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Abstract

The inherent differences between spike cameras and tradi-
tional frame-based cameras lead to more complex and diverse
noise characteristics, particularly under extremely low-light
conditions. Existing noise modeling approaches for spike
camera predominantly rely on inter-spike intervals (ISI) for
noise quantification, which often results in inaccurate noise
characterization. Moreover, current datasets for spike cam-
era image reconstruction tasks are either synthetic or lack
corresponding high-quality reference images, severely limit-
ing rigorous evaluation of noise modeling methods. To ad-
dress this limitation, we propose a multimodal noise mod-
eling framework for spike camera that integrates insights
from traditional frame-based imaging into spike imaging.
Specifically, we introduce a time-interval-based quantifica-
tion method inspired by the exposure-time concept used
in traditional frame-based cameras, enabling accurate noise
characterization for spike camera. Furthermore, we present
the Spike-DSLR Multimodal Dataset (SDMD), the first real-
world dataset capturing aligned multimodal data pairs from
spike cameras and Digital Single-Lens Reflex (DSLR) cam-
eras, explicitly designed for evaluating spike camera noise
models. Experimental results on SDMD demonstrate that our
noise modeling approach significantly enhances spike cam-
era image reconstruction quality under low-light conditions,
achieving more than 1.6 dB improvement in PSNR compared
to existing state-of-the-art methods. This validates both the
necessity and effectiveness of adopting a multimodal perspec-
tive in spike camera noise modeling.

Introduction
With the continuous advancement of imaging technology,
research on low-light noise modeling and denoising methods
has emerged as a prominent topic in computer vision. Tra-
ditional frame-based cameras exhibit inherent limitations in
capturing dynamic light variations during exposure periods:
they cannot record detailed temporal changes within the ex-
posure interval. Even video recording remains constrained
by finite frame rates, resulting in information loss between
consecutive exposures.

To address these limitations and further advance imag-
ing technology, Peking University introduced the Spike Vi-
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sion Model in 2015, replacing the conventional concept of
“Video” with “Vidar” (visual radar). This model effectively
compensates for the limitations of traditional frame-based
cameras in high-speed scene recording by continuously cap-
turing dynamic light variations, thereby offering a novel
approach to light information acquisition. Spike cameras
are inspired by biological retinas, applying event-driven en-
coding principles where visual information is represented
through discrete spikes rather than continuous signals. This
innovation demonstrates significant potential not only in vi-
sual information representation but also exerts profound in-
fluence on the study of biological mechanisms. With their
high temporal resolution and sensitivity to light intensity
variations, spike cameras have made significant advances
in reconstruction applications, particularly in high dynamic
range imaging (Chang et al. 2023, 2024; Han et al. 2020)
and image deblurring (Chen et al. 2024).

Spike cameras represent a revolutionary sensing technol-
ogy that captures visual information through asynchronous
binary data rather than traditional frame-based exposure.
While promising significant advantages in temporal reso-
lution and dynamic range, these cameras face substantial
challenges in extremely low-light environments where the
inherent sparsity of spike data and complex noise charac-
teristics severely impact image reconstruction quality. Ad-
dressing these challenges requires a multimodal perspective
that bridges the conceptual frameworks of traditional imag-
ing and neuromorphic sensing.

Current approaches to spike camera image reconstruction
predominantly rely on simulated data, as capturing paired
ground truth references for real spike data remains techni-
cally challenging. However, existing simulation methods are
primarily designed for normal or moderately low-light sce-
narios and fail to accurately model the noise characteristic
under extremely low-light conditions. This disconnect be-
tween simulation and real-world performance highlights the
need for both improved noise modeling techniques and high-
quality multimodal datasets that enable reliable evaluation.

To address these limitations, we propose a time-interval-
based noise modeling approach that fundamentally rethinks
how spike camera noise should be quantified. Existing meth-
ods rely on Inter-Spike Interval (ISI) modeling, which in-
herently couples noise with light intensity and overlooks
critical temporal aspects of spike data simulation. Our ap-
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TFP result from spike camera Reference by DSLR camera

Figure 1: Visualization of paired data from the SDMD
dataset under extreme low-light conditions (illuminance <
5 lux).

proach draws inspiration from frame-based camera noise
characterization, treating sampling time as a sequence of dis-
crete intervals within which various noise types are metic-
ulously modeled. This cross-modal knowledge transfer en-
ables more accurate noise parameter estimation by ensuring
that dark current noise remains independent of light intensity
and properly accounts for charging time effects considera-
tions that traditional ISI-based noise modeling approaches
cannot address.

Moreover, we introduce the Spike-DSLR Multimodal
Dataset (SDMD), a novel dataset that pairs real spike cam-
era data with corresponding high-quality reference images
captured by Digital Single-Lens Reflex (DSLR) cameras (as
shown in Fig. 1). This multimodal approach provides, for the
first time, a reliable benchmark for evaluating different spike
simulation methods against ground truth data, enabling ob-
jective assessment of noise modeling techniques. Without
this cross-modal reference framework, accurately evaluating
spike camera noise models would remain virtually impossi-
ble.

To sum up, the main contributions of this work include:
• We conduct an in-depth investigation of the spike camera

imaging process and propose a spike camera noise model
based on time interval modeling. This model comprehen-
sively considers the characteristics of spike cameras, typ-
ical noise types, and spike camera image reconstruction
algorithms, thereby more completely capturing and de-
scribing complex noise characteristics under extremely
low-light conditions.

• We establish a Spike-DSLR Multimodal Dataset
(SDMD) specifically designed for extremely low-light
scenarios, containing paired noisy spike data and high-
quality reference image irradiance, providing a crucial
data foundation for future research in noise modeling and
spike camera image reconstruction.

• Experimental results demonstrate that our proposed
method can generate spike data distributions that accu-

rately reflect real-world extremely low-light scenarios,
significantly enhancing spike camera image reconstruc-
tion performance under these challenging conditions.

Ralated Work
Image Reconstruction for Spike Cameras
The core task of spike cameras is image reconstruction,
which involves mapping from spike camera data to image
irradiance. The development of this task can be categorized
into two primary phases: traditional reconstruction meth-
ods and deep learning-based approaches. Among traditional
methods, Texture from Playback (TFP) and Texture from
Inter-Spike Interval (TFI) (Zhu et al. 2019) reconstruct im-
age irradiance by analyzing spike counts and intervals. TFP
accumulates spike data through temporal windows, adapting
to various dynamic ranges and contrasts, while TFI special-
izes in capturing contours in high-speed motion scenarios.

With the rapid development of deep learning technolo-
gies, spike camera image reconstruction methods have
achieved significant breakthroughs, further enhancing re-
construction quality and accuracy. Spk2ImgNet (Zhao et al.
2021) leverages deep learning by integrating local and long-
term aligned temporal information, significantly improving
reconstruction results. SSML (Chen et al. 2022) employs a
self-supervised learning framework, combining blind spot
networks and pseudo-labels to further enhance spike camera
image reconstruction precision. Concurrently, BSF (Zhao
et al. 2024b) improves reconstruction robustness and accu-
racy through higher-order spike emission time differential
analysis, quantization fluctuation modeling, and multi-scale
feature alignment techniques.

Moreover, researchers have developed specialized algo-
rithms for specific spike camera application scenarios. Neu-
roZoom (Duan et al. 2023) addresses denoising and super-
resolution challenges for neuromorphic cameras, substan-
tially improving image quality for dynamic vision sensors
and spike cameras. SSIR (Zhao et al. 2024a) achieves recon-
struction performance comparable to state-of-the-art meth-
ods while reducing computational requirements through
energy-efficient spiking neural networks. The advancement
of these methodologies has not only driven progress in spike
camera technology but also provided robust support for fu-
ture applications.

Sensor Noise Modeling
Research in sensor noise modeling for traditional frame-
based camera has evolved from physics-based statisti-
cal models to data-driven approaches. Early sensor noise
modeling methods characterized complex noise compo-
nents through parameterized approaches such as Poisson-
Gaussian mixture distributions (Foi et al. 2008; Foi 2009).
Related studies (Wei et al. 2021; Zhang et al. 2021; Feng
et al. 2024; Wang et al. 2020) inferred camera gain by cap-
turing data under uniform illumination and applying pho-
ton transfer techniques (Janesick, Klaasen, and Elliott 1985)
to model shot noise. For sensor-generated noise, ELD (Wei
et al. 2021) modeled the heavy-tailed characteristics of dark
current noise using Tukey Lambda distributions (Joiner and
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Rosenblatt 1971), ELLE (Wang et al. 2021) employed uni-
form distributions to model black level noise, while PMN
(Feng et al. 2024) adopted a decomposition strategy for dark
current fixed pattern noise.

In recent years, data-driven models have become a focal
point in noise modeling research. NoiseFlow (Abdelhamed,
Brubaker, and Brown 2019) modeled noise distributions
through normalizing flows, while CA-GAN (Chang et al.
2020) introduced Generative Adversarial Networks (GANs)
to enhance noise realism. However, these methods primarily
target normal or low-light conditions (illuminance greater
than 5 lux), limiting their applicability in extreme low-light
scenarios. To overcome this limitation, LRD (Zhang et al.
2023) proposed a generalized low-light rawRGB noise syn-
thesis and modeling method that effectively enhances noise
modeling capabilities in complex scenes by simulating noise
characteristics in low-light environments. This reveals the
current limitations of data-driven models in extremely dark
scenes, which, due to neglecting the physical noise genera-
tion process, underperform compared to traditional physics-
based statistical models (Zhang et al. 2021; Wei et al. 2021).
Furthermore, LLD (Cao et al. 2023) significantly improved
noise modeling precision by designing a learnable noise
modeling network structure and fully considering the map-
ping relationship between ISO and noise levels.

Due to differences in sampling mechanisms between
spike cameras and traditional frame-based cameras, noise
modeling for this emerging imaging technology has at-
tracted extensive attention. Existing noise modeling meth-
ods for spike camera (Zhu et al. 2023, 2021) divide sam-
pling time into multiple discharge periods, each correspond-
ing to an inter-spike interval, first generating inter-spike in-
tervals and then converting them to spike data. Specifically,
NeuSpike-Net (Zhu et al. 2021) extended the capability to
handle dark current fixed pattern noise in spike cameras but
primarily focused on normal lighting conditions. RSIR (Zhu
et al. 2023), through physics-based statistical noise model-
ing, made the first attempt to reconstruct high-quality image
irradiance under low-light conditions. However, in extreme
low-light scenarios, these methods still demonstrate limita-
tions.

High-Quality Real Noise Datasets Construction
Imaging technology has evolved toward multi-device, multi-
scene directions, driving data collection paradigms from tra-
ditional frame-based cameras to emerging camera domains,
and from normal light to extremely low-light scenes.

Data Collection for Traditional Frame Cameras: Early
research primarily constructed paired data by controlling
ISO and exposure time. Nam et al.(Nam et al. 2016) built
cross-channel noise models using multi-ISO static scene
captures, but failed to consider the effects of dynamic light-
ing changes; while the RENOIR dataset(Anaya and Barbu
2018) expanded exposure parameter combinations, spatial
misalignment errors resulted from neglecting dark current
noise calibration. These datasets reveal the domain gap
problem between controlled laboratory conditions and com-
plex real-world scenarios.

Data Collection for Low-Light Scenes: SIDD (Abdel-
hamed, Lin, and Brown 2018) improved data fidelity by av-
eraging multiple frames to generate reference images, but
faced alignment sensitivity and fixed pattern noise residual
issues in mobile device imaging. For extremely dark scenes,
Chen et al. (Chen et al. 2018) pioneered a method pair-
ing long and short exposures based on extremely low-light
rawRGB data. Although DND (Plotz and Roth 2017) and
ELD (Wei et al. 2021) constructed data through high-low
ISO combinations, they were limited to use as test sets due
to the limited number of paired data.

Data Collection for New Imaging Devices: LED (Duan
2024) captured background active noise events using a dual-
camera system, but the threshold-driven mechanism of event
cameras fundamentally differs from the photon statistical
models of traditional cameras; the RSIR spike dataset only
provides low-light noise data, lacking noise correlation anal-
ysis with traditional frame-based devices. The differences in
data collection paradigms between emerging and traditional
cameras highlight the theoretical challenges of cross-domain
modeling.

Methodology
Working Principles and Imaging Mechanisms of
Spike Cameras
The defining feature of spike cameras is their asyn-
chronously operating pixel structure, enabling each pixel
to independently sense light intensity changes with fine-
grained temporal resolution. The imaging process of a spike
camera primarily comprises three states: integration, reset,
and readout.

During integration, the photodiode accumulates photons,
generating a photocurrent Iph that decreases voltage across
capacitor Cpd. When this voltage reaches the reference volt-
age Vref , the comparator triggers. In the reset state, the
system clears accumulated charges, resets to supply volt-
age Vdd, and generates a 1-bit signal. Each pixel indepen-
dently produces a spike stream encoded as a binary se-
quence, where ‘1’ represents a spike trigger and ‘0’ indi-
cates ongoing accumulation. The Inter-Spike Interval (ISI),
the duration between spikes, inversely correlates with light
intensity. The readout phase then transmits this signal to the
data bus.

The threshold voltage θ represents the difference between
Vdd and Vref , while Vph denotes the photovoltage. Spike
cameras output spatio-temporal binary streams with dimen-
sions H ×W ×M , where spatial resolution is H ×W and
M represents the number of time intervals Tr within total
sampling time T . The TFP algorithm reconstructs image ir-

radiance by calculating TFP(Ŝ) =
∑M

m=1 Ŝ(m)

M , where pixel
positions are indexed by (i, j) and time intervals by m.

Problem Formulation
To establish the more comprehensive spike camera noise
model by integrating spike camera imaging characteristics
and addressing spike camera image reconstruction require-
ments, two key issues must be addressed: algorithm input
and noise quantification method.
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Algorithm 1: Spike simulation algorithm under ideal condi-
tions without shot and dark current noise.

1: Input: Image irradiance I(t) varying with time t, total
sampling time T = M · Tr

2: Output: Synthesized spike stream Ŝ =

{Ŝ(i, j,m)}m=1,...,M

3: Initialization: Ŝ(i, j,m) = 0
4: for m in range [1,M ] do
5: Update voltage: Vph(i, j) ← Vph(i, j) + 1

Cpd
·

I(i, j,m · Tr) · Tr

6: if Vph(i, j) ≥ θ then
7: Generate spike signal: Ŝ(i, j,m)← 1
8: Reset voltage: Vph(i, j,m)← 0
9: end if

10: end for

Algorithm Input: For spike data simulation algorithm,
input data can be either clean spike streams or continuous
clean image sequences. One approach to obtain clean spike
streams is to assume the absence of shot noise and dark
current noise. Under these idealized conditions, ideal spike
streams could be generated through the spike camera imag-
ing process. Drawing on the SpikingSIM (Zhao et al. 2022)
method, Algorithm 1 summarizes the spike camera simula-
tion process under ideal conditions without shot noise and
dark current noise. However, even under these assumptions,
clean spike streams remain practically unobtainable, primar-
ily due to unavoidable quantization noise. Since the photo-
voltage Vph cannot precisely equal the threshold voltage θ
at a specific time interval point, Vph inevitably incurs quan-
tization errors. Furthermore, these ideal conditions without
shot noise and dark current noise are unachievable in reality.
Consequently, clean spike streams do not exist and cannot
serve as algorithm input. Based on this analysis, we use con-
tinuous clean image sequences as input for spike data sim-
ulation. The generated spike data is then used as input for
reconstruction algorithms, which output continuous image
sequences.

Noise Quantification Method: Having considered ap-
propriate algorithm input, we now examine noise quantifica-
tion methods in the spike camera imaging process. Existing
spike data simulation methods for low-light scenes divide
sampling time into multiple discharge periods, each corre-
sponding to an inter-spike interval, first generating inter-
spike intervals and then converting them to spike data. While
NeuSpike-Net extended capability to handle dark current
fixed pattern noise and RSIR made the first attempt to recon-
struct high-quality image irradiance under low-light condi-
tions through physics-based statistical noise modeling, these
approaches still demonstrate significant limitations in ex-
treme low-light scenarios.

The fundamental problem with inter-spike interval mod-
els lies in their inherent coupling of dark current noise
with light intensity, making it impossible to isolate and an-
alyze dark current noise characteristics independently. This
forces researchers to use uniform illumination data to infer

dark current noise parameters, resulting in imprecise mod-
eling. Additionally, these models ignore charging time peri-
ods when the sensor doesn’t receive light signals. The inte-
ger form of inter-spike intervals further lacks the precision
needed for the refined noise characterization required in ex-
treme low-light conditions.

To overcome these challenges, we propose a time-
interval-based noise quantification method that treats sam-
pling time as a sequence of intervals, modeling various noise
types within each interval. This approach draws inspiration
from traditional frame-based camera noise parameter esti-
mation techniques, ensuring that dark current noise in indi-
vidual time intervals remains unaffected by light intensity,
thereby enhancing the accuracy of noise parameter estima-
tion while effectively accounting for charging time effects.
Our method provides a more comprehensive framework for
characterizing spike camera noise in extreme low-light con-
ditions.

Noise Analysis and Modeling Methods for Spike
Cameras
As shown in Fig. 2, we propose a comprehensive noise
modeling method specifically designed for spike cameras
in extremely low-light conditions. This approach system-
atically analyzes each noise component and develops a
Time-Interval-based Spike Simulation method for Extreme
Low-Light Conditions (ELSSim). The method compre-
hensively considers multiple noise sources, including shot
noise Nspike

shot , dark current noise Nspike
DC , dark current hot-

pixel noise Nspike
HP , photo-response non-uniformity noise

Nspike
PRNU , and refractory period noise Nspike

RP , aiming to pre-
cisely characterize the noise behavior of spike cameras in
extremely low-light scenes.

Inspired by physical statistical noise models, our method
leverages the analysis of Flat-field Frames (FF) and Dark
Frames (DF) to support noise modeling. Specifically, we
collected 20 sets of spike data under completely dark con-
ditions (denoted as Sk1

DF , where k1 = 1, 2, . . . , 20) for
statistical analysis of dark current noise characteristics. To
simulate noise under different lighting conditions, we fur-
ther collected flat-field spike data under various brightness
conditions without a lens (denoted as Sk2

FF , where k2 =
1, 2, . . . , 20).
• Shot Noise Shot noise Nspike

shot originates from the quan-
tum nature of photons and is an unavoidable phenomenon
at the physical level (Konnik and Welsh 2014; Gow et al.
2007), with significant impact on imaging quality. The shot
noise can be directly modeled using the Poisson distribu-
tion P , effectively avoiding the complex gain correction
processes common in traditional frame-based camera noise
modeling.
• Dark Current Noise Referencing the research in LLD

(Cao et al. 2023), dark current noise can be divided into
two main components: fixed pattern noise and shot noise.
To adapt to the time-interval-based modeling strategy, our
method defines dark current noise within a single time inter-
val. Specifically, dark current noise Nspike

DC can be modeled
using the Poisson distribution P as follows:
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Figure 2: Pipeline of the spike camera in real-world scenarios.

Nspike
DC ∼ P (µDC) , (1)

where the dark current fixed pattern noise µDC for a sin-
gle time interval is based on the statistical results of 20 sets
of dark-field spike data, calculated as:

µDC(i, j) =

∑20
k1=1

∑M
m=1 S

k1
DF (i, j)

20 ·M
, (2)

This method effectively reduces noise fluctuations in mea-
surements by averaging multiple sets of dark-field spike
data, more accurately reflecting the fixed pattern noise dif-
ferences between pixels.
•Dark Current Hot-Pixel Noise The model for dark cur-

rent hot-pixel noise can be constructed by setting a hot-pixel
threshold θHT to determine the hot-pixel location matrix
Mask(i, j):

Mask(i, j) =

{
1, (TFP(Sk1=1

DF (i, j))− µDC(i, j)) ≥ θHT

0, (TFP(Sk1=1
DF (i, j))− µDC(i, j)) < θHT

.

(3)
Once the hot-pixel locations are determined, dark current

hot-pixel noise Nspike
HP can be modeled for these specific po-

sitions to more accurately reflect the noise characteristics:

Nspike
HP ∼ N

(
µHP , σ

2
HP

)
, (4)

In this model, the mean µHP and noise intensity σHP can
be derived through the operation Mask × (TFP(Sk1

DF ) −
µDC), further quantifying the characteristics of hot-pixel
noise.
•Photo-Response Non-Uniformity Noise Photo-

Response Non-Uniformity (PRNU) noise is a fixed pattern
noise caused by non-uniformities in the sensor manufac-
turing process, which significantly impacts data quality
during imaging. Specifically, even under the same lighting
conditions, due to manufacturing non-uniformities, each

pixel responds slightly differently to light, resulting in
PRNU noise manifesting as non-uniform light response
distributions during imaging. PRNU noise parameters can
be calibrated and modeled by obtaining flat-field spike data
through lens-less shooting, thus mitigating its impact on
imaging quality.

To model 20 sets of flat-field spike data Sk2
FF under differ-

ent brightness conditions, we first calculate the average re-
sponse value Sk2

FF for each set to provide a baseline for sub-
sequent PRNU noise analysis. The average response value
is calculated as:

Sk2
FF =

∑H
i=1

∑W
j=1

(
TFP(Sk2

FF )− µDC

)
(i, j)

H ·W
, (5)

Next, PRNU noise Nspike
PRNU is defined as a ten-

sor of size H × W , which helps systematically repre-
sent and analyze the photo-response non-uniformity of
each pixel. Nspike

PRNU (i, j) represents the slope parame-
ter obtained through linear regression between the dark-
current-corrected TFP values (TFP(Sk2

FF ) − µDC)(i, j).
Nspike

PRNU (i, j) and the average response value Sk2
FF at pixel

position (i, j).
•Refractory Period Noise In neuroscience, the refrac-

tory period (RP) refers to the time interval during which a
neuron, after experiencing an action potential, temporarily
cannot generate subsequent action potentials, a phenomenon
of significant importance in neural signal transmission. In
bio-inspired imaging systems such as spike cameras and
event cameras, when a spike or event is generated, the rel-
evant pixel temporarily loses its response capability for a
certain period, thus defining this time interval as the re-
fractory period (Low and Lee 2023), a definition inspired
by concepts from neuroscience and physiology.In traditional
frame-based cameras, the discharge time of the photodiode
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Algorithm 2: Spike stream simulation algorithm in extreme
low-light scenarios.

1: Input: Image irradiance I(t) varying with time t, total
sampling time T = M · Tr

2: Output: Synthesized spike stream Ŝ =

Ŝ(i, j,m)m=1,...,M

3: Initialization: Ŝ(i, j,m) = 0
4: for m in range [1,M ] do
5: Add shot noise and photo-response non-

uniformity noise
6: I(i, j,m · Tr)← P(I(i, j,m · Tr)) ·Nspike

PRNU
7: Add dark current noise and refractory period

noise
8: Vph(i, j) ← Vph(i, j) +

1
Cpd
· I(i, j,m · Tr) · δt ·(

Tr

δt +Nspike
RP

)
+Nspike

DC · θ
9: Add dark current hot-pixel noise

10: Mask(i, j) · Vph(i, j) ← Mask(i, j) · Vph(i, j) +

Nspike
HP · θ

11: if Vph(i, j) ≥ θ then
12: Generate spike signal: Ŝ(i, j,m)← 1
13: Reset voltage: Vph(i, j,m)← 0
14: end if
15: end for

corresponds to the exposure time, while the charging process
is completed during the interval between two shutters. In
spike cameras, the time interval Tr is subdivided into several
time units δt, and the charging operation is completed within
one time unit after spike triggering, which is considered the
refractory period, during which the photodiode completes
charging. The operating clock frequency is CLK = 10
MHz, so the time unit δt can be calculated as δt = 2

CLK

seconds, resulting in Tr

δt time units within one time interval
Tr. In spike cameras, the photodiode discharge time cov-
ers the entire integration cycle, while the charging process is
completed within one time unit δt after spike generation, a
relationship that significantly impacts the imaging process.
During the refractory period, light signals cannot be effec-
tively collected, thus this loss of light signal is defined as re-
fractory period noise Nspike

RP , a typical device-related noise
whose presence may significantly affect the overall perfor-
mance of the imaging system. Based on the above analysis,
considering the impact of refractory periods on light signal
collection, refractory period noise Nspike

RP can be defined as:

Nspike
RP (i, j) =

{
−1, Ŝ(i, j,m− 1) = 1

0, Ŝ(i, j,m− 1) = 0
when m > 1 .

(6)
•Spike Data Synthesis Algorithm for Extremely Low-

Light Scenes Based on the time-interval model description
and the definition and modeling of various noise types dis-
cussed above, we can derive a spike data simulation algo-
rithm suitable for extremely low-light scenes. As shown in
Algorithm 2, the entire synthesis process strictly follows the

actual imaging process of spike cameras. Specifically, dark
current hot-pixel noise reflects the inherent noise character-
istics of the sensor under no illumination conditions, while
refractory period noise simulates the brief non-responsive
period of spike camera pixels after triggering a spike. The
inclusion of these two noise types makes our model more
closely aligned with the physical characteristics of actual
spike cameras.

Spike-DSLR Multimodal Dataset in Extreme
Low-Light Conditions

This section introduces a novel Spike-DSLR Multimodal
Dataset (SDMD). The construction methodology aligns with
the spike camera image reconstruction task, which aims
to reconstruct image irradiance from spike data. We con-
structed multimodal system of spike camera and DSLR on
the optical platform. We carefully controlled the light box
illuminance to be below 5 lux to capture images under
extreme low-light environments, consistent with the stan-
dard definition established in previous literature (Chen et al.
2018; Wei et al. 2021).

The entire construction process of the Spike-DSLR Mul-
timodal Dataset consists of the following seven steps: (1)
we captured images with an exposure time of 1/13 sec-
ond and ISO setting of 100, obtaining images with rela-
tively high signal-to-noise ratios. (2) To further reduce shot
noise, dark current shot noise, and row noise in the images,
we adopted a 20-frames averaging strategy, referencing the
SIDD dataset (Abdelhamed, Lin, and Brown 2018). (3) To
address fixed pattern noise, including dark current fixed
pattern noise and PRNU noise, we followed the PMN ap-
proach(Feng et al. 2024) and captured 400 dark-field images
under completely black conditions using identical exposure
parameters. Through multi-frame averaging, we extracted
the combination of dark current fixed pattern noise and black
level error noise. (4) We calibrated PRNU noise using flat-
field images captured by the DSLR camera. By removing
these two types of fixed pattern noise, we significantly elim-
inated noise in the reference images, ensuring their clarity
and reliability. (5) We adopted the existing pixel-shift shoot-
ing technology (Zhang, Fu, and Li 2022; Qian et al. 2022)
to avoid demosaicing operations, thereby obtaining single-
channel clean images and further improving dataset qual-
ity. (6) We determined the lens shading correction matrix
and camera response function for the DSLR camera, apply-
ing further corrections to the clean images. (7) Finally, to
ensure precise alignment between DSLR and spike camera
modalities, we adopt the same method as NeuSpike-Net to
use homography matrices between single-channel clean im-
ages and TFP-reconstructed images for registration, gener-
ating high-quality reference images. Through this carefully
crafted series of steps, we successfully constructed a multi-
modal dataset that combines authenticity with high quality,
providing a reliable foundation for subsequent spike camera
noise research. Ultimately, we captured paired multimodal
data for 100 different scenes.
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Experimental Results and Analysis
Experimental Settings and Implementation Details
This section consists of two parts: the experimental setup
and the dataset setup.
•Experimental Setup
This section compares four classical spike camera image re-
construction methods: TFP, TFI, Spk2ImgNet, SSML and
BSF. These methods were all simulated under normal light-
ing conditions and their spike algorithms were constructed
accordingly. However, the RSIR experiments demonstrate
that these methods perform poorly in low-light scenarios. To
address this issue, RSIR proposed a specialized noise model
and corresponding spike camera image reconstruction net-
work for low-light scenes. As environmental conditions de-
teriorate further to extreme low-light scenarios, we intro-
duces a novel spike camera noise modeling and constructs
the SDMD dataset comprising spike camera and DSLR cam-
era captures. To ensure experimental fairness, we employ
the same spike camera image reconstruction network archi-
tecture and training settings as the RSIR method, differ-
ing only in the simulation method, which utilizes our pro-
posed ELSSim algorithm. The RSIR method preprocesses
raw spike data using a sampling quantity of M = 320 and
TFP processing with a window size of 32, ultimately gen-
erating H ×W × 10 preprocessed data as input to the re-
construction network. Our method adopts the same prepro-
cessing settings as RSIR. Additionally, ”Paired Data” refers
to the RSIR spike camera image reconstruction network
trained using the SDMD training set.
• Dataset Setup
Simulated Spike Dataset: To maintain consistency with the
RSIR method’s training setup, the simulated spike dataset
utilizes the DAVIS(Perazzi et al. 2016) dataset, encompass-
ing 90 distinct scenes. Among these, 85 scenes were used
for synthesizing training data, while the remaining 5 sets of
scenes were used for synthesizing test data. The test spike
data was derived from these 5 sets of clear images synthe-
sized with Algorithm 2.

SDMD Real Spike Dataset: The SDMD dataset com-
prises 100 different scenes, with 20 sets designated as the
test set for evaluating the performance of various spike cam-
era image reconstruction methods, and the remaining 80
sets serving as SDMD training data, primarily for training
the ”Paired Data” experiment. The primary purpose of the
SDMD dataset is to verify the image reconstruction capa-
bilities of reconstruction models trained based on different
spike simulation algorithms, rather than providing a training
scheme based on real paired datasets.

Extreme Low-light Dynamic Spike Dataset: We present
ELDSD (Extreme Low-light Dynamic Spike Dataset), a spe-
cialized collection of spike camera recordings captured un-
der challenging illumination conditions. This dataset com-
prises 15 diverse dynamic scenes recorded in both indoor
and outdoor environments, with illuminance levels meticu-
lously controlled below 5 lux.

RSIR Real Spike Dataset: The RSIR dataset contains
10 different scenes, all used to evaluate the performance of
different spike camera image reconstruction methods. Un-

Methods PSNR SSIM

TFP(M = 320) 13.02 0.146
TFP(M = 4000) 13.45 0.266
TFI 13.62 0.293
Spk2ImgNet 13.73 0.314
SSML 15.70 0.397
BSF 15.72 0.401
RSIR 16.20 0.438
Paired Data 18.03 0.662
ELSSim 17.81 0.681

Table 1: The PSNR(dB) and SSIM results of different meth-
ods on SDMD dataset.

like the SDMD dataset, the RSIR dataset does not provide
reference images, thus quality comparisons of reconstructed
images can only be made through subjective human visual
assessment.

Comparison of Experimental Results
As shown in Table. 1, the classical TFI method relies on
the fundamental correspondence between spike signals and
image irradiance to reconstruct images. In contrast, the
Spk2ImgNet and SSML methods are optimized solely for
high-speed motion scenes under normal illumination, re-
sulting in limited applicability under more complex light-
ing conditions. When confronted with complex scene noise,
these methods struggle to meet the requirements of a wide
range of applications. The RSIR method achieves certain
performance improvements by considering factors such as
fixed pattern noise. However, RSIR employs a ISI-based
modeling approach that estimates noise intensity within a
single spike interval, resulting in a correlation between light
intensity and dark current noise intensity, thereby limiting
the extent of its performance improvement. In compari-
son, our proposed method adopts a time-interval-based noise
modeling approach and demonstrates excellent performance
in extreme low-light scenarios.

Conclusion
In this paper, we advance neuromorphic visual sens-
ing through our multimodal approach to spike camera
noise modeling in extreme low-light conditions. Our time-
interval-based noise quantification method overcomes limi-
tations of traditional techniques by drawing inspiration from
frame-based camera characterization. Complementing this,
our novel Spike-DSLR Multimodal Dataset (SDMD) pairs
real spike data with DSLR reference images, establishing a
benchmark for validating noise models against ground truth.
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