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Abstract

As a bio-inspired vision sensor, the spiking camera has
showcased remarkable capability in high-speed imaging
with a sampling rate of 40,000 Hz. Reconstructing clear
images from continuous spike streams, which is obtained
by each photosensor continuously detecting photons and
firing them asynchronously, has garnered significant atten-
tion. Despite promising results, existing spike-to-image re-
construction methods face challenges in balancing global
receptive fields and efficient computation due to the inher-
ent limitations of their backbones. Recently, due to pow-
erful long-range modeling and linear complexity, the state
space model (SSM) has emerged as a competitive alterna-
tive to CNNs and Transformers. In this paper, we propose a
lightweight spike-to-image reconstruction network that har-
nesses Mamba as the backbone. Our approach sequentially
executes three core modules: temporal information inte-
gration, spatial feature enhancement, and progressive im-
age reconstruction. The former accumulates cues across
diverse temporal windows to explore both long-term and
short-term contexts. Subsequently, to model global depen-
dencies while heightening local detail perception, we de-
velop a multi-scale SSM block characterized by multi-scale
multi-direction scanning, which effectively boosts spatial
feature representations. Finally, intensity images are de-
coded progressively from the enhanced light-intensity fea-
tures. Extensive experiments on both synthetic and real-
captured data demonstrate that our approach achieves
state-of-the-art performance, with only 10% of the network
parameters and nearly two orders of magnitude less com-
putational effort. The code will be available at https :
//github.com/interstellarH/Spk2ImgMamba.
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Figure 1. Model comparison of PSNR, FLOPs, and model

size on the SREDS dataset [55]. Our Mamba-based architec-
ture achieves excellent results in terms of reconstruction accuracy
and computational efficiency. SSIR [55] is SNN-based, while
Spk2ImgNet [53], BSF [58], and WGSE [51] are CNN-based
methods.

1. Introduction

Inspired by the foveal sampling mechanism of the retina,
a new type of neuromorphic visual sensor, known as the
spiking camera [0, 28], has emerged in recent years. The
spiking camera has been developed with a sampling rate
of 40,000 Hz, demonstrating vast potential in high-speed
imaging applications [2, 7,46, 50, 56, 60, 66] such as drones
and chemical particle observation. Unlike event cam-
eras [1,31,34,39], which record relative changes of light in-
tensity (i.e., differential sampling), each pixel of the spiking
camera continuously accumulates photons and fires spikes
asynchronously. This integration-based sampling allows the
spiking camera to retain the absolute light intensity infor-
mation of the scene, offering the possibility of reconstruct-
ing fine textures. However, binary spike streams are not
intuitive for human visual perception and pose challenges
for off-the-shelf computer vision algorithms to adapt di-



rectly. Consequently, spike-to-image reconstruction, i.e.,
reconstructing latent image frames from continuous spike
streams, has become a research topic of great interest.

To reconstruct dynamic scenes from spike data, intrin-
sic temporal statistical characteristics [64] are often uti-
lized by calculating the firing frequency or firing interval
of each pixel, known as texture from playback (TFP) and
texture from inter-spike-intervals (TFI), respectively. Also,
other efforts focus on refining firing frequency estimates
via retina-like visual imaging [65] and short-term plastic-
ity [62,63]. Although these non-learning-based methods of-
fer good interpretability, they often struggle to balance noise
and motion blur due to limitations in the choice of temporal
windows, resulting in less-than-ideal reconstruction results.
In recent years, learning-based methods have gained popu-
larity. Convolutional neural networks (CNNs) are particu-
larly used to mine meaningful spatio-temporal information
from spike inputs. However, to achieve sufficient receptive
fields, existing CNN-based methods [4,51,53, 58] typically
require stacking numerous convolutional blocks, which in-
evitably increases model complexity (cf., Fig. 1). In con-
trast, while the Transformer-based method [29] can model
long-range dependencies with the powerful expressive ca-
pability of Vision Transformers [8, 33], it is limited by the
quadratic complexity concerning the input size. Overall,
current spike-to-image reconstruction backbones still face
the dilemma of balancing global receptive fields with effi-
cient computation, hindering their practical application.

Recently, State Space Model (SSM)-based methods [ 18,
21, 42], especially the improved Mamba [20], have gar-
nered attention and shown great potential in the fields of
image restoration [22, 41], image enhancement [19, 59],
object classification [3, 27], and target tracking [26, 48].
This is because Mamba is able to combine the best of both
worlds: global receptive fields and linear complexity. Thus,
Mamba presents a potentially effective approach for tack-
ling the above dilemma in spike-to-image reconstruction
tasks. However, directly adapting the standard Mamba, de-
signed for 1D sequential data in NLP, to spike-to-image re-
construction remains challenging. To deal with the struc-
tured 2D image, a common approach is to divide the image
into patches, and flatten it into a 1D sequence along a scan-
ning path for recursive processing. To accommodate the
non-causality of 2D images, ViM [67] devised bidirectional
scanning to enhance the temporal relationships of sequence
elements, and horizontal and vertical scanning were fur-
ther introduced in VMamba [32]. Nevertheless, this single-
scale, multi-direction scanning strategy, upon 1D unfolding,
may render spatially adjacent pixels distant in the flattened
sequence, e.g., ears (red boxes) and eyes (blue boxes) in
Fig. 2, disrupting the natural correlation between local pix-
els and impacting the model’s accuracy in capturing local
structures. We term this the local correlation attenuation
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Figure 2. A toy example of different scanning methods on 2D
images. (top) Single-scale scanning method [32] traverses the en-
tire row or column axis, resulting in large distances between de-
pendencies of spatially adjacent pixels (which have natural local
correlations) in the flattened sequence. (bottom) We introduce a
multi-scale scanning method that splits the features into a multi-
scale structure, facilitating multi-direction scanning across scales,
which enhances the ability to capture local dependencies.

problem. Additionally, as the arrival of photons follows a
Poisson process, each asynchronously fired spike does not
directly represent the cue corresponding to its space-time
position [57]. The fluctuation and sparsity of spike data
make it difficult to extract reliable light-intensity features.

In this paper, we propose Spk2ImgMamba, the first work
to leverage Mamba as a powerful backbone for spike-to-
image reconstruction. To enhance the model’s perception of
local details while maintaining the benefit of long-range de-
pendency modeling, we design a tractable multi-scale SSM.
It first utilizes channel splitting to package features into a
multi-scale structure, then performs multi-direction scan-
ning across scales, and finally fuses contextual features.
This multi-scale, multi-direction scanning facilitates the
adaptation of Mamba to non-sequential visual data. More-
over, we introduce a compact temporal information inte-
gration module to explore long-term and short-term con-
texts. Combined with the spatial feature enhancement mod-
ule based on multi-scale SSM, the light-intensity features
can be gradually extracted from input spike data for efficient
image reconstruction. Extensive experiments show that our
approach outperforms state-of-the-art (SOTA) CNN-based
methods on synthetic and real-captured data, using only
10% of the network parameters and nearly two orders of
magnitude less computational effort, as illustrated in Fig. 1.
To summarize, this paper makes contributions by

 proposing Spk2ImgMamba, the first use of Mamba as
a backbone for spike-to-image reconstruction;

e designing a multi-scale SSM, with a global receptive
field and a keen sensitivity to local correlations; and

 achieving excellent reconstruction accuracy while of-
fering significant advantages in model size and FLOPs.
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Figure 3. Illustration of the working mechanism of the spiking
camera. Each pixel in a spike camera contains a photon recep-
tor, integrator, and comparator. The receptor converts photons into
photoelectrons, which the integrator accumulates. When the accu-
mulated photoelectrons, represented as voltage values, surpass a
certain threshold, a spike is generated, resetting the integrator.

2. Related Work

Spike-to-image Reconstruction. To better satisfy human
visual perception and facilitate direct processing by ma-
chines, reconstructing the corresponding image frame from
spikes has been widely studied. The temporal statistical
properties of spiking cameras are usually leveraged. Zhu et
al. [64] explored the spike generation principle and pro-
posed two basic methods, a.k.a., TFP and TFI. Zhao et
al. [54] hierarchically merged short- and long-term filter-
ing. Another line of work aims to mimic human phys-
iological mechanisms [62—-65]. With the advent of deep
learning, Spk2ImgNet [53] presented the first CNN-based
architecture and achieved impressive results. The wavelet
transform was combined with CNN-based learnable mod-
ules in [51]. Recently, an energy-efficient scheme was de-
veloped [55] based on the spiking neural network (SNN),
but its performance is far below the desired level. Further-
more, self-supervised CNN-based methods [4, 5] were pro-
posed to reduce data dependency. HDR and HFR videos
were generated in [2] by introducing the rolling readout
mechanism that is shown to be beneficial for HFR video
reconstruction [9-16]. Yet, since CNNs fall short in encap-
sulating global context, designing complex network models
using CNNss inevitably leads to high model complexity, in-
creasing the marginal cost on resource-constrained devices.

State Space Models. State Space Models (SSMs), rooted
in classical control theory, have recently gained popular-
ity as a deep learning backbone in place of Transform-
ers and CNNs. In modeling long-range relationships, their
unique capacity to scale linearly with sequence length has
garnered significant interest from the scholarly community.
S4 [21] proposed normalizing the parameter matrices into
a diagonal form to conserve computing power. Subsequent
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work [42] further introduced parallel scan techniques and
multiple input multiple outputs. More recently, Mamba [20]
set itself apart by incorporating a selective scan algorithm to
acquire content awareness and a hardware-optimized algo-
rithm to achieve remarkable computational efficiency. The
primary challenge in adapting the original 1D sequence-
based Mamba to vision tasks is serializing non-causal 2D
vision data. VMamba [32] and Vim [67] pioneered the in-
troduction of Mamba into vision backbone design via cross-
scan and bidirectional SSM, achieving competitive results
against ViTs and CNNs. Inspired by them, a series of works
also explored various scanning strategies, such as atrous
scanning [38], omnidirectional scanning [41], and contin-
uous scanning [49]. However, merely altering the scanning
direction still struggles to capture the subtle correlations be-
tween local pixels, thereby affecting detail recovery. Our
proposed multi-scale scanning mechanism performs multi-
direction scanning across scales, balancing both global and
local receptive fields.

3. Preliminaries
3.1. Working Mechanism of Spiking Cameras

Spiking cameras employ an “integrate-and-fire” mech-
anism. As illustrated in Fig. 3, each pixel independently
and continuously receives photons from the scene and con-
verts them into photoelectrons, which are then accumulated
via an integrator. When the accumulated photoelectrons ex-
ceed the predetermined threshold, the spiking camera asyn-
chronously fires a spike, while clearing the pixel’s photo-
electrons to start a new accumulation cycle. The working
mechanism can be formulated as [28,54,61]:

t
At(x):/ ol (x)dr mod 6, (1)
0

where A;(x) reflects the number of photoelectrons accu-
mulated at pixel x = (z,y) in the integrator. I,(x) repre-
sents the light intensity at pixel x at time 7. The photoelec-
tric conversion rate is denoted as « and the firing threshold
is set to #. Assume that § (in microsecond level) is used
to quantify a spike accumulation cycle, the spiking camera
can output a dense binary spike plane with a spatial reso-
lution of H x W at time nd,n € N. As a result, during
an “integrate-and-fire” process with a temporal length of 7",
the spatio-temporal resolution of the spike stream S; will
reach H x W x T, where ¢ denotes the central time of S;.

3.2. State Space Models

Formulation. SSMs are a class of linear time-invariant
systems designed to map a 1-D continuous input signal
z(t) € R to a corresponding output signal y(¢t) € R
through an N-D latent state h(t) € RY. Specifically, the
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Figure 4. Overall architecture of Spk2ImgMamba. It mainly consists of three modules: Temporal Information Integration (TIIM), Spatial
Feature Enhancement (SFEM), and Progressive Image Reconstruction (PIPM). First, TIIM is designed to explore long-term and short-
term contexts in the temporal domain. Then, we propose a Multi-scale SSM block (MSB) to balance global and local dependencies, with
multiple MSBs cascaded to form SFEM. In each MSB, features are packed into L scales by channel splitting, followed by Multi-Direction
Scanning (MDS), and then cross-scale fusion is performed for feature enhancement. Finally, the intensity image is progressively decoded

from the continuously enhanced light-intensity features.

continuous-time representation of SSMs can be formulated
as a linear ordinary differential equation:

B (t) = Ah(t) + Bx(t),
y(t) = Ch(t),

where A € RV*N B e RV*! and C € RY*N are learn-
able parameters.

Discretization. To adapt the continuous-time SSM to dis-
crete input sequence X = (g, T1,...) € RM with a length
of M, the S4 model discretizes these parameters using a
step size A, which corresponds to the resolution of the con-
tinuous input z(¢). Specifically, the continuous parameters
A, B are transformed into their discrete counterparts A.B
through the zero-order hold technique, which is defined as:

A =exp(AA),
B = (AA)!(exp(AA) —T) - AB.

2

3)

The discretized version of Eq. (2) with a step size A can
be rewritten in the following RNN form, enabling fast au-
toregressive inference:

hy = Ahj_1 + Bay,

“)
Y = Chk.

Here, we use k instead of ¢ to denote discretized timesteps.
Furthermore, Eq. (2) can also be mathematically trans-
formed into the following equivalent CNN form, enabling
efficient parallelizable training:

y =x*K,

_ R Vo )
K = (CB,CAB, CA

1E>,
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where * denotes the convolution operation, and K e RM s
a structured convolution kernel.

Selection. To solve the problem brought by linear time-
invariant property when it comes to context-based reason-
ing, Mamba [20] introduces an input-dependent selection
mechanism by making the parameters A, B, C functions
of the input sequence x. Thus, the time-varying SSM in-
herently possesses the capacity for context-aware reason-
ing while maintaining linear time complexity and memory
efficiency. In the meantime, parallel scan algorithms and
hardware-aware techniques are employed to facilitate effi-
cient training.

4. Approach

Our approach aims to reconstruct the intermediate inten-
sity image I, corresponding to time ¢ from spike streams
S; with a resolution of H x W x T. As depicted in
Fig. 4, our approach consists of three core modules: tem-
poral information integration (TIIM), spatial feature en-
hancement (SFEM), and progressive image reconstruction
(PIRM). These modules are executed sequentially to grad-
ually extract representative light-intensity features from in-
put spike streams in a spatio-temporal aggregation manner.
The TIIM focuses on long-term and short-term contexts in
the temporal domain, incorporating both explicit spike ac-
cumulation and implicit feature abstraction capabilities. In
the SFEM, we integrate a multi-scale SSM block, which
models long-range dependencies and amplifies local corre-
lations through multi-scale, multi-direction scanning. No-
tably, multi-direction scanning enables global interaction



between pixels, establishing long-range spatial dependen-
cies; multi-scale scanning facilitates interactions between
each pixel and its neighbors, thereby enhancing the capture
of local spatial context, as depicted in Fig. 2. Finally, the
intensity image is reconstructed progressively from the en-
hanced light-intensity features in the PIRM. We elaborate
on these modules below.

4.1. Temporal Information Integration

The arrival of photons during spike firing follows a Pois-
son process and is influenced by thermal noise and quantiza-
tion noise. Even with constant light intensity, the integration
period of each spike may vary over time [58]. This brings
fluctuation and sparsity in the spike data, making it chal-
lenging to directly extract spatio-temporal information from
continuous spike streams. To address this, inspired by [17],
we introduce a compact TIIM that fully exploits the time-
series cues within the spike stream from both explicit spike
accumulation and implicit feature abstraction perspectives.
Explicit Spike Accumulation. Preliminary spike-to-image
reconstruction can be achieved similarly to TFP [64] by ac-
cumulating the spike planes within a defined temporal win-
doww (O <w <T):

t+w/2

> S(x),

T=t—w/2

¢
w

IY (x) = o (6)
where ( is the maximum dynamic range. Different images
can be viewed as summarizing spikes or extracting temporal
correlations among spike planes with different w. Notably,
short-term w provides better details but introduces noise,
while long-term w can suppress noise but tends to generate
blurriness. Instead of balancing them, by setting diverse w,
we directly apply Eq. (6) as a baseline to explore both long-
term and short-term contexts, aiming to generate a series of
rough intensity images {Iy""}~ , corresponding to time ¢.
Below, the subscript ¢ is omitted for brevity.

Implicit Feature Abstraction. Inspired by [47], we lever-
age ResNet [23] to directly capture long-term contexts from
the input spike stream and abstract feature representations
Fipa € REXWXCr  This can complement the insuffi-
ciency of feature modeling capabilities of explicit spike ac-
cumulation.

Next, we concatenate multiple sub-optimal images
{I¢ 3| with implicit feature representations Figs along
the channel dimension, yielding light-intensity features Fr
in the temporal domain, which effectively combines the ad-
vantages of explicit and implicit modeling to characterize
time-series information in spike streams properly.

4.2. Spatial Feature Enhancement

After temporal information integration, the raw spike
streams have been transformed into more tractable features
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F1, and the rich contextual information along the tempo-
ral axis is aggregated. However, in the spatial domain, the
interaction between pixels is not exactly modeled. Con-
sidering that the single-scale scanning approach used in
the vanilla SSM often leads to the problem of local cor-
relation attenuation, we propose a multi-scale SSM block
(MSB) equipped with multi-scale, multi-direction scanning
(MSMD), which facilitates the full consideration of local
pixel interactions while modeling globally. We cascade P
MSBs for progressively refining the light-intensity features
{Fi}F | in the spatial domain through P periods, which
make up our SFEM. Note that each F% can be used to recon-
struct an intensity image IF, which is then re-concatenated
into FZS and fed into the next MSB, serving as a reference
for the following refinement. In particular, to save com-
putational resources and improve computing efficiency, we
perform downsampling before SFEM via overlapping patch
embedding [45], using a 2D convolution with a kernel size
of 5 x 5 and a stride of 2.

Multi-scale SSM Block (MSB). Inspired by VMamba [32]
that consists of a single-scale, multi-direction scanning for
global modeling as well as the versatile multi-scale struc-
ture [13, 25,43, 44] for granular exploration, we design a
MSB to enhance the modeling ability of local details while
ensuring long-range dependencies. It is formed by cascad-
ing two residual structures.

In the first residual structure, the input feature is denoted
as X! € REX%%% where C represents the number of
feature channels passing through the MSB. Note that from
the second MSB onwards, X? is the channel-wise concate-
nation of F§ and I'. As shown in Fig. 4 (a), X* is firstly
normalized by LayerNorm (LN), followed by a linear layer
and depthwise separable convolution (DW). Then, nonlin-
earity is leveraged using the SiLU activation function [24],
yielding Y € RO*% X% At the core of the MSB lies
the MSMD, which performs multi-scale and multi-direction
scanning on Y' to produce Y? € RCXZ > which will
be introduced in detail later. Finally, Y? is processed by a
LayerNorm and Linear layer, and then is added to the initial
input through the skip connection to obtain Z’. A learnable
parameter, designated as s;, regulates the flow of informa-
tion in this process. The workflow outlined above can be
depicted as follows:

w
2

Y = SiLU(DW (Linear(LN(X")))),
Y! = MSMD(Y?),
Z' = Linear(LN(Y?)) + s, - X"

)

In the second residual structure, similar to [22], channel
attention (CA) is introduced to reduce channel redundancy
by prioritizing critical channels. Here, a learnable param-
eter so is employed to adjust the proportion of input fea-
tures contributing to the final result. This process can be
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Figure 5. A specific illustration of multi-direction scanning
(MDS). This corresponds to Fig. 4 (b). The feature map at each
scale is divided into chunks and then flattened into sequences,
where we use flip and transpose operations to create different scan-
ning directions. Afterward, each sequence goes through a sepa-
rate Mamba block to capture spatial contextual information. All
sequences are eventually reshaped to the original resolution and
summed to form the output feature.

described as:

X = CA(LN(ZY)) + s - Z°. )

Note that X*** can be denoted as F5™'. The above steps
constitute (¢ + 1)-th MSB. By iterating MSBs for P peri-
ods, a series of spatially enhanced light-intensity features
{F} P | are obtained for progressive image reconstruction.

Multl-scale Multi-direction Scanning (MSMD). To bet-
ter address the problem of local correlation attenuation,
MSMD is organized in a multi-scale architecture, i.e.,
multi-scale, multi-direction scanning is embedded to enable
each pixel to fully interact with its spatially close neigh-
boring pixels (cf., Fig. 2). As shown in Fig. 4 (b), Y? is
first splitted along the channel dimension into L chunks
{Y2 ;. Then, each chunk is downsampled to a specific
resolutlon via average pooling, and processed by depthwise
separable convolution and multi- direction scanning (MDS)
to obtain L separate features {YZ - These features are
then upsampled back to the orlglnal ~resolutlon and fused by
addition and convolution, yielding Y?. In this way, Mamba
can better utilize the natural correlations between local pix-
els while modeling the global receptive field, improving the
model’s ability to accurately capture local structures.

In our implementation, each MDS follows the standard
design of VMamba [32]. Specifically, as shown in Fig. 5,
the 2D feature map is flattened into a 1D sequence using
four distinct traversal pathways, with each sequence pass-
ing through a Mamba block. The sequences are then re-
shaped back to their original resolution and summed. Note
that since the 1D sequences have different lengths at dif-
ferent scales, we additionally adopt linear interpolation to
transform them to the original resolution. Through scanning
in four interleaved directions, MDS effectively integrates
spatial contextual information from neighboring pixels in
various directions, contributing to extracting more reliable
light-intensity features.
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The aforementioned process can be articulated as:
(Y1, Y5, ... YL =5(Y"),
Y;=MDS(DW(D_._(Y}))),j = 1,2,...

1)

L, ©

Y =Y+ Conv(U (Yl)... +U(

where S denotes channel splitting,
age poolmg operation to downsample the features to the size
of 2]»,1 , and U signifies linear interpolation that upsamples
1D features to the original resolution.

In summary, by employing multi-direction scanning,
global interactions between any two pixels are established,
aiding in capturing spatial long-range dependencies. Multi-
scale scanning, on the other hand, enhances interactions be-
tween each pixel and its surrounding pixels, thereby bet-
ter capturing spatial local context relationships. Compared
to embedding the single-scale, multi-direction scanning in
VMamba into an Unet-like architecture for multi-scale per-
ception, our MSMD has superior reconstruction ability due
to its interactive consideration of local and global correla-
tions in SSM, as evidenced by the ablations in Table 2.

4.3. Progressive Image Reconstruction

Through each MSB period in SFEM, we obtain a light-
intensity feature that is continuously optimized in the spa-
tial domain. Consequently, we can sequentially derive P
enhanced light-intensity features {F}¥ |, which can be
firstly upsampled by PixelShuffle [40] and then fed into a
lightweight image decoder to progressively recover the in-
tensity images {I‘} ;. As shown in Fig. 4, the image
decoder consists of two simple 2D convolutions, each of
which is accompanied by a PReLU activation, with the fi-
nal layer outputting an intensity image of size H x W x 1.
Note that I” is the final reconstructed intensity image.

4.4. Loss Function

Similar to [55], we adopt the reconstruction loss L., and
the perceptual loss Ly, to train our network:

L= L+ Aperﬁpen (10)

where Ay is empirically set to 0.2. To supervise the in-
termediate images {I’ i ! and the final image I” recon-
structed by PIRM, we Calculate the /; distance between the
estimate and the ground-truth:

P .
> 5l -
i=1

We also leverage L., to mitigate blur artifacts and enhance
the visual perception of the final reconstructed image I7:

1
£per = W||¢Vgg(lp) - ¢Vgg(IGT)||2a

where ¢4, represents the feature extractor of the pre-trained
VGG network.

1
HWP

1

L:rec - 9i—1

an

7)),

(12)



Table 1. Quantitative comparisons against SOTA methods on the synthetic SREDS dataset [55] and real-captured dataset [65]. The numbers
in red and blue represent the best and second-best performance. We report the number of parameters and computational complexity
(FLOPs). SNN-based methods excel in computational efficiency, and CNN-based methods excel in reconstruction performance. Our

approach achieves an excellent balance across these critical aspects.

Method Backbone Params  FLOPs SREDS Dataset Real-captured Dataset
(M) (T) PSNRT  SSIM?T LPIPS| NIQE| BRISQUE] NIQE| BRISQUE|
TFP [64] - - - 25.35 0.690 0.2547 5.970 43.074 9.342 45.202
TFI [64] - - - 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 10.92 64.566
SSIR [55] SNN 0.382 0.238 32.61 0.919 0.0500 3.467 15.664 5.750 25.341
Spk2ImgNet [53] CNN 3.761 9.169 36.13 0.950 0.0294 3.084 15.348 5.662 16.518
BSF [58] CNN 2.477 6.532 37.32 0.956 0.0263 2.998 15.018 5.716 15.949
WGSE [51] CNN 3.852 3.930 37.44 0.958 0.0241 3.032 15.555 5.620 16.154
Spk2ImgMamba (Ours) Mamba 0.282 0.099 37.46 0.958 0.0239 2.846 14.671 5.307 15.823

5. Experiments
5.1. Implementation Details

Datasets. In current spike-to-image reconstruction meth-
ods, the common evaluation approach is to train on syn-
thetic spike data and then perform generalization tests on
real-world datasets. Similar to this paradigm, we adopt
the recently released SREDS dataset [55], which is syn-
thesized based on the REDS dataset [37], to train our net-
work. It comprises 240 training scenes and 30 testing
scenes, each containing 24 consecutive frames. Each frame
has a spatial resolution of 1280 x 720 and corresponds to
spike streams with a temporal length of 20. During train-
ing, each scene is cropped non-overlappingly to 96 x 96,
yielding a total of 21,840 image patches and 10,483,200
spike planes. For generalization testing, we utilize real-
captured spike data, including “recVidarReal2019” [65] and
“momVidarReal2021” [61] datasets, which are also em-
ployed for model evaluation in [51,62]. They have a spa-
tial resolution of 400 x 250, and contain high-speed cam-
era/object motion scenarios under complex indoor and out-
door conditions, which is sufficient to demonstrate the gen-
eralization performance of our approach.

Training Details. Our model is trained using the Adam
optimizer [30] for 250 epochs with a batch size of 8 and
1000 iterations per epoch. The initial learning rate is 0.0005
and decays by a factor of 0.7 every 25 epochs. The temporal
length of the input spike stream is 7" = 61. In TIIM, w in
Eq. (6) is set to 15 equidistant values, i.e., {5,9,13,...,61},
for long-term and short-term accumulation, and Crra is set
to 17, yielding feature channels of 32 for Fr. With patch
embedding, we increase the number of feature channels to
C = 48 for subsequent processing. In SFEM, the number
of stacked MSBs and the number of multi-scale scanning
layers are both set to 3, i.e., P = L = 3, striking a good
balance of accuracy and efficiency. To augment the training
data, spikes and ground-truth images are randomly flipped
vertically as well as rotated 90°, 180°, or 270°. Our model
is trained and tested on a single NVIDIA RTX 4090 GPU.

Evaluation Metrics. We adopt the widely-used PSNR and
SSIM metrics and learned perceptual metric LPIPS [52] to
evaluate the reconstruction quality. Besides, we also em-
ploy two non-reference image quality assessment metrics
NIQE [36] and BRISQUE [35]. A higher PSNR/SSIM (7)
or lower LPIPS/NIQE/BRISQUE (/) score indicates better
performance.

5.2. Comparison with SOTA Methods

We perform comparisons against the following base-
lines. 1) Non-learning-based methods: TFP [64],
TFI [64], and TFSTP [63]. 2) Learning-based meth-
ods: SSIR [55], designed for energy-efficient spike-to-
image reconstruction with the help of spiking neural net-
works. Spk2ImgNet [53], BSF [58], and WGSE [51], which
are popular spike-to-image reconstruction methods based
on the CNN backbone. Although the recently proposed
SwinSF [29] is a Transformer-based method, it requires the
testing and training datasets to have the same spatial res-
olution, making it unsuitable for comparison with our ap-
proach.

Synthetic Data. Table | reports the quantitative re-
sults. Limited by modeling capabilities, non-learning-
based methods struggle to achieve satisfactory accuracy.
Although computationally efficient, SNN-based methods
have difficulty in restoring high-quality images. While
CNN-based methods show promising performance, they
suffer from high computational costs. In contrast, thanks
to Mamba’s powerful modeling capability, our method
achieves comparable accuracy using only 10% of the pa-
rameters of CNN-based methods, and FLOPs are reduced
by nearly two orders of magnitude, which facilitates practi-
cal cost-effective applications.

Real-captured Data. Fig. 6 illustrates the qualitative re-
sults. Our method can reconstruct high-quality images in
high-speed scenarios with fine textures and sharp edges,
e.g., afast-moving car (100 km/h) and a high-speed rotating

For more visual comparisons on other datasets, please refer to the sup-
plementary material.
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Figure 6. Qualitative comparison on the real-captured “recVidarReal2019” [65] dataset. The image reconstructed by our approach exhibits
clearer boundaries and richer details. Please zoom in for more details.

Table 2. Ablation studies on the network architecture on the
SREDS dataset [55].

Setting PSNRT (dB)  SSIMT _ Params (M)
Model Design

Replace TIIM with Conv. 36.83 0.956 0.296
Single-scale + UNet 36.55 0.953 0.696
Our full model 37.46 0.958 0.282
Numbers of Stacked MSBs

P=1 36.93 0.956 0.159
P =2 37.18 0.957 0.221
P = 3 (full model) 37.46 0.958 0.282
Layers for Multi-scale Scanning

L=1 36.54 0.953 0.270
L=2 37.02 0.956 0.276
L = 3 (full model) 37.46 0.958 0.282

fan (2600 rpm). Thus, our method has excellent generaliza-
tion ability in real-world scenarios, extending the spiking
camera’s capability for high-speed imaging applications,
especially in resource-constrained devices.

5.3. Ablation Studies

We analyze the role of each component in the proposed
network architecture. The ablation results are presented
in Table 2. It can be seen that replacing TIIM with a
2D convolution leads to sub-optimal results, demonstrat-
ing the importance of exploring time-series cues in spike
streams. In addition, we embed the single-scale scanning
in VMamba [32] into an Unet-like architecture for multi-
scale modeling, i.e., “Single-scale + UNet”. Our multi-scale
multi-direction scanning exhibits more accurate reconstruc-
tion performance due to its collaborative perception of local
and global correlations.

We also investigate the efficacy of the number of stacked
MSBs and the number of multi-scale scanning layers. In-
tegrating more MSBs in the SFEM is conducive to puri-
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fying more representative light-intensity features from bi-
nary spike streams, thereby facilitating the restoration of in-
termediate images. Using more scanning scales for SSM
enables the model to better capture local details, which is
crucial for reconstructing high-quality images. Empirically,
using three scales is sufficient to strike a good balance be-
tween performance and efficiency.

6. Conclusion

The spiking camera is a novel neuromorphic sensor that

outputs spike streams to record high-speed dynamic scenes
with extremely high temporal resolution. In this paper,
we propose a Mamba-based spike-to-image reconstruction
method called Spk2ImgMamba, which leverages the merits
of global receptive fields and linear complexity. To address
the challenge of local correlation attenuation, we introduce
a multi-scale scanning mechanism, enhancing the model’s
intrinsic ability to capture local structures useful for image
reconstruction. Experiments on various datasets demon-
strate its promising performance in reconstructing dynamic
scenes and highlight its significant advantages in terms of
model size and computational complexity. In the future,
we will extend our model to generate a coherent video se-
quence from spike streams to explore correlations in con-
tinuous space-time.
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