adaptive
Light Inference

_ Spatially adaptive ST SRS
Light Inference =
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Reliability Based
Feature Fusion
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SALI: exploit local temporal correlation FE: extract deep feature MAIR: exploit long-term temporal correlation
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(a) Wavelet-Guided Spike Enhancing (WGSE)
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(b) (S)TRCNN

Spk2IlmgNet: Learning to
reconstruct dynamic scene
from continuous spike stream
[Zhu et al., CVPR 21]

WGSE: Learning temporal-
ordered representation for
spike streams based on
discrete wavelet transforms
[Zhang et al., AAAI 23]



Motivation

(a) Step-by-step network architecture
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Motivation

(a) Step-by-step network architecture
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Temporal Motion  Spatial Intensity Spk2ImgNet

Spike Streams Estimation Reconstruction

e High model complexity and low inference efficiency

Fails to address the “Chicken-Egg Problem”




Motivation

(a) Step-by-step network architecture
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Temporal Motion  Spatial Intensity Spk2IlmgNet
Estimation Reconstruction
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(b) Joint motion-intensity learning

Spike Streams
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Spatio-Temporal ours

Spike Streams Interactive Refinement



Motivation
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[ Explicit ] [ Implicit ]

Explicit frames from TFP

(Select multiple window length)

ResNet e

Implicit frames from ResNet
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HSER: Hybrid Spike Embedding Representation




g\Our Approach
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Our Approach
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synthesis based intra-frame feature filtering




g\Our Approach
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Quantitative Results

« SOTA performance with fast inference speed and low cost

Method Params Memory FLOPs Synthetic Dataset Real Dataset
(M) (G) (T) PSNRT SSIM7T LPIPS| NIQE| BRISQUE] NIQE] BRISQUE]
TFP [63] - - - 25.35 0.690 0.2547 5.970  43.074 0.342  45.202
TFI [65] - - - 18.50 0.638 0.2590 4.518  44.933 10.09  58.309
TESTP [63]] - - - 20.68 0.618 0.2761 5.348  51.697 1092  64.566
SSIR [S7] 0.38 104  0.24  32.61 0919 0.0500 3.467 15.664 5.750  25.341
ET-Net [48] 16.7 17.7 052 3457 0.938 0.0535 3.400 17.155 6.512  17.393

HyperE2VID [10] 10.7 6.87 043 3637 0947 0.0506 3.126 16.774 6.306  17.020

Spk2ImgNet [55] 3.76 146  9.17 36.13 0.950 0.0294 3.084  15.348 5.662  16.518
WGSE [52] 3.85 19.7 393 37.44 00958 0.0241 3.032  15.555 5.620  16.154

STIR (Ours) 5.11 9.20 042 38.79 0966 0.0183 2.915 14.835 5.394 15.854




Evaluation on Synthetic Data

HyperE2VlD - Spk2lmgNet WGSE Ous Ground Truth



Evaluation on Synthetic Data

Binary Spikes

HyperE2VID Spk2ImgNet Ground Truth




Evaluation on Real Data

k ELLELL
TIIITT

R R M FLEN B L

< R
~ -y t;?' ~
3 'i R IR I ek

L lme

Binary Spikes

HyperE2VID Spk2IimgNet



Evaluation on Real Data

HyperE2VID



High-frame-rate Video Reconstruction
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Code link: https://github.com/GitCVfb/STIR



