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Learning Super-Resolution Reconstruction for High
Temporal Resolution Spike Stream
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Member

Abstract—Spike camera is a new type of bio-inspired vision
sensor, each pixel of which perceives the brightness of the scene
independently, and finally outputs 3-dimensional spatiotemporal
spike streams. To bridge the spike camera and traditional
frame-based vision, there is some works to reconstruct spike
streams into regular images. However, the low spatial resolu-
tion (400×250) of the spike camera limits the quality of the
reconstructed images. Thus, it is meaningful to explore a super-
resolution reconstruction for spike streams. In this paper, we
propose an end-to-end network to reconstruct high-resolution
images from low-resolution spike streams. To utilize more spa-
tiotemporal features of spike streams, our network adopts a
multi-level features learning mechanism, including intra-stream
feature extraction by spike encoder, inter-stream dependencies
extraction based on optical flow module, and joint features
learning via spike-based iterative projection. Experimental results
demonstrate that our network is superior to the combination
of state-of-the-art intensity image reconstruction methods and
super-resolution networks on simulated and real datasets.

Index Terms—Spike Camera, Super-Resolution, Spike Recon-
struction, Spike Encoder, Spike-based Iterative Projection.

I. INTRODUCTION

Spike camera [1], [2] is a novel neuromorphic camera
with the advantages of high temporal resolution (20,000 Hz),
less data redundancy, and lower energy consumption. It has
great potential in many computer vision tasks, such as image
reconstruction [3], [4], [5], [6], denoising [7] and motion
estimation [8]. Another widely used neuromorphic camera,
called the event camera (e.g., DVS [9], DAVIS [10], ATIS [11]
and CeleX [12]), is only sensitive to dynamic information in
the scene, which can only capture locations with large changes
in brightness, such as the edges of moving objects, but cannot
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Fig. 1. Super-Resolution reconstruction for high temporal resolution spike
stream (20,000 Hz). Spatial distribution of spikes (Spatial resolution: 400×
250), three spike reconstruction methods (TFI [3], TFP [3], SNM [4]), ours
4× super-resolution reconstruction result.

sample non-dynamic information. Unlike the event camera,
the spike camera adopts an accumulative sampling mechanism
that can sample all bright positions in the scene, including
high-speed movements and static background. Specifically,
each pixel of the spike camera independently accumulates
the brightness in the scene. When the accumulated brightness
reaches the preset threshold, a spike is fired. For brighter
positions in the scene, it takes a shorter time to accumulate
the brightness to the threshold. And more spikes are firing at
bright positions than dark positions in the same period. This
more comprehensive sampling mechanism makes the spike
camera more suitable for the reconstruction task that requires
rich scene information.

The spike stream is composed of many discrete and irregular
3-dimensional (3D) spatiotemporal spikes (as shown in Fig.
2(c)). Compared with the traditional image data, spike stream
is only represented by ‘1’ in the spatiotemporal position where
spikes are fired. Due to the special data format of the spike
stream, it cannot be directly applied to existing frame-based
computer vision models. Besides, spikes are sparse sampling
of the scene (as shown in the upper left and lower left of Fig.
1), which does not convey enough information of the scene,
and the visual effect presented is worse than that of the image.

To present a better visual effect and bridge the gap between
spikes and the traditional frame-based vision model, some
existing works [3], [4], [5] reconstruct spike streams into reg-
ular images. However, these works all complete the image re-
construction on the original low resolution (400×250), which
limits the quality of the reconstructed image. In addition, the
huge data brought by the high temporal resolution of spike
camera makes it difficult to improve the spatial resolution.
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With such a low spatial resolution, the reconstructed image
often lacks clear and rich details. How to improve the spatial
resolution while reconstructing spikes into images is a problem
worth exploring.

Towards this end, we propose an end-to-end super-
resolution reconstruction network for continuous spike
streams, which aims to recover high-resolution images from
low-resolution spike streams while ensuring high temporal
resolution. We first propose spike encoders for intra-stream
temporal feature extraction and transform the continuous
spike streams into the feature suitable for network architec-
ture. Furthermore, we use an optical flow module to extract
inter-stream spatiotemporal dependencies between two spike
streams. Then, we introduce a spike-based iterative projection
module for joint features learning. Finally, we restore the pixel
values of the target high-resolution image by a reconstruction
module. Such a multi-level features learning mechanism con-
tribute to the final high-resolution reconstructed image from
different feature dimensions.

In summary, the main contributions are summarized as
follows:

• We introduce a novel problem setting, super-resolution
reconstruction for the spike camera, which aims to re-
construct high-resolution and high-quality images from
high-speed spike streams.

• We propose an end-to-end super-resolution reconstruc-
tion network, which directly consumes continuous spike
streams via an effective multi-level features learning
mechanism.

• We build a simulated dataset (Spike-Vimeo) and a real
dataset (Spike-SR) collected by our hybrid camera system
for spike-based super-resolution reconstruction. We be-
lieve these standardized datasets1 open up an opportunity
for the research of this challenging problem.

To the best of our knowledge, this is the first work to explore
super-resolution reconstruction for spikes. We believe that our
network bridges the gap between spikes and human/machine
vision and expands the application potential of the spike
camera.

II. RELATED WORK

In this section, we focuse on image reconstruction of the
spike camera (Sec. II-A) and the existing super-resolution
methods involving videos and the data of event camera (i.e.
events) (Sec. II-B).

A. Image Reconstruction of the Spike Camera
Spikes are sparse 3D spatiotemporal data, which can be

reconstructed into an image to add more details. When the
integral of brightness exceeds a preset threshold, a spike
is fired. Therefore, the spike firing rate or interval reflects
the scene information and can be used to reconstruct spike
images. Dong et al. [3] first designed Texture From Playback
(TFP) and Texture From Interval (TFI) algorithms for spikes
reconstruction. TFP accumulates the number of spikes in

1https://github.com/XIJIE-XIANG/Spike-SR-Reconstruction

a period of time. TFI uses the spike interval to represent
the intensity of reconstructed pixels. From a physiological
point of view, Zhu et al. [4] proposed a three-layer Spiking
Neural Model (SNM) to reconstruct spikes. Moreover, there
are some applications based on spike reconstruction, like tone
mapping [13] and motion deblurring [8]. However, the existing
reconstruction methods are all implemented on the original
low resolution, making it difficult to provide high-quality
reconstructed images.

B. Super-Resolution

After years of development, image super-resolution [14] has
achieved remarkable success in both traditional methods [15],
[16] and deep learning methods [17], [18]. It brings a better
visual experience to humans, and effectively improves tasks,
such as depth imaging [19], [20], face image super-resolution
[21], and medical imaging [22], [23], [24]. Recently, the trend
from image super-resolution to video super-resolution with
rich temporal dependency has inspired the super-resolution for
neuromorphic data (e.g. events).

Video Super-Resolution. Each frame of the video has a
strong spatial relationship and rich temporal dependence be-
tween frames. Existing video super-resolution methods mainly
focus on how to better extract spatiotemporal dependencies.
Motion estimation methods calculate explicit motion infor-
mation to extract inter-frame dependencies, such as optical
flow. Wang et al. [25] proposed an end-to-end video super-
resolution network SOF-VSR, which calculated the super-
resolution optical flow and used high-resolution optical flow
for image super-resolution. Another motion compensation
method aligns the output frame and target frame based on the
motion information between frames. Liu et al. [26] proposed a
spatial alignment network to reduce the complexity of motion
between adjacent frames. This network can use a time-adaptive
network for end-to-end training and obtain high-quality super-
resolution images. There is also a method based on the
recurrent network structure that implicitly learns the inter-
frame time dependence. Sajjadi et al. [27] proposed an end-
to-end trainable frame-recurrent video super-resolution frame-
work (FRVSR), which used previously inferred high-resolution
estimation frames to super-resolution subsequent frames to
ensure time consistency. However, these methods are only
suitable for two-dimensional images with regular structures,
and cannot be directly used for irregular independent events
or spikes.

Super-Resolution for Event Camera. Existing event cam-
era super-resolution works can be divided into three cate-
gories: event upsampling from low-resolution events to high-
resolution events [28], [29], super-resolution reconstruction
from low-resolution events to high-resolution images [30],
[31], [32], and event-assisted video super-resolution [33]. The
general procedure for event upsampling is to first convert
events into a two-dimensional representation similar to an
image. Both [28] and [29] converted events into an events
count map over a period of time, then used the image super-
resolution algorithm to improve the spatial resolution, such as
Sparse Dictionary [16] (used in [28]), FSRCNN [34] (used in
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[29]). Finally, high-resolution events were generated through
a random point process (e.g. Poisson Process). Different
from the target output of event up-sampling, the purpose
of event super-resolution reconstruction is to obtain high-
resolution images. Specifically, the event is converted into
a two-dimensional representation and then a high-resolution
image is obtained through the image super-resolution algo-
rithm. Mohammad et al. [30] used CNNs [35], [36] to achieve
event super-resolution reconstruction. Wang et al. [32] used
a 3-phase GANs [37], [38] and Duan et al. [29] used a
combination of EDSR [39] and SRFBN [40] for event super-
resolution reconstruction. The input of the last category is
not events but continuous video frames. Events are used to
supplement the inter-frame temporal information in the video
super-resolution task. Jing et al. [33] used high temporal
resolution events interpolation to increase the original video
frame rate. The displacement between adjacent frames of the
interpolated video is smaller, and the timing dependence is
easier to extract so that the quality of the super-resolution
image is improved.

Although there have been a lot of super-resolution related
work for the event camera, the existing super-resolution mod-
els based on the event camera cannot be used for the spike
camera due to the different sampling information and data
format of these two cameras.

In this work, we focus on the super-resolution reconstruction
of high-speed spikes, aiming to fully extract the spatiotemporal
dependencies of spikes for high-resolution images reconstruc-
tion.

III. SPIKE-BASED SUPER-RESOLUTION MODEL

A. Sampling Principle of the Spike Camera

The spike camera simulates the integrate-and-fire neuron
model [41]. Each pixel asynchronously selects its own optimal
integration time to sample the scene, rather than sampling at
a fixed time like frame-based cameras. This allows the spike
camera to maintain a continuous-time signal while capturing
scene details and textures. The sampling processes of the spike
camera are as follows: (1) The photoelectric converter converts
the brightness in the scene into an electrical signal E which
can be directly processed by the subsequent components.
(2) The integrator integrates this electrical signal over time,
E(t). (3) The comparator compares the integrated electrical
signal

∫ t

0
E(t)dt with the preset threshold ϕ. If the integrated

electrical signal is greater than the threshold, a spike is fired
and the integrator is reset to 0, otherwise, no spike is fired.
The output of the spike camera is as follows:

M(x, y) =


1,

∫ t

0

E(t)dt > ϕ

0,

∫ t

0

E(t)dt ≤ ϕ

, (1)

where ‘1’ means a spike fired at the coordinates (x, y), and
‘0’ means no spike fired at the location. The spikes of all
positions form a 0-1 spike matrix M , as shown in Fig. 2(b).
All spike matrices are arranged in chronological order into

(a) Waving electronic metronome. (b) Spike spatial distribution.

(c) Spike temporal distribution.

Fig. 2. An illustration of spike distribution. (a) Original scene of a waving
electronic metronome. (b) Spike spatial distribution in 50µs (spike matrix). (c)
Spike temporal distribution in 1ms (spike stream). Colors indicate different
times.

a spike stream S = {M1,M2, ...}, as shown in Fig. 2(c),
which contains rich spatiotemporal dependencies.

The spike camera outputs 20,000 spike matrices per second
(238-megabyte data per second [42]). The huge transmission
bandwidth makes it difficult to improve the spatial resolution
(400×250) of the spike camera from the sampling circuit.
At low spatial resolution, the sparse 3D spatiotemporal spike
stream can only represent limited details and textures. There-
fore, we aim to reconstruct the dense representation of spike
streams as high-resolution images.

B. Spike Data Analysis
The spike data is composed of discrete spikes in spatiotem-

poral domain (Fig. 2(b)) and can continuously capture the
trajectory of an object with high temporal resolution (Fig.
2(c)). The number of spikes reflects the brightness information
of the scene. The more spikes a pixel generates, the brighter
the brightness of the scene at that position. In Fig. 3(c), we
accumulate the number of spikes per pixel over a period of
time. Due to the low spatial resolution of the spike camera, the
brightness represented by each pixel may correspond to a large
area in the real scene. All brightness of this area is represented
by the same value, which makes that the specific details of
this area cannot be sampled. Furthermore, reconstructing an
image on low-resolution spike streams cannot well represent
the texture details of the scene (Fig. 3 (d)).

To obtain a high-quality reconstructed image, a simple way
is to use the image-based super-resolution method to enlarge
the resolution based on the original resolution reconstructed
image. However, this method accomplishes super-resolution on
the image, and cannot take advantage of the spatiotemporal de-
pendencies of spikes, resulting in poor super-resolution effects
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Fig. 3. The distribution of the spikes and reconstructed images. (a) Original
scene of a moving box. (b) Spikes in 50µs. (c) The number of spikes
accumulated over a period of time. (d) The reconstructed result of the TFI [3].
(e) The super-resolution result of SRCNN [17] after reconstruction by TFI.
(f) The result of super-resolution reconstruction of our method. The vertical
axis represents the pixel value of each pixel in (b), (c), (d), different colors
indicate different vertical-axis values.

with noise (Fig. 3 (e)). Therefore, we focus on making full
use of the spatiotemporal dependencies of spikes to achieve
super-resolution and image reconstruction at the same time. As
shown in Fig. 3 (f), our results are smoother and can represent
clearer texture details.

C. Spike-based Super-Resolution Reconstruction
The purpose of spike-based super-resolution reconstruction

is recovering the corresponding high-resolution (HR) image
from low-resolution (LR) spike stream. In general, the LR
spike stream SL is modeled as the output of the following
operation:

SL = G(Wi→t · D(Ψt) +N ), (2)

where Ψt is the real scene brightness at time t with infinite
high resolution. D denotes a down-sampling mapping from
real scene brightness to the LR sampling plane of spike
camera pixel array. W = {W1→t,W1→t, ...,WN→t} is a set
of warping operation corresponding to the motion from Ψt

to every other sampling moment. G denotes spikes generation
mechanism (Eq. (1)) and N is the sensor noise.

Spike-based super-resolution reconstruction is regarded as a
pseudo-process of the above operation. Its purpose is to obtain
an estimate ÎH of the high-resolution image IH corresponding
to the real scene Ψ from the low-resolution spike stream SL,
following:

ÎH = F(SL; θ), (3)

where F is the super-resolution reconstruction model and θ
denotes the parameters of F . The objective of super-resolution
reconstruction is as follows:

θ̂ = argminθL(IH , ÎH) + λΦ(θ), (4)

where L(IH , ÎH) represents the loss function between the HR
groundtruth image IH and generated HR image estimation ÎH ,
Φ(θ) is the regularization term and λ is the trade-off parameter.
When the loss gradually converges to the minimum value,
the optimal parameters of the super-resolution reconstruction
model are obtained. These parameters are used for the final
high-resolution image estimation.

IV. NETWORK ARCHITECTURE

Our network architecture is shown in Fig. 4. The input is
n LR spike streams {..., Sh

L, S
m
L , Sf

L, ...} ∈ RH×W×T , H , W
and T represent the height, width, and the duration of the
spike stream. Each stream contains K spike matrices. Sm

L =
{Mm

1 ,Mm
2 , ...Mm

K } is the middle spike stream (corresponding
to the middle red spike stream of the input data in Fig. 4). The
historical stream before Sm

L is Sh
L (the purple spike stream in

Fig. 4), and the future stream after Sm
L is Sf

L(the yellow spike
stream in Fig. 4). The goal of our network is to reconstruct
a high-resolution image IH ∈ RsH×sW corresponding to
the middle spike stream Sm

L with the assistance of other
adjacent streams {..., Sh

L, S
f
L, ...}, s is the super-resolution

factor. Our network can be divided into three modules: intra-
stream temporal feature extraction (Sec. IV-A), inter-stream
spatiotemporal dependencies extraction (Sec. IV-B), joint fea-
tures learning (Sec. IV-C).

A. Intra-Stream Temporal Feature Extraction
The brightness is encoded by the temporal distribution of

the spike stream. To take advantage of the rich temporal
correlation of spikes (as shown in Fig. 2(c)), we propose two
spike temporal encoder strategies to extract temporal feature
of spikes, corresponding to (a), (b) in Fig. ??.

Temporal aggregation. Accumulating the number of spikes
of different time lengths can represent different tempo-
ral information. To cover a variety of different tempo-
ral changes, we accumulate spikes over different durations
(Fig. ??(a)). Given a set of continuous spike matrices
{...,Mi−1,Mi,Mi+1, ...}, i ∈ [1, T ]. The encoder accumu-
lates T channels separately, and the number of spike matrices
accumulated in each channel ranges from 1 to T . Finally, T
accumulated results of different lengths are obtained, which
are then concatenated as the output of the encoder:

E(x, y) = C{
j∑

i=1

Mi(x, y)|j ∈ [1, T ]}, (5)

where E(x, y) is the encoder result in (x, y), C{·} is the
concatenation operation, j is different accumulate duration
from 1 to T . By setting the accumulated time of different
lengths, the temporal information and the motion details can
be preserved simultaneously.
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Fig. 4. The pipeline of the proposed super-resolution reconstruction network for spike stream. First, the intra-stream feature extraction module uses the spike
encoder to extract the temporal feature of a spike stream. After that, the inter-stream dependencies extraction module extracts spatiotemporal dependencies by
calculating the optical flow between two spike streams. Then, the joint features learning module combines the features of the first two steps and super-resolution
the features respectively. Finally, the reconstruction module restores the pixel values of the high-resolution image.

(a) Temporal aggregation. (b) Temporal 1D convolution.

Fig. 5. The proposed two spike encoder strategies. The dotted line represents
the spike data flow. ⊕ means the addition operation between spike matrices,
and © represents the concatenate operation.

Temporal 1D convolution. Instead of setting fixed dif-
ferent accumulation durations, we introduce a learnable 1D
convolutional layer to extract the temporal feature between
spike matrices (Fig. ??(b)). To preserve the complete spike
information, we first concatenate all spike matrices before the
1D convolution. Let k be 1 × 1 kernel with channel number
of T , the encoded result is:

E(x, y) = C{Mi(x, y)|i ∈ [1, T ]} ⊗ k, (6)

where ⊗ represents the convolution operation. The 1D con-
volutional layer only focuses on temporal features. More
complex spatiotemporal features are learned by subsequent
network modules. Without interference from other informa-
tion, this encoder extracts more accurate intra-stream temporal
feature.

B. Inter-Stream Dependencies Extraction
After extracting the intra-stream temporal feature, we fur-

ther propose the inter-stream dependencies extraction mod-

Fig. 6. Inter-stream dependencies extraction. Spike streams are first converted
into images that can be directly processed by the optical flow module and then
use Netflow to calculate the optical flow map.

ule, which aims to extract the spatiotemporal dependencies
between the middle spike stream Sm

L (the red spike stream in
Fig. 4) and its adjacent streams {..., Sh

L, S
f
L, ...} (the purple

and the yellow spike streams in Fig. 4). For clarity, we only
use the history stream Sh

L in adjacent streams to illustrate.
As discussed in Sec. III-A, the spatiotemporal dependencies
is hidden in spike streams. To explore the dependencies, we
introduce an optical flow extraction module.

First, the spike stream is converted into a low spatial
resolution image so that it can be directly inputted into the
optical flow extraction module (corresponds to the part before
Netflow in Fig. 6). Inspired by [3], we use the spike firing rate
to represent the pixel value of the converted image. Given
the middle spike stream Sm

L , we select the middle spike
matrix Mm

t as the target matrix and calculate the firing time
difference between the previous spike and the next spike of
each pixel. The reciprocal of the time difference is used as the
pixel value of the converted image ImL :

ImL (x, y) =
1

∆tf (x, y) + ∆tl(x, y)
, (7)

where ∆tf (x, y),∆tl(x, y) represent the time difference
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at(x, y) between middle spike matrix and previous spike, next
spike respectively. Adjacent spike streams are also converted
into images through the same operation.

Then the converted images of the middle stream ImL and
the adjacent history streams IhL are input to the optical flow
extraction module. We propose two inter-stream dependencies
extraction strategies. The first is to simply concatenate the
middle stream conversion image ImL and the adjacent history
stream conversion image IhL.

Oh = C{ImL , IhL}, (8)

where Oh ∈ RH×W×c is the inter-stream dependencies, c
is the number of feature channel. The network explores the
correlation between them during the training process.

Furthermore, we introduce the optical flow module to ex-
tract the explicit optical flow as the inter-stream dependencies:

Oh = Netflow(I
m
L , IhL; Θflow), (9)

where Netflow is the optical flow module with parameter
Θflow. The feature channel c of Oh is 2, which represents
the offset of each pixel in the horizontal direction and the
vertical direction. Finally, we concatenate the original spike
streams Sm

L , Sf
L and optical flow map Oh as multi features

Fh (corresponds to the operation after Netflow in Fig. 6), as

Fh = C{Sm
L , Oh, Sf

L}. (10)

C. Joint Features Learning

Fig. 7. Joint features learning. After super-resolution of intra-stream feature
Em

L and inter-stream feature Fh
L to high-dimensional space respectively, their

joint features are learned through spike-based projection. This joint features
are used for the estimation of super-resolution image IhH .

Inspired by back projection algorithms [43], [35], [44],
we proposed a spike-based iterative projection mechanism to
connect the intra-stream feature (of middle spike stream) and
inter-stream features (of middle spike stream and adjacent
spike streams). The steps of back projection are to calculate
the residual between the keyframe and the adjacent frame and
then project this residual to the adjacent frame, and finally
obtain a high-resolution estimate of the keyframe.

To include more spatial information, we first super-
resolution the intra-stream feature and the inter-stream features
respectively and then complete the residual and projection
process in the high-dimensional space. Unlike [44] projecting
the residual on the middle frame, we project the residual on
the adjacent spike streams and finally obtain the prediction of
the HR image corresponding to the target stream. Specifically,
the steps of the iterative spike-based projection are as follows:
(1) Map the LR intra-stream feature Em

L of middle spike
stream Sm

L and inter-stream multi-features Fh
L between

middle spike stream Sm
L and its adjacent history stream

Sh
L to the HR space respectively:

ImH = SRE(E
m
L ; ΘE), (11)

Fh
H = SRF (F

h
L ; ΘF ), (12)

where ImH and Fh
H are the high-dimensional mapping

results of Em
L and Fh

L , SRE and SRF (purple and red
rectangles in Fig. 7) are the super-resolution network for
spikes and multi-features with parameters ΘE and ΘF .

(2) Calculate their residual ImH −Fh
H and use the NetR (blue

rectangular in Fig. 7) with parameters ΘR to further
extract the feature of the residual:

R = NetR(I
m
H − Fh

H ; ΘR). (13)

(3) Project this residual onto inter-stream multi-features Fh
L

to obtain HR image estimation IhH corresponding to the
middle spike stream:

IhH = Fh
H +R. (14)

(4) Downsample this estimation to LR space as the input of
next iteration by NetD (yellow rectangular in Fig. 7) with
parameters ΘD:

Em
L = NetD(IhH ; ΘD). (15)

Repeat the above steps until all adjacent inter-stream multi-
features are iterated. Note that the projection result of each
adjacent multi-feature is an estimate of the high-resolution
image of the middle spike stream. Finally, we concatenate all
the projection results (step (3)) and the super-resolution results
of the middle stream (step (1) of the first iteration), and then
reconstruct the target HR image IH by a convolutional layer
Rec with parameters ΘRec:

IH = Rec(C{..., IhH , ImH , IfH , ...}; ΘRec). (16)

In the training process, we use l1 loss as the loss function
to calculate the distance between the super-resolution recon-
structed image IH and the groundtruth.

V. EXPERIMENTS

In this section, we first illustrate the experimental settings in
Sec. V-A, and verify the impact of the proposed three modules
in Sec. V-B. To qualitatively and quantitatively evaluate the
performance of our network, we test our network on the
simulated dataset (Sec. V-C), the real dataset (Sec. V-D), and
high-speed scenes (Sec. V-E).

A. Experiment Settings
Simulated dataset. According to the principle of spike

distribution, we design a video to spikes simulator to obtain
training data with groundtruth. We perform data conversion on
the Vimeo-90k dataset [45] and name the simulated dataset
Spike-Vimeo. The Vimeo-90k dataset contains 89,800 video
clips, and each clip contains 7 consecutive frames. We ran-
domly selected 13,238 clips and divided them into a training

Authorized licensed use limited to: Peking University. Downloaded on January 13,2022 at 05:19:15 UTC from IEEE Xplore.  Restrictions apply. 



1051-8215 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2021.3130147, IEEE
Transactions on Circuits and Systems for Video Technology

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY 7

(a) Hybrid cameras equipment. (b) Calibration views.

(c) Sample output of two cameras.

Fig. 8. Hybrid camera equipment and its data. (a) Hybrid camera equipment
integrates the spike camera and an RGB camera. A beam splitter is placed
in front of two cameras with 50% splitting. (b) We adopt the spatiotemporal
calibration procedures to synchronize two cameras within the shared view. (c)
Sample output of spike camera and RGB camera, the left half is the output
spike matrix, and the right half is the output image of RGB camera.

set (10,422 clips) and a test set (2,816 clips). The training
set of Spike-Vimeo is used to train the network, and the test
set is used to verify the three modules of the network in the
ablation experiments (Sec. V-B) and quantitative comparison
experiments V-C.

TABLE I
DISCRIPTION OF SPIKE-SR DATASET

Scene Categoty #Frame #Spike Metrix

Outdoor

Checkerboard 100 80,000
Car 50 40,000

Street 300 120,000
Building 100 40,000
Bicycle 100 40,000

Total 650 320,000

Indoor

Calendar 200 80,000
Box 300 120,000

Hourglass 200 80,000
Cups 200 80,000
Dolls 100 40,000
Total 1,000 400,000

Real datasets. Inspired by [32], we use a beam splitter
device (Fig. 8(a)) to collect real data. The spike camera and
an RGB camera are connected to the beam splitter to shoot
the same scene. The spatial resolution of the spike camera is
400×250, the temporal resolution is 20,000 Hz. The resolution
of the RGB camera is 1616×1240, and it sends out 175 frames
per second. We first reconstruct spikes into images by TFI
and then use image registration methods to achieve spatial
alignment (Fig. 8 (b)), and search in time for the most similar
frame with each spike stream to achieve time alignment. We
named the dataset Spike-SR Dataset. It contains 10 categories
of indoor (5 categories) and outdoor (5 categories) scenes.
The specific number of the dataset is shown in TABLE I. In

addition, we use the PKU-Spike-Recon Dataset [4] for further
evaluation.

Implementation details. For the intra-stream feature ex-
traction module, we use a two-layer 1D convolution as the
spike temporal encoder and use the optical flow module [46]
for inter-stream dependencies extraction. In the joint features
learning module, we use DBPN [35] and Resnet [36] to super-
resolution the intra-stream feature and inter-stream feature
respectively. Resnet is also used for residual feature learning
and downsampling. Finally, we use a convolutional layer to
restore the pixel values of the high-resolution reconstructed
image. We train our model end-to-end on the training set of
the Spike-Vimeo Dataset. We use Adam optimization and use
learning rate decay from 10−4 at the beginning to 10−5 at
the middle epoch. All training is completed on 8 Tesla V100-
XSM2 GPUs, and it takes about 18 hours to complete 150
epochs.

Comparisons. We compare our network qualitatively and
quantitatively with the reconstruction methods and the combi-
nation of reconstruction methods and super-resolution meth-
ods. First, spike reconstruction methods (TFI [3], TFP [3],
SNM [4]) reconstruct spike streams into images. Then, super-
resolution methods (SRCNN [17], FRVSR [27], SOFVSR
[25]) enlarge the spatial resolution of the reconstructed images
with a super-resolution factor of 4. We implement TFI and TFP
according to their algorithms and implement SNM from code
provided by the author. The implementations of three super-
resolution methods are from their publicly available pre-train
models.

B. Ablation Experiments
In this section, we discuss the effects of the proposed

three modules on the quality of super-resolution reconstructed
images. The three modules are intra-stream temporal feature
extraction, inter-stream spatiotemporal dependencies extrac-
tion, and joint features learning.

TABLE II
ABLATING INTRA-STREAM FEATURE EXTRACTION

#Spike Matrix Encoder PSNR(↑) SSIM(↑)

60
Summation 27.8356 0.9120
Aggregation 27.8463 0.9124

1D Convolution 28.1890 0.9179

240
Summation 28.9596 0.9320
Aggregation 29.1329 0.9352

1D Convolution 29.5869 0.9407

Intra-stream temporal feature extraction. We verify the
proposed temporal feature extraction module on spike streams
containing 60 spike matrices and 240 spike matrices, re-
spectively. In Sec. IV-A, we propose two different temporal
feature encoders, namely temporal aggregation (Eq. (5)), and
1D temporal convolution (Eq. (6)). For further verification,
we add a basic model (temporal summation, as shown in
the first and fourth rows of TABLE II), which simply adds all
spike matrices without learning the temporal features.

As shown in TABLE II, the proposed temporal encoders
are effective on 60 spike matrix and 240 spike matrix data.
Among them, 1D convolution is the best-performing encoder.
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60 240 Groundtruth

Fig. 9. Result of different spike matrix numbers with 1D convolution encoder.
The input data in the first and second columns contains 60 and 240 spike
matrices, respectively. The third column is groundtruth. The odd rows are full
images, and the even rows are enlarged details.

Since it is only responsible for temporal feature extraction,
which makes the network easier to train. Temporal summation
expresses all spike matricies as their sum. This leads to a
significant reduction in the information that can be referenced
by the network, and it is unable to take advantage of the high
temporal resolution of spikes. Aggregation can be regarded as
an advanced version of summation. By setting different sum-
ming durations, aggregation can represent multiple temporal
changes. However, there is a lot of repeated information in
aggregation, and the durations are fixed, making it difficult
for the network to train. Compared with the basic summation,
the effect of aggregation is only slightly improved.

In all encoders, the results of 240 spike matrices are better
than 60 spike matrices. This is because 240 spike matrices
carry more available information, which is conducive for the
encoder to explore the temporal features. Fig. 9 shows the
results of 60 and 240 spike matrixes with the 1D convolution
encoder. It can be seen from the figure that the results of 240
spike matrices are closer to groundtruth, and contain more
details and textures than 60 spike matrices.

Inter-stream dependencies extraction. We verify the ef-
fectiveness of inter-stream dependencies module (Sec. IV-B)
by replacing the middle stream and adjacent stream input
(last two rows in TABLE III) with only the adjacent stream
(Baseline in TABLE III). As shown in TABLE III, the quality
of the super-resolution reconstructed image containing the

5S 5S+P Groundtruth

Fig. 10. Effect of projection (P) on 5 streams (5S). The results in the first
column are without projection, the results in the second column are with
projection, and the third column is groundtruth. The odd rows are full images,
and the even rows are enlarged details.

spatiotemporal dependencies between the two streams is better
than the quality of just inputting the adjacent stream. It proves
that the proposed inter-stream spatiotemporal dependencies
extraction module is effective. The inter-stream dependencies
of this level contributes to the final super-resolution recon-
struction image quality.

TABLE III
ABLATING INTER-STREAM DEPENDENCIES EXTRACTION

Extraction Strategy PSNR(↑) SSIM(↑)
Baseline 29.0629 0.9326

Concatenation 29.5386 0.9389
Netflow 29.5869 0.9407

Furthermore, we explore the impact of the proposed two
optical flow extraction strategies (Concatenation: Eq. (8),
Netflow: Eq. (9)) on the extraction of inter-stream spatiotem-
poral dependencies. The improvement brought by the introduc-
tion of the optical flow module is very small (last two rows
of TABLE III), which shows that the network can learn these
dependencies during the training process and achieve similar
results to the explicit optical flow.

Joint features learning. We discuss the key module, the
impact of the spike-based iterative projection on the joint
features learning module (Sec. IV-C). We first divide the
complete spike stream (240 spike matrices) into small streams
with different matrix numbers, respectively, 5 streams (5S):
each stream contains 48 spike matrices; 7 streams (7S): each

Authorized licensed use limited to: Peking University. Downloaded on January 13,2022 at 05:19:15 UTC from IEEE Xplore.  Restrictions apply. 



1051-8215 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2021.3130147, IEEE
Transactions on Circuits and Systems for Video Technology

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY 9

TABLE IV
ABLATING JOINT FEATURES LEARNING

PSNR(↑) SSIM(↑) Training Time
5S 29.2900 0.9306 9h52m21s

5S+P 29.5869 0.9407 15h17m44s
5S+P+C 29.7417 0.9412 18h25m36s

7S 28.9879 0.9242 14h8m17s
7S+P 29.6525 0.9408 21h3m56s

7S+P+C 29.7230 0.9412 22h14m9s

stream contains 34 spike matrices (discard the first and last
spike matrices). Under these two different data partitions, we
verify the influence of projection on the final super-resolution
reconstruction result. As shown in the 1, 2 and 4, 5 rows of
TABLE IV, adding projection to 5 spike streams (5S+P)
and adding projection to 7 spike streams (7S+P) improve
the quality of final super-resolution images. It proves that
the spike-based iterative projection module can effectively use
joint features to supplement the spatial information of high-
resolution images. Fig. 10 shows the output results without
projection (5S) and with projection (5S+P) on 5 spike streams.
It can be seen that with the introduction of projection, the
shape of the reconstructed high-resolution image is more
regular and the details presented are clearer.

In addition, we increase the length of the spike stream cor-
responding to the target high-resolution image. The numbers
of spike matrices for 5 spike streams and 7 spike streams are
48 and 34, respectively. The number of spike matrices corre-
sponding to their complete streams is 240 (abbreviated as C
in TABLE IV). As shown in the 2, 3 and 5, 6 rows of TABLE
IV, increasing the number of the spike matrix corresponding to
the target high-resolution image introduces more information,
which is helpful to the super-resolution reconstruction results.
After increasing the length of the corresponding spike stream,
5 spike streams and 7 spike streams achieve the same SSIM
value, and the PSNR value of 5 spike streams is better than
the PSNR value of 7 spike streams. Considering that 7S takes
longer for training and the network is more complex, we
choose 5S+P+C as the final model.

TABLE V
COMPUTATION TIME OF 3 MODULES

Time(s) Module 1 Module 2 Module 3 Total
CPU 0.2736 0.4991 43.5977 44.3704
GPU 0.0004 0.0008 0.1037 0.1049

Computation time. We test the computation time of the
three proposed modules on the CPU (Intel(R) Xeon(R) Gold
6248 CPU @ 2.50GHz) and GPU (TESLA T4) respectively.
The intra-stream feature extraction module (Module 1 in TA-
BLE V) contains two convolutional layers with 1D convolution
kernels. The inter-stream spatiotemporal dependencies extrac-
tion module (Module 2 in TABLE V) sequentially calculates
the spatiotemporal dependencies of the middle spike stream
and 4 adjacent spike streams through a convolutional layer.
The joint features learning module (Module 3 in TABLE V)
contains two complex super-resolution networks, a residual
feature extraction network and a down-sampling network.
Similar to Module 2, Module 3 operates on the middle spike

stream and the 4 adjacent spike streams respectively. The
more complex the module structure, the longer the calculation
time required. Using GPU acceleration makes the complete
inference speed 422 times faster than the CPU.

In addition, we analyze the computational complexity of the
three reconstruction methods (TFI [3], TFP [3] and SNM [4]),
and compare the inference time with the three super-resolution
networks (SRCNN [17], FRVSR [27] and SOFVSR [25]). The
TFI reconstruction method needs to calculate the spike time
difference before and after each pixel reconstruction time, and
the time complexity is O(n). The TFP reconstruction method
sums the number of spikes in a period of time. It only need
to traverse once for each spike. and the time complexity is
O(1). The computational cost of SNM mainly comes from
the simulator and dynamic neuron extraction, and the average
complexity is O(n log n). The inference times of the three
super-resolution networks (SRCNN, FRVSR, SOFVSR) and
our network are 0.2882s, 1.9045s, 0.5194s, and 0.0236, re-
spectively. Among them, SRCNN is an image super-resolution
network, and the inferred time is only the time it takes for a
super-resolution image. Both FRVSR and SOFVSR are video
super-resolution networks, and the required input frames are
three and five frames respectively. Due to the particularity of
spike data, the input of our network is 240 spike matrices. Our
network requires the shortest inference time, demonstrating the
efficiency of the proposed network.

C. Test on Simulated Dataset
We quantitatively compare our super-resolution reconstruc-

tion results and nine comparison methods (the combination
of three spike reconstruction and three image super-resolution
methods) on the test set of the Spike-Vimeo Dataset. Fur-
thermore, to compare with the three spike reconstruction
methods, we downsample the output results and groundtruth
(1,600×1000) to the original resolution (400×250) through
bicubic interpolation. The test set contains 2816 test samples,
and each sample consists of 5 spike streams. According to
the optical flow of the spike streams in each sample, it is
divided into three small sets of different motion speeds: slow,
medium, and fast. We used the Learned Perceptual Image
Patch Similarity (LPIPS) [47] for high level features metrics
as a fraction between 0 (high similarity) and 1 (low similarity)
and the Structural Similarity (SSIM) [48] as a fraction between
0 (low similarity) and 1 (high similarity). In addition, we
added Peak Signal-to-Noise Ratio (PSNR) for signal metric as
a fraction between 0 (low similarity) and 1 (high similarity).

As shown in the TABLE VI, our network performs opti-
mally on all different speeds sets and the overall test set, which
shows that our network can adapt to scenes of different motion
speeds. It also proves that the proposed multi-level features
learning network can make full use of the spatiotemporal
features of spikes and contribute to high-resolution recon-
structed images. Other comparison methods super-resolution
after the reconstruction images on the original resolution.
Reconstructing spikes into images can provide more complete
spatial information, but it cannot make use of its rich temporal
dependency. This is why these combined comparison methods
cannot adapt to the speed changes of the dataset.
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TABLE VI
QUANTITATIVE EVALUATION ON SPIKE-VIMEO DATASET

Compared with reconstruction methods Compared with super-resolution reconstruction methods
Reconstruction TFI TFP SNM Ours

down
sampling

TFI [3] TFP [3] SNM [4]

Super-Resolution - - - SRCNN
[17]

FRVSR
[27]

SOFVSR
[25]

SRCNN
[17]

FRVSR
[27]

SOFVSR
[25]

SRCNN
[17]

FRVSR
[27]

SOFVSR
[25]

Ours

Slow 0.07 0.11 0.05 0.01 0.32 0.35 0.30 0.44 0.46 0.44 0.25 0.30 0.23 0.12
Middle 0.08 0.13 0.05 0.01 0.31 0.36 0.29 0.45 0.48 0.45 0.24 0.32 0.22 0.10

Fast 0.10 0.20 0.07 0.01 0.31 0.40 0.31 0.48 0.53 0.49 0.26 0.37 0.26 0.10LPIPS(↓)

Average 0.08 0.15 0.06 0.01 0.31 0.37 0.30 0.46 0.49 0.46 0.25 0.33 0.24 0.11
Slow 0.78 0.79 0.81 0.97 0.72 0.65 0.71 0.71 0.61 0.66 0.75 0.67 0.74 0.93

Middle 0.78 0.78 0.80 0.97 0.73 0.62 0.72 0.72 0.58 0.68 0.76 0.65 0.75 0.94
Fast 0.75 0.74 0.77 0.97 0.73 0.60 0.71 0.71 0.56 0.67 0.75 0.63 0.74 0.95SSIM(↑)

Average 0.77 0.77 0.79 0.97 0.73 0.62 0.71 0.71 0.58 0.67 0.75 0.65 0.74 0.94
Slow 17.18 23.66 16.64 31.61 16.65 15.58 16.56 21.24 18.44 20.37 16.16 15.10 16.10 28.64

Middle 17.09 23.49 16.58 32.08 16.70 15.06 16.66 21.65 17.44 20.90 16.23 15.65 16.22 30.02
Fast 16.55 22.10 15.94 31.90 16.28 14.13 16.27 20.99 16.07 20.35 15.71 13.75 15.72 30.70PSNR(↑)

Average 16.94 23.08 16.39 31.86 16.54 14.92 16.50 21.29 17.32 20.54 16.03 14.50 16.02 29.79

TABLE VII
QUANTITATIVE EVALUATION OF INDOOR SCENES IN SPIKE-SR DATASET

Compared with reconstruction methods Compared with super-resolution reconstruction methods
Reconstruction TFI TFP SNM Ours

down
sampling

TFI [3] TFP [3] SNM [4]

Super-Resolution - - - SRCNN
[17]

FRVSR
[27]

SOFVSR
[25]

SRCNN
[17]

FRVSR
[27]

SOFVSR
[25]

SRCNN
[17]

FRVSR
[27]

SOFVSR
[25]

Ours

Calendar 0.23 0.35 0.20 0.08 0.47 0.52 0.50 0.52 0.56 0.55 0.41 0.45 0.43 0.36
Box 0.27 0.30 0.20 0.14 0.50 0.53 0.51 0.48 0.53 0.51 0.43 0.47 0.45 0.32

Hourglass 0.36 0.42 0.27 0.16 0.50 0.54 0.52 0.48 0.53 0.52 0.42 0.46 0.45 0.32
Cups 0.25 0.26 0.17 0.07 0.47 0.51 0.49 0.43 0.46 0.46 0.37 0.41 0.40 0.26
Dolls 0.38 0.38 0.29 0.17 0.50 0.54 0.53 0.50 0.53 0.52 0.43 0.48 0.47 0.31

LPIPS(↓)

Average 0.30 0.34 0.22 0.13 0.49 0.53 0.51 0.48 0.52 0.51 0.41 0.46 0.44 0.31
Calender 0.84 0.75 0.86 0.95 0.69 0.62 0.65 0.61 0.57 0.58 0.72 0.66 0.68 0.74

Box 0.79 0.76 0.85 0.90 0.70 0.64 0.68 0.72 0.64 0.67 0.79 0.73 0.76 0.82
Hourglass 0.77 0.71 0.84 0.91 0.74 0.67 0.69 0.70 0.63 0.64 0.82 0.77 0.78 0.87

Cups 0.77 0.77 0.84 0.89 0.68 0.74 0.67 0.73 0.69 0.68 0.79 0.75 0.76 0.84
Dolls 0.72 0.75 0.84 0.91 0.68 0.64 0.65 0.72 0.68 0.68 0.79 0.75 0.76 0.88

SSIM(↑)

Average 0.78 0.75 0.85 0.91 0.70 0.64 0.67 0.70 0.64 0.65 0.78 0.73 0.75 0.83
Calender 25.44 21.72 26.53 27.89 26.17 24.09 25.32 23.23 21.67 22.03 26.61 24.40 25.80 28.75

Box 23.29 22.99 25.62 25.90 24.51 21.73 24.07 24.73 21.84 23.83 26.19 23.14 25.60 26.86
Hourglass 21.52 19.93 23.34 23.48 22.74 20.91 22.29 22.05 20.30 21.34 23.53 21.83 23.07 23.79

Cups 21.17 21.20 23.29 23.48 22.13 20.75 21.93 22.77 22.26 22.29 23.43 22.96 23.11 23.83
Dolls 20.74 21.30 23.65 23.99 22.34 21.41 21.88 23.55 22.66 22.98 24.36 23.53 23.89 24.44

PSNR(↑)

Average 22.54 21.66 24.65 25.08 23.70 21.72 23.23 23.49 21.73 22.70 25.02 23.12 24.49 25.72

TABLE VIII
QUANTITATIVE EVALUATION OF OUTDOOR SCENES IN SPIKE-SR DATASET

Compared with reconstruction methods Compared with super-resolution reconstruction methods
Reconstruction TFI TFP SNM Ours

down
sampling

TFI [3] TFP [3] SNM [4]

Super-Resolution - - - SRCNN
[17]

FRVSR
[27]

SOFVSR
[25]

SRCNN
[17]

FRVSR
[27]

SOFVSR
[25]

SRCNN
[17]

FRVSR
[27]

SOFVSR
[25]

Ours

Checkerboard 0.37 0.46 0.37 0.24 0.52 0.56 0.53 0.61 0.63 0.62 0.48 0.52 0.50 0.41
Car 0.14 0.25 0.14 0.13 0.49 0.53 0.49 0.53 0.57 0.55 0.47 0.50 0.47 0.41

Street 0.13 0.25 0.12 0.12 0.48 0.49 0.47 0.53 0.56 0.54 0.46 0.46 0.45 0.41
Building 0.46 0.19 0.30 0.16 0.67 0.67 0.65 0.45 0.48 0.45 0.55 0.57 0.55 0.34
Bicycle 0.23 0.34 0.23 0.23 0.55 0.54 0.54 0.59 0.61 0.60 0.54 0.52 0.54 0.52

LPIPS(↓)

Average 0.27 0.30 0.23 0.18 0.54 0.55 0.54 0.55 0.57 0.56 0.50 0.51 0.50 0.42
Checkerboard 0.74 0.69 0.77 0.85 0.64 0.58 0.60 0.50 0.48 0.48 0.67 0.62 0.64 0.75

Car 0.73 0.66 0.73 0.75 0.59 0.47 0.57 0.54 0.42 0.50 0.60 0.49 0.58 0.65
Street 0.72 0.62 0.73 0.74 0.59 0.54 0.57 0.52 0.46 0.47 0.61 0.56 0.58 0.65

Building 0.51 0.68 0.55 0.72 0.37 0.31 0.37 0.68 0.58 0.66 0.54 0.44 0.52 0.76
Bicycle 0.63 0.54 0.64 0.66 0.56 0.53 0.54 0.46 0.41 0.42 0.57 0.55 0.55 0.60

SSIM(↑)

Average 0.67 0.63 0.69 0.74 0.55 0.50 0.53 0.57 0.47 0.50 0.60 0.54 0.58 0.68
Checkerboard 23.23 16.53 23.94 25.06 22.93 21.45 22.28 18.46 17.98 18.13 23.13 22.10 22.53 24.80

Car 18.49 17.27 18.51 18.60 18.31 15.13 18.21 18.02 14.66 17.56 18.13 14.95 17.95 18.54
Street 18.58 16.93 18.86 18.64 18.36 17.78 18.17 17.60 16.89 16.99 18.46 17.80 18.23 18.58

Building 13.27 18.41 17.02 18.88 14.35 12.39 14.39 18.27 15.57 18.09 17.06 14.86 16.81 18.69
Bicycle 15.58 14.95 15.72 15.47 15.62 15.34 15.54 15.24 14.74 14.94 15.66 15.37 15.58 15.40

PSNR(↑)

Average 17.91 16.74 18.89 19.37 17.98 16.79 17.76 17.44 16.22 17.06 18.56 17.39 18.29 19.25
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TFI TFP SNM

TFI-SRCNN TFP-SRCNN SNM-SRCNN

TFI-FRVSR SNM-FRVSRTFP-FRVSR

TFI-SOFVSR SNM-SOFVSRTFP-SOFVSR

Ours Full ImageGroundtruth

TFI

TFI-SRCNN SNM-SRCNNTFP-SRCNN

TFP SNM

TFI-FRVSR SNM-FRVSRTFP-FRVSR

TFI-SOFVSR SNM-SOFVSRTFP-SOFVSR

Ours Groundtruth Full Image

Fig. 11. Qualitative comparison of our network and three reconstruction methods and nine combination methods on Spike-SR Dataset. Left: indoor-dolls;
Right: outdoor-street. The gray box, blue box, and red box represent the enlarged details of the comparison methods, our method, and groundtruth, respectively.
The black box shows the complete original image. Titles with different colors indicate different super-resolution methods. Please view the red ellipse for a
better comparison.

By comparing the reconstruction methods and the super-
resolution reconstruction methods in TABLE VI, we find
that the effect of the reconstruction methods can affect the
results of the super-resolution reconstruction methods. Super-
resolution based on a good reconstruction method often results
in better final performance. The results in TABLE VI show
that our method achieves the best reconstruction and super-
resolution reconstruction performance. Although our method is
designed for super-resolution reconstruction tasks, it can also
achieve good reconstruction effects, which proves the effec-
tiveness of the proposed network module for the reconstruction
task.

D. Test on Real Dataset
Quantitative evaluation. We further compare our network

with three reconstruction methods and nine combination meth-
ods on indoor and outdoor scenes of the real dataset (Spike-SR
Dataset). Note that the real Spike-SR Dataset is taken with two
cameras with different resolutions, so the spike stream and the
RGB image (groundtruth) cannot be accurately aligned. But
this effect is fair to all methods.

The quantitative comparison results of indoor and outdoor
scenes are shown in TABLE VII and TABLE VIII. It can be
seen that the quality of super-resolution reconstruction images
in all methods is lower in outdoor scenes than in indoor
scenes. This is because the brightness of outdoor scenes is
more complicated and the direction of movement is more
diversified than indoor scenes. The brightness of the indoor
scene is single and the motion pattern is repeated. But our

method still performs best, proving that the model can adapt
to both simple and complex brightness and motion scenes.
In addition, compared with the experiment of the simulated
dataset (TABLE VI), Spike-Vimeo, the result of the real
dataset is also worse than the simulated dataset. It means that
there is still a gap between the simulated data and the real
data. The simple spike generation mechanism of simulated
data cannot fully reflect the complex real scene.

In all scenarios, our network still yields the lowest LPIPS,
highest SSIM, and highest average PSNR in all comparative
experiments, which means that our spike super-reconstruction
results have the highest structural similarity and the closest
high-level features with groundtruth. It is worth noticing that
our network is only trained on the simulated dataset (Spike-
Vimeo), and it has achieved better results than all comparison
methods on the real dataset (Spike-SR). It proves that the
proposed network has strong migration ability and can be used
for spike super-resolution reconstruction of real scenes.

Qualitative Evaluation. Furthermore, we qualitatively
compare our network with three spike reconstruction methods:
TFI, TFP, SNM, and nine combination methods of spike recon-
struction and super-resolution: TFI-SRCNN, TFI-FORVSR,
SNM-SOFVSR, TFP-SRCNN, TFP-FORVSR, TFP-SOFVSR,
SNM-SRCNN, SNM-FRVSR, SNM-SOFVSR on Spike-SR
Dataset. Three reconstruction methods reconstruct spike
streams into the original resolution images (400×250). Nine
combinations methods reconstruct and super-resolution spike
streams into 4× images (1,600×1,000).

Fig. 11 shows qualitative results on real-world indoor and

Authorized licensed use limited to: Peking University. Downloaded on January 13,2022 at 05:19:15 UTC from IEEE Xplore.  Restrictions apply. 



1051-8215 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2021.3130147, IEEE
Transactions on Circuits and Systems for Video Technology

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY 12

Ours

TFI-SRCNN TFI-FRVSR TFI-SOFVSR

TFP-SRCNN TFP-FRVSR TFP-SOFVSR

SNM-SRCNN SNM-FRVSR SNM-SOFVSR

A driving car at a 
speed of 100km/h.
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Fig. 12. Detail qualitative comparison of our network and nine combination methods on PKU-Spike-Recon Dataset.

outdoor scenes of Spike-SR Dataset. The image reconstructed
at the original resolution is blurry than the image reconstructed
by the super-resolution, which proves that the super-resolution
reconstruction method can supplement clearer texture details
to improve the quality of the reconstructed image. Compared
with all methods, our super-resolution reconstructed images
are of the highest quality and look clearest. Fig. 11 shows two
scenes, indoor-dolls and outdoor-street. Our model produces
clearer doll facial lines and better wheel shapes. Note that the
Spike-SR Dataset includes irregular camera and object motions
and different indoor and outdoor brightness conditions. The
results show that our method can better adapt to the irregular
movements and brightness of various real scenes.

TABLE IX
STD AND OG-IQA [49] RESULTS ON PKU-SPIKE-RECON DATASET

STD(↑)/OG-IQA(↑) TFI [3] TFP [3] SNM [4]
SRCNN [17] 0.13/0.52 0.12/0.49 0.14/0.44
FRVSR [27] 0.13/0.33 0.12/0.46 0.14/0.44

SOFVSR [25] 0.13/0.37 0.12/0.45 0.14/0.46
Ours 0.19/0.80

E. Test on High-Speed Scenes
The high temporal resolution advantage of the spike camera

makes it suitable for high-speed scenes. The published high-
speed reconstruction dataset (PKU-Spike-Recon Dataset 2)
contains many high-speed scenes, such as high-speed trains

2https://www.pkuml.org/resources/pku-spike-recon-dataset.html

(340km/h) and high-speed cars (100km/h). At such high
speeds, traditional frame-based cameras often have motion
blur, while spike cameras can capture complete high-speed
motions. We verify the results of our super-resolution recon-
struction network and other methods in high-speed scenes
where the spike camera has the greatest advantage.

Note that the PKU-Spike-Recon Dataset does not have high-
resolution groundtruth, so we conduct a qualitative evaluation
and no-reference quantitative evaluations (STD and OG-IQA
[49]) on this dataset. For a clearer evaluation, we normalized
the results of OG-IQA to 0 and 1. The closer to 1, the higher
the image quality. As shown in TABLE IX, our method has
achieved the best STD and OG-IQA results in PKU-Spike-
Recon Dataset, indicating that our super-resolution reconstruc-
tion results have richer details and better ability to represent
the high-speed scenes.

It can be seen from the result of the green title (the
second row) in Fig. 12 that the reconstruction with the TFP
method produces motion blur. This is because the TFP method
accumulates the number of spikes in a period of time, and the
movement changes brought by high speed cannot be clearly
represented by only one image. The other two reconstruction
methods do not have the problem of motion blur. But their
performances are not well in high-speed scenes. The recon-
structed images are of poor quality and have a lot of noise.
Super-resolution on such reconstructed images amplify noise
and affect the quality of the reconstructed images. In contrast,
our network can reconstruct high-resolution images in high-
speed scenes with clearer details and well suppress noise.
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In general, super-resolution reconstruction for spikes makes
it possible to provide high-quality images for high-speed
scenes. In addition, our method can not only be used in normal
still or slow-speed scenes, but also perform well in high-speed
scenes.

VI. CONCLUSION

In this paper, we present a novel problem setting, namely
super-resolution reconstruction for spikes, which aims to re-
cover high-resolution images from low-resolution continuous
spike streams. We propose a multi-level features learning
network to solve this problem, from intra-stream temporal
features, inter-stream spatiotemporal features, to high-level
joint features. Finally, a high-resolution reconstructed image
is obtained by a convolutional layer. Empirically, our network
outperforms other comparative methods on both simulated and
our real spike datasets. We believe that this work will improve
the advantages of the spike camera on various vision tasks that
rely on high-resolution, high-quality images.
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