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Abstract
Capturing scenes with both high dynamic range (HDR)

and high-speed motion remains challenging for conven-
tional cameras. Existing alternating-exposure approaches
exacerbate temporal resolution loss, making them unsuit-
able for high-speed scenes. Consequently, current solutions
typically fix spatial-varying attenuation levels or employ
multiple sensors to maintain temporal resolution. In this pa-
per, we leverage an ultra-high speed spike camera to enable
spatial and temporal attenuation of incident light, thereby
reconstructing high-frame-rate (HFR) and HDR video with
a single sensor. We achieve this by placing a rapidly rotat-
ing spoke-pattern neutral density (SpokeND) filter in front
of the camera, enabling each pixel to periodically capture
multi-attenuated spikes. Building on these multi-attenuated
spikes, we propose ReST-Net, which comprises the ReGain
and ReFine modules. The ReGain module reconstructs spa-
tially consistent frames by learning to recover relative gain
from the multi-attenuated spikes, and the ReFine module re-
moves temporal fluctuations to produce temporally consis-
tent HDR videos. Extensive experiments on synthetic and
real-world data demonstrate that our method can recon-
struct HDR video at up to 2000 FPS.

1. Introduction
Real-world environments often present scenes with both
high dynamic range (HDR) and high-speed motion. Con-
ventional HDR video methods [3, 16, 18] which rely on
frame-based cameras, face fundamental limitations in cap-
turing high-speed scenes due to restricted frame rates and
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shutter speed constraints. In recent years, the neuromorphic
spike cameras demonstrate inherent advantages through the
high temporal resolution (20,000 Hz) and low redundancy
(single-bit data) [14]. Unlike conventional frame-based
cameras where all pixels share synchronized exposure, each
pixel in a spike camera operates an independent photon ac-
cumulator. When the accumulated photoelectrons reach a
specific threshold, the pixel triggers a spike signal of 1 and
resets the accumulator. Since spikes are not directly inter-
pretable by the human visual system, converting them into
standard video representations is necessary for both human
perception and downstream tasks [44, 47, 48].

The baseline image reconstruction with spikes exploits
temporal accumulation over a time window [49, 50]. While
longer time windows facilitate HDR performance [2], they
introduce significant motion blur artifacts in high-speed
scenes. To improve HDR performance under short time
windows, modulating spike quantization levels [2] is effec-
tive, as higher quantization levels correspond to increased
dynamic range. However, this method necessitates hard-
ware modulation to the native spike sensor. In contrast to
quantization-level modulation, the trigger threshold adjust-
ment offers an alternative approach [51]. As shown in Fig. 1
(a), a small threshold results in dense spikes, enhancing sen-
sitivity to incident photons, whereas a large threshold gen-
erates sparse spikes, helping to avoid saturation in bright
regions. However, real-time threshold adjustment is infea-
sible in high-speed motion scenes.

Compared to internal sensor modifications, optical mod-
ulations of incident light offer a more flexible solution. Spa-
tial modulations [29, 32, 33] utilize optical filters to achieve
spatial-varying light attenuation. However, the fixed posi-
tion of the filter in front of the sensor restricts each pixel
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Figure 1. (a) When incident photons reach a pixel on a spike sensor, the photon-induced electrons generate a voltage V . Once V surpasses
a threshold, the pixel triggers a spike 1. A small threshold (the orange dashed line) enhances sensitivity but increases the risk of saturated
triggering. In contrast, a large threshold reduces the number of spikes, making it more suitable for bright scenes. (b) Since dynamically
adjusting the threshold is impractical for high-speed scenes, we fix the spike camera to a small threshold and introduce a rapidly rotating
(1800 revolutions per minute, RPM) spoke-pattern ND (SpokeND) Filter. Leveraging the ultra-high temporal resolution of the spike
camera, our approach efficiently captures multi-attenuated spikes, enabling HDR video reconstruction in high-speed scenes.

to capturing light intensity at only one specific attenuation
level. Consequently, reconstructing an HDR image requires
spatial upsampling or interpolation to compensate spatial
resolution. If we can dynamically modulate the position
of a spatial-varying filter, each pixel can capture multi-
attenuated light intensities, thereby preserving spatial reso-
lution. However, in high-speed scenes, the low frame rates
of conventional digital cameras pose a fundamental chal-
lenge in implementing such temporal modulation. For ex-
ample, the LCD attenuator and electronics [31] can be used
to control the incident light, this method achieves a frame
rate of 30 FPS. While synchronized multi-sensor systems
can capture multiple attenuation levels at 35 FPS [39], this
approach remains insufficient for high-speed motion and in-
troduces significant hardware complexity.

In this work, we exploit the ultra-high temporal reso-
lution of a single spike camera to enable spatial and tem-
poral modulation, which facilitates HDR video reconstruc-
tion up to 2000 FPS. As shown in Fig. 1 (b), a rapidly
rotating spoke-pattern neutral density (SpokeND) filter is
positioned in front of the spike camera, where the periodi-
cally distributed spokes exhibit multi-level light attenuation.
This design allows each pixel to periodically receive multi-
attenuated light during the rapid rotation. Meanwhile, the
ultra-high temporal resolution ensures accurate sampling
of these multi-attenuated spikes. However, this motivation
faces challenges in high-speed scenes, where the incident
light received by each pixel fluctuates over time, introduc-
ing difficulties in achieving temporal consistency. More-
over, recovering the gain, i.e., removing the spatial-varying
attenuation, is not a simple linear process, making the re-
construction of spatially consistent and perceptually pleas-

ing videos non-trivial.

To address these issues, we propose a two-stage pipeline,
named ReST-Net, which aims to Reconstruct high-frame-
rate (HFR) and HDR videos by resolving the Spatial vari-
ation and Temporal fluctuations in the multi-attenuated
spikes. In the first stage, to handle the spatial varia-
tion, we introduce the ReGain module, which learns to
Recover the spatially consistent Gain of spikes relative to
the non-attenuated condition, thereby reconstructing con-
sistent frames. In the second stage, to suppress the tem-
poral fluctuations between adjacent video frames, we de-
sign the ReFine module, which further refines the output
to Reconstruct Finer HDR videos with improved temporal
consistency and visual coherence. To train and validate the
proposed networks, we develop a customized simulator to
synthesize multi-attenuated spikes. Furthermore, to demon-
strate the effectiveness of our approach in real-world scenes,
as shown in Fig. 3, we build the corresponding camera sys-
tem equipped with our custom-designed SpokeND filter and
collect 100 groups of real-world data. Our major contribu-
tions can be concluded as follows:

• A high-speed modulation scheme based on a rapidly ro-
tating spoke pattern, enabling fast multi-attenuated sam-
pling via the spike camera’s high temporal resolution;

• A modulated spike camera system supported by a custom-
designed SpokeND filter, allowing us to collect a suffi-
ciently large dataset to support real-world data evaluation;

• A two-stage reconstruction pipeline, ReST-Net, to ad-
dress spatial and temporal fluctuations and achieve robust
HFR and HDR video reconstruction on real-world data.



2. Related work
HDR imaging with conventional sensors. Conventional
sensors struggle to capture HDR ambient lighting within
a single exposure. Reconstruction methods based on sin-
gle low-dynamic-range (LDR) images [6, 8, 10, 20, 21, 23]
often fail to recover fine details in severely underexposed
or overexposed regions. To improve HDR performance in
digital cameras, spatial modulations [29, 32, 33] use op-
tical masks to achieve spatially varying light attenuation.
However, the fixed mask position limits each pixel to a sin-
gle attenuation level. In high-speed scenes, the low frame
rates of conventional cameras hinder the implementation of
temporal modulation. To control pixel exposures over time,
Nayer et al. [31] use an LCD attenuator and electronics to
control the incident light, this method only achieves a frame
rate of 30 FPS. Although synchronized multi-sensor sys-
tems can capture multiple attenuation levels at 35 FPS [39],
they remain inadequate for high-speed motion and intro-
duce significant hardware complexity. An alternative ap-
proach involves fusing multiple LDR images taken with
alternating exposures [7, 28], though this often introduces
ghosting artifacts in dynamic scenes. To mitigate such arti-
facts and enhance image sharpness, image alignment tech-
niques [24, 36] and deep learning methods [16, 41] have
been proposed. Lee and Song [22] exploit motion informa-
tion from high frame-rate sequences to improve HDR syn-
thesis and suppress ghosting artifacts. Furthermore, merg-
ing alternating-exposure frame sequences has proven effec-
tive for reconstructing HDR videos at frame rates from 20
to 60 FPS [11, 17–19, 25, 26]. Chen et al. [3] enhance re-
construction quality by proposing a coarse-to-fine network
that aligns and fuses in both image and feature spaces.
Video reconstruction with spikes. Reconstructing high-
speed videos from spikes typically relies on the imaging
model of spike cameras [9, 14, 45, 46]. Textures can be re-
constructed either by accumulating spikes within a defined
time window or by estimating the interval between succes-
sive spikes [49, 50]. However, due to the limited number
of photons captured within ultra-short exposure times, such
naive reconstruction suffers from considerable noise. To al-
leviate this issue, Chang et al. [2] propose improving the
signal-to-noise ratio (SNR) by combining multi-bit and bi-
nary spikes through a rolling-mixed-bit scheme. However,
this method requires hardware modifications, limiting its
applicability in broader scenarios. Zhao et al. introduce
Spk2ImgNet [43], a hierarchical network that progressively
fuses spikes to enhance reconstruction quality. Despite its
effectiveness, Spk2ImgNet exhibits limited generalization
to real-world data due to its reliance on synthetic training
datasets. To address the scarcity of real-world ground truth,
self-supervised learning approaches [4, 5, 42] have been de-
veloped to reduce dependence on synthetic data. However,
reconstructing HDR videos from spikes remains still chal-

lenging as the single-bit data is insufficient to cover the high
dynamic range of real-world scenes. Chang et al. [1] pro-
pose a hybrid spike-RGB camera system that performs spa-
tial alignment and frame interpolation simultaneously, en-
abling the recovery of 1000 FPS color videos. However, this
hybrid system demands precise synchronization and optical
alignment, and the additional space required by the beam
splitter complicates the design of compact devices.

3. HFR and HDR approach
We propose a framework for reconstructing HFR and HDR
video from multi-attenuated spikes. In Sec. 3.1, we intro-
duce multi-attenuated spikes. In Sec. 3.2, we introduce our
method for creating such spikes using a rapidly rotating
SpokeND filter, along with the hardware platform design.
In subsec:3.3, we present ReST-Net, a two-stage network
that reconstruct HFR and HDR video.

3.1. Preliminaries on multi-attenuated Spikes
For each pixel in the spike camera, photo-generated elec-
trons are continuously accumulated as long as the accumu-
lated voltage V remains below the threshold Vth. Mean-
while, the readout circuit samples the pixel value at a fixed
interval τ , outputting a value of 0 at each sampling point by
default. Once V reaches or exceeds Vth, a spike signal of 1
is read out. We denote the accumulated voltage at a time t
as V (t), the corresponding spike signal S(t) is

S(t) =

{
1, V (t) ≥ Vth,

0, otherwise.
(1)

When measuring the dynamic range of a spike camera, it is
necessary to accumulate spikes over a time window com-
prising N sampling intervals. Let Is denote the recon-
structed light intensity from spike accumulation, defined as:

Is(t) = η1
∑

i∈[0,N−1]

S(t+ iτ), (2)

where η1 is a proportionality constant. Similar to con-
ventional sensors, the dynamic range of spike cameras is
defined as DR = 20 log Imax

Imin
, where Imax and Imin repre-

sent the maximum and minimum detectable light intensities
under the condition that the signal-to-noise ratio (SNR) is
larger than 1 [2]. Without considering overexposure, it is
evident that a larger N enables the spike camera to cover
higher dynamic range, as both lower Imin and higher Imax
can be detected. However, in high-speed scenes, a long ac-
cumulation window is not feasible, as it introduces signif-
icant motion blur. To address this, we configure the spike
sensor for high sensitivity to the environment, i.e., small
Vth, allowing the detection of a low Imin. However, the
high sensitivity also raises the risk of overexposure in re-
gions of strong light intensities, thereby limiting Imax. To
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Figure 2. (a) Examples of our real-world and synthetic data. We show baseline image construction using TFI and TFW [14], where TFW-
10 denotes a temporal window spanning 10 spike sampling intervals. (b) When the camera lens is focused on the scene, the modulation
pattern introduced by the SpokeND filter may become slightly defocused. Despite the small gap between real-world and synthetic data,
our method remains robust and is still able to reconstruct high-quality HFR and HDR videos without requiring retraining (See Fig. 6).
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Figure 3. The custom-designed SpokeND filter and the dedicated
hardware platform. SpokeND filter features three levels of attenu-
ation, arranged across four repeating cycles. The filter is mounted
on a gear and is rotated at a speed of 1800 RPM. Rotation is driven
by a high-speed motor through the side-mounted ceramic bearing,
which is lightweight and durable, ensuring stable and continuous
operation. More details of the platform are available in the supple-
mentary material.

extend the dynamic range while preserving sensitivity, we
introduce multi-attenuated spikes. This can be achieved by
rapidly and periodically modulating the attenuation of inci-
dent light: Higher attenuation levels prevent spike satura-
tion in bright regions, while lower attenuation levels main-
tain sensitivity to Imin.

3.2. Creating multi-attenuated spikes

Multi-attenuated spikes can be collected by placing an elec-
tronically controlled LCD attenuator or a moving spatially
varying filter in front of the spike camera. For simplicity
and reliability, we design a rapidly rotating SpokeND fil-
ter, where each spoke corresponds to a distinct attenuation
level. Meanwhile, since acquiring real-world ground truth
is infeasible for high-speed scenes, we develop a new sim-
ulator to generate synthetic data. Samples from our dataset

are shown in fig:defocus (a).
SpokeND filter. To achieve stable and high-speed multi-
level attenuation, we carefully design a SpokeND filter tai-
lored to our spike camera. As shown in Fig. 3, we ad-
dress the following critical requirements for designing the
SpokeND filter: (1) Multiple attenuation levels. Following
the multi-exposure strategy commonly adopted in conven-
tional HDR methods [16–18], the SpokeND filter incorpo-
rates three discrete attenuation levels, i.e., 92%, 75%, and
0% 1, where the larger percentage indicates lower trans-
mittance. (2) High-frequency periodicity. The attenuation
regions are symmetrically distributed around the rotation
center to preserve spatial balance. To further improve the
temporal resolution of spike modulation and better adapt
it to high-speed scenes, we design the filter with four re-
peated attenuation cycles. At a rotation speed of 1800 rev-
olutions per minute (RPM), this configuration achieves a
temporal modulation frequency of 7200 cycles per minute
(CPM), significantly improving temporal modulation gran-
ularity. (3) Lightweight and stability. The filter is fabricated
from optical resin, chosen for its lightweight nature and me-
chanical robustness.
Real-world data. As shown in Fig. 3, we successfully
build the hardware platform capable of high-speed and
multi-attenuated spike capture. The platform integrates a
spike camera with our custom-designed SpokeND filter, all
mounted on an optical breadboard. We developed a ce-
ramic bearing with integrated gears to securely support the
rotating SpokeND filter. A high-speed motor drives its ro-
tation uniformly, reaching up to 1800 RPM, ensuring sta-

1Empirical setting. And for 0%, we neglect the intrinsic absorption of
the filter material.
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Figure 4. ReST-Net is a two-stage model that enables video reconstruction at arbitrary frame rates up to 2000 FPS. ReST-Net consists of
two modules, i.e., ReGain and ReFine, to reconstruct HFR and HDR video in a coarse-to-fine manner. ReGain module first performs a
baseline reconstruction based on Eqns. (3), yielding the baseline frame denoted as Is(t). To obtain the non-attenuated spike frame Ig(t),
we collect a local temporal window of 2K + 1 baseline frames centered at t, with a fixed interval ∆g between adjacent frames, and feed
them into ReGain module. For temporal refinement, ReFine module reconstructs frame If(t) by incorporating consistency across time.
Specifically, we concatenate the current ReGain output Ig(t) with a previous frame Ig(t −∆f) and feed them into ReFine module. Here,
∆f denotes the frame interval of the refined output.

ble and reliable high-speed operation. Using this platform,
we collect 100 groups of real-world data for testing, includ-
ing 80 captured in indoor scenes and the remaining in out-
door scenes. Each group of data contains one second of
multi-attenuated spike recordings. Since capturing the cor-
responding non-attenuated spikes is not repeatable in real-
world scenes, we only use this portion of the data for sub-
jective evaluation.
Synthetic data. Since real-world data lacks correspond-
ing ground truth, it cannot be used directly for model train-
ing. Therefore, we rely on synthetic data for training pur-
poses. Each synthetic sample consists of three components:
multi-attenuated spikes, non-attenuated spikes, and the cor-
responding ground truth HDR video. In this paper, we use
the HDR videos provided by Chang et al. [1] and Su et
al. [37] as our ground truth. During spike synthesis, we
apply a uniform rotational speed to the simulated multi-
attenuated SpokeND filter. The attenuation of light pass-
ing through the SpokeND filter is simulated by element-
wise multiplication with attenuation levels. Based on the
integrate-and-trigger mechanism of spike cameras [14], we
set an accumulator and a trigger threshold, which allows us
to generate the multi-attenuated and non-attenuated spikes.
This dataset consists of 285 groups, with 235 groups for
training and 50 groups for testing.
Discussion on lens defocus. In our current prototype, the
filter is positioned in front of the lens. This external place-
ment introduces a certain degree of defocusing, as shown
in Fig. 2 (b), particularly when the filter is not formed ex-
actly at the focal plane. Despite the actual attenuation levels
deviating from the ideal predefined settings, i.e., synthetic
data, our method is still able to reconstruct high-quality
HDR video on real-world data without the need for retrain-
ing. The results on real-world data are shown in Fig. 6.
A more optimal configuration is placing the SpokeND fil-
ter behind the lens and in close proximity to the spike sen-
sor. This setup requires more advanced hardware integra-
tion, which we plan to explore in future work.

3.3. Architecture of ReST-Net
Given a set of spikes, we begin with a baseline image re-
construction. As formulated in Eqns. (2), a common ap-
proach is to accumulate spikes over a temporal window, i.e.,
TFW. However, this method is highly sensitive to the win-
dow size and often results in motion blur, especially in high-
speed scenes. To mitigate this, we estimate pixel intensities
based on the intervals between successive spikes, i.e., TFI.
Let δ(t) represent the time interval between two adjacent
spikes, the corresponding pixel intensity is then obtained as

Is(t) = η2/δ(t), (3)

where η2 is a proportionality constant. We further ex-
tend this definition from the individual pixel to the full im-
age and denote the reconstructed frame at time t as Is(t).
As illustrated in Fig. 4, the multi-attenuated frame Is(t) ex-
hibits noticeable spatial variations and temporal fluctuations
due to the rapidly rotating SpokeND filter. To address these
issues and reconstruct HFR and HDR videos, we propose
a two-stage network, ReST-Net, composed of the ReGain
and ReFine modules, which reconstruct the target video in
a coarse-to-fine manner.
ReGain module. The ReGain module is designed to recon-
struct spike frames as if they are captured without attenua-
tion. This task is challenging since the relationship between
multi-attenuated spikes and their non-attenuated counter-
parts is inherently nonlinear. As shown in Fig. 2 (a), under
high photon flux, the sky regions with 0% attenuation may
exhibit spike saturation, causing loss of linearity between
photon count and spike density. Conversely, in low-light re-
gions, areas with 92% attenuation may produce no spikes at
all, making direct analytical recovery unreliable.

Fortunately, thanks to the rapid rotation of the Spok-
eND filter, even if saturation or zero-spike conditions oc-
cur at a specific time t, the temporal neighborhood modu-
lated by multiple attenuation levels can still provide spikes
captured under a suitable light intensity. Therefore, for
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Figure 5. Visual equality comparison of synthetic data between the proposed method and compared methods. TFW-N indicates the TFW
with a time window N . Please watch the videos in the supplementary material.

each inference step, the ReGain module takes a set of
2K + 1 temporally adjacent multi-attenuated spike frames
as input, and the time interval between two adjacent frame
is denoted by ∆g. Thus, the input can be expressed as
{Is(t + k · ∆g) |k ∈ [−K,K]}. Architecturally, ReGain
adopts a U-Net [35] like encoder-decoder structure. To en-
hance its ability to capture spatial context, we integrate self-
attention [38] blocks into the network, effectively expand-
ing its receptive field. The output of our ReGain module is
denoted as Ig(t).

ReFine module. ReFine module is designed to further re-
fine the output of ReGain module and suppress inter-frame
flickering. This module supports HFR video reconstruc-
tion at arbitrary frame rates up to 2000 FPS. Let ∆f de-
note the target temporal interval between frames. To refine
and output the frame If(t), we concatenate the current Re-
Gain output Ig(t) with a previous frame Ig(t−∆f), and feed
them into the ReFine module. This configuration provides
consistency-aware guidance during refinement, helping to
enhance temporal stability and reduce perceptual flicker in
the final HDR video output. Similar to ReGain module, Re-
Fine module adopts a U-Net like architecture enhanced with

self-attention blocks.
Loss and training. The objective of the ReGain mod-
ule is to recover spatially consistent intensity frames from
the input multi-attenuated frame. To train this module, we
first obtain the ground truth by applying Eqns. (3) to per-
form baseline reconstruction using synthetic non-attenuated
spikes. The resulting ground truth for Ig(t) is denoted
as Gg(t). The loss function used for training is defined
as:Lg(Ig,Gg) = α1L1 + α2L2, where L1 and L2 denote
the pixel-wise ℓ1 and ℓ2 losses, respectively, and α1, α2 are
weighting coefficients to balance the two terms. For the Re-
Fine module, the ground truth is the HDR video frame used
to synthesize the spike data, denoted as Gf(t). The loss
function is defined as: Lf = β1L1+β2L2+β3Ltemp, where
β1, β2, and β3 are weighting coefficients, Ltemp is the tem-
poral consistency loss, defined as: Ltemp = ℓ2(If(t)−If(t−
∆f),Gf(t) −Gf(t −∆f)). More details about the training
are available in the supplementary material.

4. Experiments
We conduct experiments and evaluations on both synthetic
and real-world datasets. To evaluate the effectiveness of our
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Figure 6. Visual equality comparison of real-world data between the proposed method and compared methods. For both indoor and outdoor
scenes, our method demonstrates superior effectiveness in HDR video reconstruction. Please watch the videos in the supplementary
material.

method, we compare it with existing video reconstruction
methods based on spike camera, i.e., TFW and TFI [14].
To the best of our knowledge, the proposed method is the
first framework to reconstruct HFR and HDR videos with

multi-attenuated spikes. While the compared methods are
specifically designed for non-attenuated spikes, making the
comparison not entirely fair, they still provide strong base-
lines to demonstrate the benefits of introducing approach.



Table 1. Quantitative results and ablation studies on our synthetic
data. ↑ (↓) indicates larger (smaller) values are better.

Comparison with baseline methods Ablation study
Method TFW-10 TFW-70 TFW-200 TFI Ours w/o ReGain w/o ReFine
PSNR↑ 13.47 22.16 29.05 21.75 34.27 21.89 31.48
SSIM ↑ 0.217 0.541 0.742 0.645 0.916 0.789 0.900

HDR-VDP3↑ 2.858 4.508 6.313 4.804 7.501 4.859 7.173
HDR-VQM↓ 1.530 0.797 0.289 0.736 0.152 0.724 0.166

4.1. Evaluation on synthetic data
We conducted both qualitative and quantitative evaluations
on synthetic data. As shown in Fig. 5 (a), the sky and road
exhibit high brightness, leading to spike saturation in non-
attenuated regions. Our method successfully reconstructs
fine details in these regions. For the moving car, our method
generates blur-free frames. In contrast, both TFI and TFW-
10 fail to recover spatially consistent frames. Although
TFW-200 achieves spatial consistency through temporal av-
eraging, it introduces noticeable motion blur in the mov-
ing car. In Fig. 5 (b), our method also effectively recovers
details in saturated regions such as the sky and the white
moving car. In Fig. 5 (c), our method preserves fine details
of the trees, whereas TFI and TFW-10 exhibit significant
noise and spatial inconsistency. Similarly, TFW-200 intro-
duces pronounced blurring artifacts. We further evaluate the
reconstructed HDR videos in terms of PSNR, SSIM [40],
HDR-VDP3 [27] and HDR-VQM [30] in Table 1, showing
that our method consistently achieves best performance.
Ablation study. To validate the effectiveness of the
two modules, we conducted ablation studies on synthetic
data i.e., “w/o ReGain” and “w/o ReFine”. As shown in Ta-
ble 1, the quantitative results confirm that both modules
contribute significantly to overall performance improve-
ment. Fig. 7 presents two visual examples: Removing
the ReFine module leads to diminished noise suppression,
while removing the ReGain module results in a failure to
reconstruct spatially consistent frames.

4.2. Evaluation on real-world data
We conduct qualitative comparisons on real-world data to
demonstrate the effectiveness. As ground truth is unavail-
able in such settings, we perform qualitative evaluation
only. As shown in Fig. 6, evaluations are carried out on both
indoor and outdoor scenes. A commercial smartphone, i.e.,
MI 15, is used to provide reference images of the HDR
scenes. Note that the reference images are for illustrative
purposes only and are not aligned with the spike camera.
In Fig. 6 (a), (b), and (c), we introduce rapid object mo-
tions in indoor scenes. While existing methods suffer from
significant noise and motion blur, our approach effectively
reconstructs fine texture details. For outdoor scenes shown
in Fig. 6 (d) and (e), reference images captured by the smart-
phone exhibit overexposure in the sky regions. Similarly,
in the spike data, the 0% attenuation level leads to satu-
rated triggering in those bright areas. Our method success-

ours w/o ReGain w/o ReFine
Figure 7. Visual comparison from the ablation study. Removing
the ReGain module leads to persistent spatial variations that are
difficult to correct, while removing the ReFine module results in
reduced noise suppression.

fully reconstructs both the bright sky and the jumping per-
son. In contrast, reconstructions from TFI and TFW-10 suf-
fer from spatial inconsistencies and noise, while TFW-200
yields blurred results.

5. Conclusion
In this paper, we present a novel framework for recon-
structing HFR and HDR video from spikes modulated by
a rapidly rotating SpokeND filter. By exploiting the ultra-
high temporal resolution of spike cameras, our method in-
troduces a spatiotemporal modulation mechanism that en-
ables effective sampling of multi-attenuated spikes. To sup-
port this, we develop a dedicated hardware platform com-
prising a spike camera and a custom-designed SpokeND
filter with four repeated attenuation cycles. Mounted on a
high-speed rotating stage, the filter enables high-frequency,
periodic modulation of incoming light, effectively encoding
HDR information over time. Building upon this setup, we
propose a two-stage ReST-Net, consisting of ReGain and
ReFine modules, to progressively reconstruct HDR video
in a coarse-to-fine manner. Extensive experiments demon-
strate that our approach outperforms conventional spike-
based reconstruction methods in HDR scenes.
Limitation and future work. Despite the promising results
demonstrated by our approach, the limitation on motion
speed still remains. To further clarify the robustness under
varying motion speeds, we conduct additional experiments
on the synthetic dataset. When motion speed is doubled,
the results achieve PSNR = 29.91 and SSIM = 0.902. When
tripled, PSNR = 26.35 and SSIM = 0.805. This demon-
strates a predictable decline in quantitative scores with in-
creasing motion speed, reflecting the theoretical limits.
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In the supplementary material, we provide details of
our hardware platform in Sec. 5.1, details of our simulator
in Sec. 5.2, additional implementation details in Sec. 5.3,
and additional qualitative results in Sec. 5.4.

5.1. Details of hardware platform
In this approach, we utilize the “Spike M1K40-H2-Gen3”
spike camera, which supports a sampling rate of 20,000 Hz.
The high-speed motor, “SOYG 3420 24V”, drives the fil-
ter rotation at 1800 RPM. The SpokeND filter is custom-
fabricated with a 10 mm diameter, constructed by attaching
multiple optical films with varying attenuation levels onto a
transparent optical resin.

5.2. Details of simulator
Existing spike simulators [1, 2, 12, 13] are not designed
to support multi-attenuated spike generation. To accom-
modate our experimental setup, we develop the multi-
attenuated spike simulator tailored to our spoke-pattern at-
tenuation model. This simulator takes video datasets as in-
put and applies tone mapping to simulate realistic illumi-
nation in HDR scenes. To introduce multiple attenuation
levels, we firstly generate the spoke-pattern mask according
to our custom-designed SpokeND filter. The mask is then
rotated by an angular step consistent with the actual rota-
tional speed of the SpokeND filter to reflect temporal vari-
ation. For the incident light intensity, i.e., the pixel value of
the ground truth frame, is modulated by the mask at each
pixel. For the spike generation, we set the sampling interval
parameter to determine how many spike frames each video
frame represents.

To bridge the domain gap between synthetic and real-
world data, we augment the synthetic data by applying ran-
dom Gaussian blur to each spoke-pattern mask, simulating

# Equal contribution. ∗ Corresponding author.

the lens defocus discussed in Section 3.2. Additionally, sim-
ilar to the prior work [13], we incorporate both temporal and
spatial noise simulations to enhance the realism of the syn-
thetic spikes.

5.3. Additional implementation details

The ReGain module employs a modified U-Net [35] back-
bone enhanced with the self-attention mechanism. The en-
coder comprises a series of convolutional blocks with pro-
gressively increasing channel depth (32 → 64 → 128 →
256), where downsampling is performed via strided convo-
lutions. Each encoder layer consists of two convolutional
blocks with Leaky ReLU activation. The bottleneck inte-
grates a multi-head self-attention [38] mechanism to expand
the receptive field, followed by two additional convolutional
layers for deep feature refinement. In the decoder, skip
connections are employed to facilitate high-fidelity spatial
reconstruction. The ReFine module shares similar struc-
tures with ReGain module, The encoder consists of four
convolutional stages with increasing channel depth (4 →
8 → 16 → 32). Each encoder block stacks two convolu-
tional layers with leaky ReLU activation and batch normal-
ization [15]. The decoder mirrors the encoder in structure
and includes bilinear upsampling followed by convolution,
with skip connections from the encoder. The final output is
produced via a 1×1 convolution followed by an upsampling
layer to match the target resolution. Regarding the param-
eter settings in this approach, ∆g is set to 0.5 ms, and K is
empirically chosen as 4. ∆f can be configured to any value
greater than 0.5 ms, allowing the frame rate to reach up to
2000 FPS.

ReST-Net is implemented using PyTorch [34] and
trained on a single NVIDIA RTX 4090 GPU. We first train
the ReGain module for 50 epochs, followed by training the
ReFine module for 30 epochs. During both training stages,
we use a batch size of 8 and adopt the Adam optimizer with
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Figure 8. For Fig. 5 (a) in the main paper, we additionally simulate multi-attenuated and non-attenuated spikes to show the effectiveness
of the SpokeND filter. The images reconstructed form non-attenuated spikes suffer from over-saturation.
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Figure 9. Additional visual equality comparison of synthetic data between the proposed method and compared methods, i.e., TFI and
TFW [14].The ground truth image is tone-mapped for better visualization.

an initial learning rate of 0.0001. α1 and α2 are set to be
0.4 and 1.0. β1, β2, and β3 are set to 0.4, 1.0 and 1.0, re-
spectively.

The average inference time of ReST-Net is 21.53 ms per

frame, corresponding to an overall output rate of 46.44 FPS.
In terms of model size, the ReGain module contains 19.3
million parameters (73.74 MB), while the ReFine module
comprises 449K parameters (1.72 MB), demonstrating the
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Figure 10. Additional visual equality comparison of synthetic data
between the proposed method and compared methods, i.e., TFI,
TFW [14], and Spk2ImgNet [43].

efficiency of our two-stage architecture.

5.4. Additional qualitative results
Ablation study. To further validate the necessity of
the SpokeND filter, we simulate HDR scenes as shown
in Fig. 8. Without the SpokeND filter, the non-attenuated
spikes exhibit saturated triggering in high-intensity regions.
Under such conditions, the loss of information makes it im-
possible for all the methods to reconstruct textures in the
saturated areas. More detailed ablation studies in Table 2
demonstrate effectiveness of attention module and the se-
lect of time window. Removing the attention module leads
to noticeable performance degradation. Moreover, the input
layer is designed to process a time window of 2K +1 spike
frames, spanning 10 ms to cover a full attenuation cycle.

Table 2. More ablation studies.

Table A. Detailed ablation study
Metrics Ours(K = 9) w/o ReGain w/o ReFine w/o Attention K = 1 K = 3

PSNR↑ 34.27 21.89 31.48 32.34 28.04 30.81
SSIM ↑ 0.916 0.789 0.900 0.914 0.872 0.873

Compare with existing methods. We show more com-
parison results with existing methods on synthetic data
in Fig. 9. As shown, our method reconstructs sharp
video frames. Although TFW-200 [14] can also miti-
gate the spatial variation introduced by the rotating filter
through temporal averaging, it tends to produce notice-
ably blurred results. We further demonstrate the utility of
the SpokeND filter by employing standardized spike data
for fair comparison with one state-of-the-art reconstruction
method (e.g., Spk2ImgNet [43]). As shown in Fig. 10,
Spk2ImgNet [43] introduces motion-blur artifacts and no-
ticeable noise, whereas our method produces cleaner recon-
structions.
Motion limits. Aliasing and harmonic synchronization
pose challenges for mechanical modulation. As illustrated
in Fig. 11, we conduct experiments with a fan at 3 rotation
speeds (240, 600, and 1800 RPM) to further investigate the
motion limits: Our method is capable of handling a fan ro-
tation speed of 240 RPM, where the fan rotates 1◦ in just
0.7 ms.

240 RPM 600 RPM 1800 RPM

spikes

image

Figure 11. Test on a high-speed fan: Reconstructed results show
motion blur at ultra-high rotational speeds.
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