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Abstract

Spike camera is a kind of neuromorphic camera that records
dynamic scenes by firing a stream of binary spikes with
extremely high temporal resolution. It demonstrates great
potential for vision tasks in high-speed scenarios. One
limitation in its current implementation is the relatively
low spatial resolution. This paper develops a network
called Spk2SRImgNet to super-resolve high resolution im-
ages from low resolution spike stream. However, fluctua-
tions in spike stream hinder the performance of spike cam-
era super resolution. To address this issue, we propose
a motion aligned collaborative filtering (MACF) module,
which is motivated by key ideas in classic image restoration
schemes to mitigate fluctuations in spike data. MACF lever-
ages the temporal similarity of spike stream to acquire sim-
ilar features from neighboring moments via motion align-
ment. To separate disturbances from features, MACF filters
these similar features jointly in transform domain to exploit
representation sparsity, and generates refinement features
that will be used to update initial fluctuated features. Specif-
ically, MACF designs an inverse motion alignment opera-
tion to map these refinement features back to their origi-
nal positions. The initial features are aggregated with the
repositioned refinement features to enhance reliability. Ex-
perimental results demonstrate that the proposed method
achieves state-of-the-art performance compared with exist-
ing methods.

1. Introduction

High-speed imaging attracts increasing attention in emerg-
ing computer vision applications such as autonomous driv-
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Figure 1. Illustration of spike camera super resolution (SCSR) and
visual comparison (x4) with existing SCSR methods: VidarSR
[42] and SpikeSR-Net [50]. Please zoom in for better comparison.

ing [15, 17] and robotics [16, 29]. Conventional camera
employs an exposure-based imaging model, which limits
its ability to capture high-speed scenes. Specifically, con-
ventional camera accumulates photoelectric signals over an
exposure time window to form a snapshot image, which re-
quires the scene to be still during the exposure period. Oth-
erwise, a single point on a moving object may be projected
onto different sensor pixels, resulting in motion blur.

Neuromorphic camera is an emerging camera that aban-
dons the concept of exposure window and mimics the work-
ing mechanism of biological retina. It records intensity
information with high temporal resolution, showing great
potential for high speed vision tasks. One kind of neuro-
morphic camera is event camera [2, 25, 26, 31]. It detects
light intensity changes of each pixel in the logarithmic do-
main and fires an event when the change exceeds a spec-
ified threshold. Another kind of neuromorphic camera is
spike camera [8, 9, 19]. Each pixel of spike camera inde-
pendently and continuously accumulates photons, and fires
a spike when the accumulation exceeds a predefined thresh-
old. Unlike event camera that only records relative changes
of light intensity, spike camera captures absolute intensity
by firing a stream of binary spikes, providing clearer infor-
mation for reconstructing image details.

Benefiting from its extremely high temporal resolution
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(e.g. 40kHz), spike camera could sample a large amount
of intensity information in a short period. Besides, these
samples cover different locations of the scene due to the
relative motion between camera and scene. Therefore, there
is promising potential to reconstruct high resolution (HR)
images from spike stream by converting the dense sampling
in temporal domain to spatial domain.

This paper aims to super-resolve high resolution images
from low resolution spike stream. However, due to the
Poisson effect of photon arrival, the quantization effect of
spike readout, and the thermal noises introduced by circuits,
spikes exhibit fluctuations, i.e., the length of spike accu-
mulation period varies over time, even when light intensity
remains unchanged. Thus, the features extracted from fluc-
tuated spikes tend to be noisy and temporally incoherent.
These unreliable features provide low-quality information
source for super resolution (SR) reconstruction. Moreover,
they affect the alignment accuracy when leveraging tempo-
ral information, further degrading the quality of SR recon-
struction.

In this paper, we propose a spike-to-super-resolution-
image network Spk2SRImgNet. To handle spike fluc-
tuations, we take inspiration from several classic image
restoration methods, such as BM3D [6], BAS [43], LSSC
[27], and WNNM [18]. These methods incorporate the idea
of leveraging non-local similarity within natural images to
reduce the unknown random disturbance. We embed these
concepts into the design of Spk2SRImgNet and develop a
motion aligned collaborative filtering (MACF) module to
reduce disturbances in spike information. Firstly, MACF
obtains similar features from neighboring moments via mo-
tion alignment, exploiting the temporal similarity of spike
stream. To separate disturbances from features, MACF
performs collaborative filtering on grouped similar features
in transform domain for leveraging representation sparsity,
and generates refinement features for each moment. These
refinement features will be utilized to update initial fluc-
tuated features. Specifically, MACF introduces an inverse
motion alignment operation to map these multi-moment re-
finement features to their original unaligned positions. The
initial features are integrated with the repositioned refine-
ment features to improve reliability. Experimental results
show that the proposed Spk2SRImgNet achieves state-of-
the-art performance on synthesized and real-world spike
data.

2. Related Work

Video Super Resolution. Video super resolution (VSR)
produces high resolution images from low resolution (LR)
image sequences. Temporal alignment is a crucial step
to model temporal correspondences of misaligned frames.
Early learning-based methods [3, 21] employ traditional op-
tical flow estimation [40] for motion compensation. With

the diverse development of network structures, TDAN [35]
and EDVR [37] utilize deformable convolution [7, 56] for
feature alignment. BasicVSR++ [4] leverages optical flow
to guide deformable alignment for stable training. VRT [24]
proposes a temporal mutual attention block to facilitate mo-
tion estimation and feature alignment.

Event Camera Reconstruction and Super Resolution.
Event camera monitors relative changes in light intensity
with high temporal resolution. Reconstructing intensity im-
ages from events has been studied in the past decade. Kim
et al. [22] propose to use the extended Kalman filter and
Poisson reconstruction for event reconstruction. Bardow et
al. [1] estimate both intensity and optical flow using the
primal-dual algorithm. With the development of deep learn-
ing, E2VID [32], FireNet [20], ET-Net [41], EVSNN [55]
have been proposed successively with good performance.
To reconstruct HR images from LR events, Wang et al. [36]
propose an unsupervised GAN EventSR. Mostafavi et al.
[28] propose an end-to-end recurrent network E2SRI.
Spike Camera Reconstruction and Super Resolution.
Image reconstruction is a popular topic for spike camera
[38, 48, 51-54]. TFI [53] reconstructs images based on
the interval between two temporally neighboring spikes.
TFP [53] utilizes the number of spikes within a temporal
window to estimate the intensity. For better performance,
CNN-based [48, 52] and spike neural network (SNN)-based
[51, 54] frameworks have been proposed successively. To
reconstruct HR images from LR spike stream, Zhao et al.
[47] derive the constraint relationship between pixel inten-
sities and each spike period, and obtain HR images based
on gradient descent algorithm. Xiang et al. [42] design a
multi-level feature learning network to achieve spike cam-
era super resolution. Zhao et al. [50] propose SpikeSR-Net
based on the observation model of spike camera. Further-
more, Dong et al. [11] propose a super resolution network
for the newly developed color spike camera [10, 12—-14].

3. Spike Camera

Working Mechanism. Spike camera contains a pixel ar-
ray of size H x W and each pixel works independently.
Each pixel comprises three main components: photon re-
ceptor, integrator, and comparator, as shown in Fig. 2.
The photoreceptor captures incident photons from exter-
nal scenes and converts them into electric charges through
photoelectric conversion. The integrator accumulates the
electric charges continuously. Meanwhile, the comparator
checks the accumulated voltage persistently. Once the volt-
age reaches a predefined threshold 6, the pixel sets up a
spike flag and resets the integrator, immediately restarting
a new “accumulation-and-set” cycle. Spike readout circuit
periodically checks the spike flag at a frequency of 40kHz.
When detecting the flag, the circuit outputs a spike “1”, oth-
erwise, it outputs “0”. The voltage accumulated by the in-
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Figure 2. Working mechanism of spike camera.

tegrator at an arbitrary time ¢ can be formulated as [49]:

t
Awt) = [ alyde wod, ()
0

where I(z,y, u) denotes the arrival rate of photons received
by pixel (z, y) at time u, ) denotes the photoelectric conver-
sion rate. The output of spike camera is a 3D binary spike
matrix {S(u)}1_, with size H x W x T, where T is the
temporal length, S(u) is a spike frame at time w.

Spike Interval Based Reconstruction. According to the
working mechanism of spike camera, the stronger the light
intensity, the shorter the interval between two neighboring
spikes, i.e., the spike interval is inversely proportional to the
light intensity. This property is exploited by spike-interval-
based reconstruction method (SIR) [53]. Specifically, the
spike interval of two temporally neighboring spikes that
cover the position (z, y, u) can be formulated as:

O(z,y,u) = min{t|S(z,y,t) = 1,t > u}

~mar{t|S(ey,t) = Lt <} O

SIR estimates the light intensity of pixel (x,y) at time u by

0

Y(Ivyau) = W,

3)
where § denotes the maximum dynamic range of recon-
struction.

Spike Fluctuations. The imaging of spike camera is af-
fected by multiple kinds of noise. First, the Poisson process
of photon arrival causes the time taken for the number of
photons to reach the threshold to exhibit randomness, which
is denoted as Poisson noise. Second, the spike readout cir-
cuit is controlled by a periodic clock signal, i.e., it only out-
puts spikes at discrete times, which results in a time differ-
ence between spike flag set and spike readout (see Fig. 2).
This difference leads to quantization noise. Third, the ther-
mal noise introduced by circuits brings randomness to spike
fire. For the above reasons, the intervals of neighboring
spikes exhibit fluctuations and struggle to accurately reflect
light intensity, leading to noisy reconstruction results from
SIR.

4. Motivation and Idea

The key problem we aim to address is how to super-resolve
the original dynamic scene from captured binary spike data
to obtain high quality visual reconstruction with clean im-
age details. According to the working mechanism of spike
camera, each individual spike does not reveal the light in-
tensity directly. Instead, it only tells the time point at which
a spike firing occurs. Essentially, the instantaneous light in-
tensity can be inferred only by considering the length of in-
tervals between consecutive spikes. Unfortunately, for the
reasons discussed above, the recorded spike intervals are
not stable, and they fluctuate around an expectation value
determined by actual light intensity.

To handle such fluctuations, we draw inspiration from
several classic image restoration methods, such as BM3D
[6], BAS [43], LSSC [27], and WNNM [18]. Although they
are quite diversified in algorithmic design, all these meth-
ods incorporate the idea of leveraging non-local similarity
within natural image signals to reduce the unknown random
disturbance. They utilize a group of similar patches and es-
tablish a prior model for them so that a regularization term
is formed to separate the true signal from the noise.

Suppose y = x + n is an image corrupted by noise,
where x is the clean image and n is the noise. The idea of
these methods can be summarized as follows:

(1) For each pixel location p, search for a group of similar
patches from the noisy image y:

Yi,¥Y2,-- YN :A(Y|p)7 (4)

where N is the number of similar patches, A(-|-) is
the operation of searching for and extracting similar
patches. Note that the notation y; should depend on
p but we omit it for conciseness.

(2) Exploit the correlation within the patch group {y;}¥
to generate an estimate for each patch:

%1, %9, Xy = O({y:}Y), (5)

where X; is the estimate of the true signal x; corre-
sponding to y;. The actual operation of II(-) depends
on the prior model adopted to characterize the consis-
tency between patches {y; } ;. Generally, I1(-) can be
regarded as an operator to solve the following optimiza-
tion objective:

N
{%:} = argmin Y _[Ix; —yill3 + @ ({x:}}L,) (6)

=1

BM3D [6] solves Eq. (6) by applying a 3D transform to
the stacked similar patches and constructing a sparsity
regularization term in the transform domain. It utilizes
hard-thresholding, soft-thresholding, and Wiener filter-
ing in different steps, corresponding to ly, 1, and Iy
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Figure 3. The main idea of motion aligned collaborative filtering. First, we collect temporal similar features via motion alignment. Then,
we stack these aligned features and perform transform-domain collaborative filtering to generate refinement features for each moment.
Subsequently, the refinement features are unstacked and mapped back to their original positions via inverse warping. These repositioned
refinement features are aggregated with input features to obtain refined features with improved consistency.

sparsity norm, respectively. BAS [43] applies a con-
tent adaptive 2D decorrelation transform to the sim-
ilar patches via principle component analysis (PCA),
and builds a separate distribution model and regular-
ization term for each transform band, using the trans-
form coefficients of these patches as samples. It leads
to a PCA-domain adaptive soft-thresholding to solve
Eq. (6). LLSC [27] adopts another prior model that em-
phasizes that similar patches tend to share the location
pattern of non-zero dictionary elements in their sparse
decomposition. WNNM [18], on the other hand, uti-
lizes the low-rank property of similar patches so that
the problem (6) reduces to singular value decomposi-
tion (SVD) and soft-thresholding on the singular val-
ues.

(3) Place each estimate X; back to the position where y;
is taken from, and aggregate the overlapping estimates
from all position p to form a whole estimate for x:

XN}p)- (7

Here A~!(-) denotes patch reposition and aggregation
operation. The reposition of X; to X is the inverse oper-
ation of taking y; from y in stage (1).

Taking these ideas into account, we propose a novel
framework tailored for spike data to reduce disturbances in
spike information. The main idea is illustrated in Fig. 3.
The similarity exploited in this framework is temporal sim-
ilarity, and it may be extended to include spatial non-local
similarity in the future. First, we align the spike features at
neighboring moments with the spike feature at the recon-
struction moment to obtain a set of similar features. Then,
we stack the aligned features and perform a neural-network-
based transform-domain collaborative filtering, to separate
the disturbances from clean features by exploiting repre-
sentation sparsity and generate refinement features for each
moment. These refinement features are used to update the
initial input features. Specifically, the refinement features
are unstacked and mapped back to their original positions
via inverse warping, and then aggregated with input fea-
tures. The purpose of this framework is to improve the con-
sistency of multi-moment features along the motion trajec-
tory.
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Figure 4. Overall architecture of the proposed spike camera super
resolution network Spk2SRImgNet.

5. Method

5.1. Overall Architecture

To reconstruct HR dynamic scenes from LR binary spike
stream, we develop an end-to-end trainable spike camera
super resolution network, Spk2SRImgNet. The overall ar-
chitecture is shown in Fig. 4. To reconstruct an HR image
T(tg) € RTEX"W at time to, we take a set of consecutive
spike frames S(to + ),7 = 0,£1,£2, ... around S(¢o) as
input, where S(to + i) € BZ>*W>1 ris SR scale, B repre-
sents the binary domain.

Firstly, the input spike stream is partitioned into K over-
lapping short-term spike blocks {B;}" _, (K = 2n +
1), where B; € BA*XWXL [ is the temporal length
of each block, By is the key block centered at time
to, {Bi},i = =+1,+2,... are neighboring blocks dis-
tributed symmetrically on both sides of By, B; is cen-
tered at time ¢;. To bridge the domain gap between bi-
nary spikes and real pixel values, we first convert spike

frames in B; {S(u)}ity " v, o intensity frames in
= {Y(u)}ity,, € REXWXL based on the spike

interval based reconstruction (SIR) method [53], where
L = 2wy, + 1. Then, we extract features {F;}" _ . from
{Y;}__,, through an encoder, which consists of two con-
volutional layers and three residual blocks. To reduce fluc-
tuations, {F;}"__  are input to motion aligned collabora-
tive filtering (MACF) module, which generates improved
features {F;}7__,. Finally, the multi-moment features
{F, }__,, are fed into motion aligned super resolved recon-
struction module to generate an HR image Z(ty).
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5.2. Motion Aligned Collaborative Filtering

We propose a motion aligned collaborative filtering
(MACF) module to implement the idea proposed in Sec. 4.
The overall framework of MACEF is shown in Fig. 5, which
includes six steps. We provide a detailed description of each
step below.

Step 1: Offset Estimation. This step generates the for-
ward (F; — Fp) and backward (Fy — F};) motion offsets
between neighboring features {F;},7 = +1, ..., =n and key
feature Fjy. These offsets will be utilized in the subsequent
feature warping (step 3) and inverse feature warping (step
5), respectively. Specifically, the forward and backward
motion offsets : OF and OP are both derived from F; and
Fy, which are formulated as follows (Vi € {£1,...,£n}):

OF = mi({Fs, Fy}),

()
0P =my({F;, Fyp}),

where mq(-) and ms(-) denote two independent convolu-
tional blocks that consist of several convolutional layers,
{, } denotes channel concatenation operation.

Step 2: Channel Rearrange. The {F;}} _  at K dif-
ferent moments are features extracted from the fluctuated
reconstruction {Y;}?_ _ . where F; € REXWxC B —
{FO, F}, ..., FC™1}, the superscript of F; denotes channel

index. Each feature F; consists of C channels, with each
channel encoding different information about the scene. For
example, some channels capture edges, some channels fo-
cus on textures, and so on. We perform channel rearrange-
ment (CR) to collect data at the same channel index for
each feature and concatenate them, as shown in Fig. 6.
We form {G; }?;01 from {F;}?__, via CR operation,
where G; € RE>XWXK G, = {G;”,...,G‘;,...,G}L} =
{F?,, ..,F],...,Fi}, the subscript of G denotes channel
index, the superscript of G denotes time index. G'; contains
K features with channel index j at K different moments. To
offer an intuitive understanding of this operation, we pro-
vide a visualization of CR in supplementary material. After
CR, steps 3, 4 and 5 are performed sequentially for each G;.
Step 3: Feature Warping. Step 2 collects temporally
unaligned features that encode the same information. We
perform feature warping based on deformable convolution
D to align neighboring features {G"},i = +1,.., +n with
key feature G’?. Specifically, given the forward offsets from
neighboring features to key feature {OF },i = +1,..., 4n,
the aligned features could be obtained by:

G' =D(G%, OF ) = D(F/,0F),¥i € {1, ..., £n}. (9)

J

These aligned features {G; »__,, are then concatenated to

derive G; = {G;",...,G7}, where GY = G = FJ. G;
could be regarded as stacked similar features.

Step 4: Transform Domain Stacked Feature Filtering.
We design a Transform Domain stacked feature Filter-
ing (TDF) step to generate refinement features AG ; from
stacked similar features Gj by leveraging representation
sparsity in transform domain. TDF is designed with four
submodules: transform, noise estimation, filtering, and in-
verse transform, as depicted in step 4 of Fig. 5. Specifically,
the input éj is first transformed into feature G ;. Simul-
taneously, noise feature N, are extracted from G; via noise
estimation submodule. G; and N; are passed through filter-
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ing submodule to generate G e G ; are subsequently fed into
inverse transform submodule. Additionally, a residual con-
nection is applied in TDF step, producing refinement fea-
tures AG ; at last.

The above four submodules are illustrated in detail in
Fig. 7. Transform and inverse transform submodules are in-
dependently realized via several convolutional layers (Fig. 7
(a)), involving both spatial and inter-channel transform. For
noise estimation (NE) (Fig. 7 (b)), we first average G ; along
the channel dimension to obtain a rough temporal average
result £. Then we calculate the residual between Gj and
& to represent fluctuations in features. Lastly, we extract
deeper features from the residual to derive noise feature
N;. We concatenate the transformed feature G; and noise
feature [V; as input to the filtering submodule (Fig. 7 (c)),
which contains a U-Net structure [33] and outputs G e
Step 5: Inverse Feature Warping and Aggregation. We
propose an inverse motion alignment operation to map these
multi-moment refinement features AG ; to their original po-
sitions. Specifically, given the backward offsets from key
feature to neighboring features {OB},i = £1,..., £n, we
achieve inverse feature warping by:

AG) = D(AGE, OP),Vi € {+1,..., +n}. (10)

AG; is repositioned refinement feature and corresponds
to initial unaligned feature G; We concatenate these
repositioned refinement features and obtain AG; =
{AG;™,...,AG"}, where AGY = AGY. AG; are then
aggregated with initial features G; to derive refined features
with improved consistency:

G =G+ AG;. (11)

Step 6: Inverse Channel Rearrange. Finally, the fea-
tures {G; }5_):—01 are restored to {£}7__ via inverse chan-
nel rearrangement (ICR), i.e., the inverse operation of CR,
as shown in Fig. 6.

MACEF alleviates disturbances in {F;}

ate improved features {Fl-}?:_n, which are beneficial for
enhancing SR reconstruction quality.

and gener-
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Figure 8. Illustration of motion aligned super resolved reconstruc-
tion module.

5.3. Motion Aligned Super Resolved Reconstruc-
tion

The improved features {£}}7__ are then input to mo-
tion aligned super resolved reconstruction module to gen-
erate the high resolution image Z(t(), as illustrated in
Fig. 8. Firstly, features at neighboring moments {F}},i =
+1,...,&£n are aligned with the key feature 2 by de-
formable convolution [7, 56], where the features {F;}"
with improved consistency help enhance the accuracy of
motion alignment, benefiting the utilization of temporal in-
formation. Subsequently, key feature and aligned neighbor-
ing features are concatenated and fused through several con-
volutional layers. The fused feature is upsampled to the HR
image by pixel shuffle operation [3].

6. Experiments

6.1. Implementation Details

We set the number of input spike frames to 101. The num-
ber of partitioned short-term blocks is 9 (K = 9,n = 4).
The temporal length L of each block B; is 21. The channel
C of F; and F} is 64. During training, we randomly crop
the spike stream to a spatial size of 64 x 64. In addition, we
randomly perform horizontal and vertical flips as well as ro-
tation for data augmentation. The batch size is set to 8. We
use Adam optimizer [23] with 57 = 0.9 and By = 0.999.
The learning rate is initialized as 2e-4 and decayed by 0.7
every 100 epochs. The model is trained with £, loss for 800
epochs. All models are trained and tested on NVIDIA RTX
3090 GPU.

6.2. Datasets

Synthesized Dataset. We need a large number of “LR
spike stream and HR image” pairs to train the model. How-
ever, it is challenging to obtain corresponding high-quality
HR images, especially in high dynamic scenes. Inspired by
the experiments conducted in [48, 50], we use a spike cam-
era simulator (detailed in supplementary material) to mimic
the working mechanism of spike camera and generate syn-
thesized SCSR datasets for training and evaluation, where
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REDS-based Dataset

Adobe240-based Dataset

Scale Method Params(M) Runtime(s)
PSNRT SSIMt LPIPS] PSNRt SSIMt LPIPS|

TFP+DAT 25.55 0.5954  0.4456 27.66 0.6782  0.3677 14.65 4.40
Spk2ImgNet+DAT 31.77 0.9024  0.1907 34.92 0.9604  0.0949 18.56 4.63
WGSE+DAT 31.54  0.8942  0.2055 3475 0.9571  0.1022 18.60 4.50
X2 BSF+DAT 31.92 0.9044  0.1867 35.03 0.9610  0.0934 17.13 5.01
VidarSR 31.97 0.8964  0.2040 35.13 0.9558  0.1105 10.16 2.09
SpikeSR-Net 34.29 0.9330  0.1481 37.04 0.9704  0.0838 3.26 2.14
Ours 34.50 0.9377  0.1403 37.22 0.9725  0.0816 3.72 0.81
TFP+DAT 24.88 0.5754  0.4464 26.17 0.6577  0.3721 14.84 1.88
Spk2ImgNet+DAT 28.90 0.8293  0.2849 30.50 0.9064  0.1708 18.75 2.10
WGSE+DAT 28.76 0.8217  0.2961 30.33 0.9013  0.1779 18.78 2.02
X3 BSF+DAT 28.99 0.8315  0.2807 30.44 0.9054  0.1699 17.32 2.02
VidarSR 29.55 0.8373  0.2791 32.01 0.9197  0.1685 11.38 0.85
SpikeSR-Net 31.09 0.8798  0.2304 33.74 0.9439  0.1355 3.30 1.35
Ours 31.41 0.8850  0.2231 34.11 0.9470  0.1327 3.90 0.37
TFP+DAT 24.35 0.5617 04734 25.09 0.6407  0.3995 14.80 1.06
TFP+BasicVSR++ 23.69 0.5023  0.4850 24.21 0.5610 0.4415 7.32 0.08
Spk2ImgNet+DAT 27.23 0.7678  0.3521 27.97 0.8459  0.2378 18.71 1.15
Spk2ImgNet+BasicVSR++  27.28 0.7730  0.3527 27.77 0.8421  0.2526 11.23 0.17
WGSE+DAT 27.15 0.7618  0.3597 27.91 0.8416  0.2427 18.75 1.08
x4 WGSE+BasicVSR++ 27.16 0.7699  0.3561 27.72 0.8404  0.2558 11.08 0.12
BSF+DAT 27.30  0.7701  0.3473 27.90 0.8451  0.2358 17.28 1.10
BSF+BasicVSR++ 2724  0.7818 0.3374 27.43 0.8389  0.2481 9.80 0.18
VidarSR 28.30  0.7960  0.3249 30.18 0.8834  0.2097 12.79 0.75
SpikeSR-Net 29.22 0.8266  0.2946 31.31 0.9073  0.1885 3.34 1.07
Ours 29.50 0.8369  0.2816 31.49 09119 0.1822 3.86 0.21

Table 1. Quantitative results on REDS-based and Adobe240-based SCSR evaluation dataset. Red and blue indicate the best and the second-
best performance, respectively. It is noted that BasicVSR++ [4] only support x4 SR scale. The runtime is tested on input spike stream of
sizes 360 x 640 x 101 (x2), 240 x 426 x 101 (x3) and 180 x 320 x 101 (x4), respectively.

Case SIR MACK PSNRT  SSIMt
step3 step4 step S
(A) 29.07  0.8207
B) v 29.15  0.8237
© v 29.17  0.8244
D) v 29.32  0.8306
(E) v v 29.34  0.8316
F v v 29.35  0.8322
(&) v v 29.33  0.8304
H) v v v 2946  0.8344
@ v v v v 29.50  0.8369
Table 2. Ablation study of the proposed Spk2SRImgNet on

REDS-based SCSR evaluation dataset (x4).

each sample consists of a spike stream-image pair.
Specifically, we use the 120 fps REDS dataset [30] with
a spatial resolution of 720 x 1280 to generate the synthe-
sized dataset. REDS includes 240 scenes for training and
30 scenes for evaluation, and we follow its original parti-
tion. For each scene, we choose 5 segments, resulting in
240 x 5 = 1200 and 30 x 5 = 150 pairs for training
and evaluation, respectively. Each pair consists of spike

stream of size 360 x 640 x 101 (x2) / 240 x 426 x 101
(x3) /180 x 320 x 101 (x4) (101 is the temporal length)
and a ground truth image of size 720 x 1280 (x2 and x4)
/ 720 x 1278 (x3). To demonstrate the generalization of
the proposed model, we generate another SCSR evaluation
dataset from Adobe240 dataset [34]. Adobe240 dataset in-
cludes 133 videos of 240 fps with resolution of 720 x 1280
taken by hand-held cameras. We follow the test set parti-
tion of Adobe240 in [44], which includes 17 scenes. For
each scene, we choose 10 segments, generating 17x10 =
170 pairs for evaluation.

Real-World Captured Data. In addition to the synthe-
sized data, we also evaluate the model performance on real-
world spike data captured by the spike camera with a spatial
resolution of 250 x 400. Due to the absence of ground truth,
we perform qualitative analysis for these data.

6.3. Comparison with Existing Methods

We compare our proposed method with existing SCSR
method: VidarSR [42] and SpikeSR-Net [50]. Besides, we
combine four spike camera image reconstruction methods:
TFP [53], Spk2ImgNet [48], WGSE [45] and BSF [52] with
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Figure 9. Visual comparison (x4) on real-world spike data. The first scene is a stationary clock recorded by a fast-moving spike camera.
The second scene is a rotating fan. Please enlarge the figure for better comparison.

image / video SR method: DAT [5] / BasicVSR++ [4], re-
sulting in another eight comparison methods, as presented
in Tab. 1. We conduct experiments on x2, x3, and x4 SR
scales. We employ PSNR, SSIM [39] and LPIPS [46] as
quantitative metrics. All compared methods except TFP
[53] are retrained on the REDS-based SCSR training dataset
with the same settings as ours. As shown in Tab. I, our
method achieves the best performance on the three metrics.
Besides, we conduct experiments on real-world captured
spike stream, as shown in Fig. 9, our method can restore
better textures and details. More evaluation and visual re-
sults are provided in supplementary material.

6.4. Ablation Study

To verify the effectiveness of our methodology, we perform
ablation study with REDS-based evaluation dataset on x4
SR scale, as presented in Tab. 2. Since ablation study only
involves steps 3, 4, and 5 in MACEF, the remaining steps
are omitted in Tab. 2 (Steps 2 and 6 do not involve net-
work parameters, and step 1 is present only when step 3
and/or step 5 are present). Case (I) is the final model. Case
(A) is formed by removing SIR and MACF modules from

Spk2SRImgNet. Comparisons between (A) and (B), (H)
and (I) illustrate the advantages of converting information
from spike domain to image domain (SIR module). Com-
parisons between (A) and (H), (B) and (I) demonstrate the
effectiveness of MACF module, showing gains of 0.39dB
and 0.35dB, respectively. Comparisons between (C-G) and
(H) validate the effectiveness of each step in MACF. More
ablation study is provided in supplementary material.

7. Conclusion

This paper develops an end-to-end neural network named
Spk2SRImgNet to reconstruct high resolution images from
low resolution spike stream. To handle spike fluctuations,
we propose a motion aligned collaborative filtering (MACF)
module motivated by key ideas in classic image restora-
tion schemes. Specifically, MACF leverages the tempo-
ral similarity of spike stream to enhance the consistency of
multi-moment features along the motion trajectory, mitigat-
ing fluctuations and improving the quality of super resolu-
tion reconstruction. Experimental results demonstrate that
the proposed Spk2SRImgNet achieves state-of-the-art per-
formance on synthesized and real-captured spike data.
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