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Figure S1. Comparison among different reconstruction methods on synthetic data.

A. Spiking Camera
Fovea-like Sampling Method. Inspired by the sampling
mechanism of primate fovea [4, 3], spiking cameras take
advantage of spike sequences to represent the brightness
change in the spatial-temporal domain [1, 2]. Specifically,
the photosensitive units continuously capture photons and
increase the photodiode voltage. When the accumulated in-
tensity exceeds a given threshold, a spike is generated and
the photodiode voltage is reset to a predefined reset voltage.
This process can be formulated as:

A spike is generated at time tf if
∫ tf

tf−1

I(t)dt ≥ φ, (S1)

where I(t) denotes the scene radiance, φ denotes the pre-
defined threshold, and tf−1 represents the firing moment
of the last spike. The spikes generated by spiking cameras
can be represented by a 3-tuple S : {x, y, t}, where {x, y}
denotes the spatial coordinates of the spikes in the photo-
sensitive units, and t is the spike firing timestamp.

Texture Reconstruction from Inter-spike-interval (TFI).
Based on the sampling mechanism of spiking cameras, the
photosensitive units receive different scene radiance will
trigger spikes with different frequencies. The inter-spike-

interval (ISI) decreases as the scene radiance increases.
Therefore, the pixel value (proportional to scene radiance)
can be estimated by the interval between two neighboring
spikes:

P̂TFI =
C

∆t
, (S2)

where C refers to the maximum dynamic range of the spik-
ing camera, and ∆t represents the ISI.
Texture reconstruction from Playback (TFP). The TFP
method infers the pixel value by collecting the spikes in a
moving time window. By counting these spikes, we have

P̂TFP =
Nw
w
· C, (S3)

where C is the maximum dynamic range of the spiking
camera, w is the size of the time window, and Nw is the
total number of spikes collected in the time window.

B. Selection of the STP parameters
For the two reconstruction methods of TFSTP and TFM-

STP, we have different preferences for parameter selection.
The length of the time constants (τD and τF ) and the rela-
tionship between them (e.g., τD < τF or τD = τF ) will
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affect the convergent time of the STP dynamics, which im-
plement some sort of adaptive time window. Larger time
constants bring the higher contract, less noise, and more
texture details in the static area but more motion blur in the
motion area. Smaller time constants bring a smaller conver-
gent rate, leading to the dark area with lower contrast in the
early stage of reconstruction (1 ms). This effect has been
shown in Fig. 10 of the main text. In TFSTP, we need to
balance the reconstruction quality between static and mo-
tion areas, so smaller time constants are chosen in STP θ1.
But in TFMSTP, we prioritize detecting the motion areas
when choosing time constants, so larger time constants are
chosen in STP θ2.

C. Quantitative Evaluation on Simulated Data
In order to make referenced quantitative comparisons,

we use the synthesized data1 made by Zhao et al. [5].
Fig. S1 compares some reconstruction results of different
methods on the simulated data. It can be noticed that al-
though the GraphCut-based [6] method can obtain the best
results in SSIM, its reconstruction images contain more
noise than the results of TFSTP.
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1The simulated data is publicly available at https://cove.thecvf.com/
datasets/517.
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