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Abstract— Recently, a novel bio-inspired camera was developed
by mimicking the retina fovea to continuously accumulate lumi-
nance intensity and then fire spikes once the dispatch threshold
is reached. In contrast to the conventional frame-based cameras
and the emerging dynamic vision sensors, this spike camera
has shown remarkable advantages in capturing fast-moving
scenes in a frame-free manner with full texture reconstruction
capabilities. However, the ultra-high temporal resolution makes
the transmission or storage of the output data of spike camera
(referred to as spike data) quite difficult. To address the above
challenges, we propose a unified lossy spike coding framework,
which exploits the motion patterns hidden in the spike data dis-
tribution to design the motion-fidelity coding modes for the first
time. We investigate the spatiotemporal distribution of spike data
and propose an intensity-based measurement of the spike train
distance. Then, the adaptive polyhedron partitioning is proposed
to deal with the spike data with different motion characteristics.
Finally, the intra-/inter-polyhedron prediction with spike-time
and spike-rate modes, transform and multi-layer quantization
are proposed and introduced into the codec. We also construct
a PKU-Spike dataset captured by the spike camera to evaluate
the compression performance. The experimental results on the
dataset demonstrate that the proposed approach is effective in
compressing such spike data while maintaining the visual fidelity
especially for high-speed scenarios.

Index Terms— Spike data compression, spike coding, bio-
inspired camera.

I. INTRODUCTION

IN RECENT years, bio-inspired vision sensors have become
very attractive in the field of self-driving cars [1],

unmanned aerial vehicles and autonomous mobile robots [2],
due to their significant advantages over conventional frame-
based cameras, such as high dynamic range and fast sensing
capability [3]. It is accustomed to name the output data of these
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sensors as events or spikes in a similar manner to biological
systems. Although the redundancy of the spike data is less
than that of conventional videos, the transmission application
is still facing a huge challenge of bandwidth limitation [4].
So far, there are few works on compressing these brand new
data, which is a challenge demanding prompt solutions.

The common point of bio-inspired vision sensors is frame-
free [5]. Typically, the photoreceptor for each pixel indepen-
dently responds to the luminance intensity changes with spikes
elicited. From this perspective, the temporal resolution can
be as high as possible, because there is no need of shutters.
This is reasonable if we turn attention to biological retina
systems, in which the photoreceptors independently convert
incoming light into electrical signals those are transmitted to
the inner plexiform layer of the retina and further processed as
spikes conveyed to the visual cortex via the optic nerve. The
independent sampling breaks the limitation of exposure which
is commonly the bottleneck for most frame-based cameras to
increase frame rates. To simulate biological vision, one of the
artificial silicon retinas is the dynamic vision sensor (DVS) [6],
[7]. It is capable of high speed detection and tracking. The
visual texture also can be reconstructed from events [8], [9].
As DVS only cares about the relative change of luminance
intensity, no signal is emitted if there is no relative movement
between the camera and the object.

Unlike the sampling mechanism of DVS, researchers
designed a class of time-based vision sensors to make each
pixel mimics the behaviour of an integrate-and-fire neuron and
works asynchronously [10]–[16]. Recently, Dong et al. [15],
[16] proposed a spike camera based on the fovea-like sampling
method (FSM) which falls into the category of time-based
vision sensors. The spike camera has a spatial resolution of
250 × 400 and the maximum spike firing rate per pixel is
40,000 Hz. In the spike camera, each pixel operates inde-
pendently accumulates luminance intensity which inputs from
an analog-to-digital converter (ADC), and generates a spike
as soon as possible if the ADC value exceeds the dispatch
threshold φ: � T

0
Idt ≥ φ, (1)

where I refers to the luminance intensity (usually measured
by photocurrent in the circuit). Then the accumulator is reset
and all the charges on it are drained. At different pixels, the
accumulation speed of the luminance intensity is different.
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Fig. 1. The workflow of the spike camera.

As shown in Fig. 1, the brighter pixel will send out spikes
more frequently than the darker one, because more photons
are collected at the pixel, and its intensity accumulation speed
is faster which is easier to exceed the threshold.

As the spike data is typically composed of continuous
spikes in the spatiotemporal domain, it contains much redun-
dancy, which leads to a very large storage and communi-
cation costs. According to the statistics, the spike camera
generates about 476 megabytes of data per second. Similar
to the conventional 2-D videos, the temporal redundancy of
the spike data is much higher than the spatial redundancy.
Moreover, the spike data is collected by the spike camera
with 40,000 Hz, and the ultra fast motion could be captured
and reconstructed [15], [17]. Thus, to compress the spike data
efficiently, the key is to keep the motion characteristics while
exploiting the correlations in spatial and temporal domains.
Since the spike data contains a large number of spikes that
do not have explicit correspondence, the motion estimation
and motion compensation in the spatiotemporal domain is
a very challenging problem. In this paper, we focus on the
problem of compression of the spike data, as those captured by
spike camera, which represents very large volumes of highly
redundant data.

The main contributions of this paper include:

• We propose an effective compression method to meet
the challenge of the transmission and storage of spike
data generated by the spike camera. To the best of our
knowledge, this is the first study with a complete coding
framework for such spike data.

• We study the spike generation mechanism of spike
camera. An intensity-based measurement of spike data
distance is proposed and used in motion vector prediction
and multi-layer quantization.

• We explore the spatiotemporal distribution characteristic
of the spike data, and reasonably estimate the motion
planes. This leads us to design efficient prediction modes
to reduce the spatiotemporal redundancies while preserv-
ing the fidelity of the dynamic region.

A preliminary version of this work has been partially
published in DCC 2019 [18]. The main extensions are: we
analyze the spatiotemporal distribution of the moving region,
and design an adaptive polyhedron partitioning method for
different motion patterns; a new coding framework is pro-
posed including more efficient prediction modes based on

spike-rate and spike-time; the compression performance is
greatly improved on PKU-Spike dataset.1

The rest of the paper is organized as follows: Section II
reviews related work, and Section III analyzes the distribu-
tion of the spike data. Section IV presents the spike coding
framework. In Section V, the experiments on compression
performance and the distortion evaluation are demonstrated.
Finally, the paper is concluded in Section VI.

II. RELATED WORKS

A. Bio-Inspired Cameras

To simulate some of the properties of the human retina,
researchers in the neuromorphic field have developed new
vision sensors. Among them, the dynamic vision sensor
(DVS) [6], [7] is one of the well-recognized bio-inspired sen-
sors, which simulates the retina and generates spikes asynchro-
nously when the luminance changes at each pixel. To recover
the absolute intensity, Brandli et al. [19] proposed the dynamic
and active-pixel vision sensor (DAVIS) which integrates the
DVS with the frame-based active-pixel sensor (APS) together.
Posch et al. [20] tried a different way by introducing the
asynchronous time-based image sensor (ATIS). To achieve a
higher resolution and data rate, Son et.al [21] developed a
640 × 480 DVS with 300 Meps (million events per second)
data rate. In addition, Guo et al. [22] developed another DVS
camera named CeleX with a higher resolution of 768 × 640.

From the view of the spike firing mechanism, there are a
number of time-based vision sensors following the basis of the
integrate-and-fire neuron model [10]–[14]. In 1994, Yang [10]
proposed a 32×32 array of photosensors with spike frequency
outputs representing the intensity in the temporal domain.
Culurciello et al. [12] reported a biomorphic digital image
sensor mimicking the octopus retina which simplified the
integrate-andfire model. Additionally, some variants of time-
based sensors such as asynchronous pixel event tricolor vision
sensor [13] and near infrared spiking image sensor [14] are
also proposed in recent years. Recently, Dong et al. [15], [16]
proposed a spike camera based on fovea-like sampling method,
which is with high spatial (250×400) and temporal resolutions
(40,000 Hz). In this work, the individual pixel converts light or
luminance intensities into spikes by integrating photocurrent
up to a fixed threshold. In this sense, the spike firing frequency
or interspike interval reflects the luminance variation which
can be used to compute the intensity value.

Table I shows a simple comparison between the standard
camera, DVS, and spike camera. Compared to conventional
frame-based cameras and DVS, the spike camera [15], [16]
has successfully achieved the balance between both high-speed
motion capture and consistent texture reconstruction. Although
the output data are called spikes as well, the characteristics
differ from those of DVS. According to the DVS sampling
mechanism, a spike represents the relative intensity change,
therefore the temporal redundancy is almost removed. For
example, if the intensity is stable, nothing will be outputted
from DVS. But in the spike camera, both the static background

1https://www.pkuml.org/resources/pku-spike.html
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TABLE I

COMPARISON OF DIFFERENT TYPES OF VISION SENSORS

Fig. 2. Histogram of the practical ISI values, and the fitted gamma probability
density function (in red line).

and the moving foreground objects are firing spikes with
various frequencies. In this paper, we focus on compressing
the spike data of the spike camera.

B. Spike Coding

Spike coding of bio-inspired cameras is a new research field
recently proposed. The spike data of bio-inspired sensors is
usually with a very high temporal resolution, which consumes
more storage space. The compression for the spike data is a
challenge since its data characteristics are very different from
conventional videos. In [4], [23], Bi et.al. first explicitly raised
the issue of DVS data compression, a lossless coding algorithm
of spike data was proposed and achieved an impressive coding
performance. This is a good reference for our work. However,
the DVS data is quite different from our spike data. DVS
sensor outputs spikes only when the luminance changes, so its
data is much sparser than that of the spike camera and the data
characteristics of both are completely different.

The spike camera is inspired by the biological neuron
model, this drives us to explore the coding technology from the
neural computation field. Initial methods of applying entropies
to neural coding treated spike trains as binary strings by
quantizing the time axis [24]. Another category is interval
methods, which focused on intervals between consecutive
spikes rather than on spikes themselves [25]–[27]. Some
probability density function such as gamma and Gaussian
were often used to apply the interval methods [27]. Generally,
a simple Poisson integrate-and-fire model can be described
as a gamma distribution and close fits to the recorded spike
data [28]. Moreover, Milner et al. [29] proposed that we can
also use spikes from other neurons as the reference signal
for spike coding. More generally, not only synchronization,
but also any precise spatiotemporal spike pattern could be a
meaningful event [30]. The relevance of precise spatiotemporal

spike patterns has been studied intensively by Abeles [31].
This inspires us to explore the prediction method between
different spike trains.

In essence, the spike data can be considered as a novel kind
of multi-dimensional data. The existing point cloud and light
field compression methods [32], [33] are also aimed at multi-
dimensional data compression. However, the spike data has
a stronger spatial-temporal correlation, thus it is necessary to
explore new coding methods. Besides, some coding techniques
in the conventional video coding field can be referential for
spike coding, including motion compensation [34], transfor-
mation [35] and quantization [36] in H.264/AVC [37] and
H.265/HEVC [38]. These technologies especially the conven-
tional video coding give us great inspiration in designing our
coding strategies.

III. SPIKE DATA ANALYSIS

In this section, we investigate the probability density distrib-
ution of inter-spike interval (ISI), and the spatial and temporal
distribution of spike data. These features are very helpful in
designing coding modes.

A. The Probability Density Distribution of Inter-Spike
Interval

The distribution of inter-spike interval can be derived from
the photon arrival process which is usually assumed to be a
homogeneous Poisson process. It is parameterized by a single
scalar λ which gives the mean rate with which events arrive.
Each photon arrival event is completely independent from all
the others. Therefore, the probability of n photon arrival events
is

Pr (N (δ) = n) = e−λδ (λδ)n

n! , (2)

where N (δ) refers to the number of photons arrived during a
period of time δ; λ is the photon arrival rate. In a very short
period of time, λ is constant.

Since the accumulated intensity is determined by the num-
ber of photons arriving, we assume that the arrival of ϑ
photons will reach the dispatch threshold φ and generate a
spike. If the spike firing time is denoted as ti , the inter-spike
interval x = ti − ti−1. As N (δ) is a Poisson process, the time
from the beginning to the occurrence of n photons arriving
is a gamma distribution [15]. Thus, the probability density
distribution (PDF) is

f (x, β, α) = 1

βα� (α)
xα−1e−x/β, x > 0, (3)
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Fig. 3. The measurement of the kernel-based distance and the intensity-based
distance. We select a square area of the spike data and choose the pixel at
the upper left corner as the start pixel. Then the distances between the start
pixel and other pixels are respectively measured by Eq. (6) and kernel-based
distance. The intensity-based measurement correctly finds the most similar
pixel “38”, while the kernel method fails to figure out the right one.

where α is the shape parameter and β is the scale parameter
in gamma distribution, here α = ϑ , β = 1/λ, and � (·) refers
to the gamma function. According to the mechanism of the
spike camera, the dispatch threshold is predefined leading to
the shape parameter α to be constant, but for different pixels,
the luminance intensity may be slightly different with various
scale parameters β. Fig. 2 shows the actual ISI values are well
fitted by the gamma PDF.

Based on the above, we are able to analyze the temporal
and spatial correlations of ISI. For a certain pixel, when the
luminance intensity is stably changing or constant, the PDFs
of ISIs between consecutive spikes tend to be similar. For the
pixels in a spatially neighboring region, their photon arrival
rates λ have a great probability to be similar, and so does their
PDFs. As a result, the ISI should have temporal and spatial
correlations.

B. Spike Train Distance Measurement Based on Intensity

In our previous work [23], the kernel method2 is used to
measure the spike train distance of DVS. However, it fails to
accurately measure the spike trains from the spike camera, e.g.
we cannot correctly distinguish the location with the shortest
distance by the red curve in Fig. 3. That is the motivation for
us to explore a novel intensity-based distance. Considering that
Eq. (1) can be simplified as I t ≥ φ, the average intensity of
the pixel in this period can be estimated by

I = φ

t
, (4)

where φ denotes the dispatch threshold, and t exactly cor-
responds to the ISI. For the visual system, the difference of

2The kernel method based distance of two spike trains fs1 and fs2 is defined

as
�� fs1 − fs2

�� =
��

fs1 , fs1

� + �
fs2 , fs2

� − 2
�
fs1 , fs2

�
, where � fs1 , fs2 �

= �
i, j e(t(i)s1 −t( j)

s2 )2/2σ2
, and t(i)s1 denotes the spike firing time of the spike

train fs1 .

intensities caused by the variation of ISI 
t can be defined as


I = φ

t
− φ

t + 
t
= φ
t

t2 + t
t
. (5)

Thus, for two spike trains fs1 and fs2 , we can first convent
them to two ISI sequences. Each ISI is denoted as 
t(i)s1 and

t(i)s2 , respectively. Here i = 1, 2, .., K and K refers to the
number of ISIs. Then, the intensity-based distance between
two spike trains is:

�� fs1 − fs2

�� = φ

�		
 1

K
·

K�
i=1

�
1


t(i)s1

− 1


t(i)s2

2

. (6)

In the sequence “wavehand”, we select a 7×7 sized square
area in a period of time. An arbitrary pixel is chosen as the
start pixel, such as the one in the upper left corner. Then
the distances between the start pixel and other pixels are
respectively measured by Eq. (6), in a zigzag order. The
distances are shown in Fig. 3, by applying the proposed
measurement, the most similar pixel can be accurately found
out. In contrast, the kernel method gets three candidates but
fails to figure out the right one.

C. The Temporal Distribution of the Spike Data

Generally, the nature of the continuous arrival of photons
constitutes the temporal correlation between each consecutive
spike of a certain pixel. In order to analyze the spike data
intuitively, we give the distribution of the reciprocal of ISI
(corresponds to the luminous intensity of each ISI) in the
temporal domain. As shown in Fig. 4, the sequence “rotation”
depicts a spinning disc at 2000 rpm (revolutions per minute).
We select a pixel located in the red box (as shown in the left).
When the pixel is dark, we can assume that the photon arrival
rate λ is constant, thus the PDF of ISI can be modeled as
a gamma distribution. The digits “5” and “8” will be easily
distinguished when they appear in the red box since they
cannot fit the PDF. The results show clearly that the spike
data has a high correlation in the temporal domain.

D. The Spatial Distribution of the Spike Data

In traditional images, the values of adjacent pixels are
very close, which is called spatial correlation. For the spike
data, this spatial correlation still exists. Considering that the
intensity of light received by adjacent photoreceptors in space
may be very similar, the time required for integration is also
approximate, so the ISI has a certain similarity.

To analyze the spatial correlation of the spike data, three
regions including static background, moving object and mov-
ing object edge are selected, each region contains the spikes of
four pixels. As shown in Fig. 5, for a static region, the spike
data of four pixels is stable; for a moving object, the spike
changes at nearly the same time; for the edge of the moving
object, the spike of four pixels may change asynchronously,
while some of the pixels are still synchronous (see the dashed
black rectangle in Fig. 5). Therefore, the spatial correlation of
the spike data is embodied in the time synchronization of the
spike data of adjacent pixels.
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Fig. 4. The temporal distribution of spike data in a long period. (a) The
intensity (1/ISI) distribution in temporal domain; (b) The temporal distribution
corresponding to the bright object (the digits “5” and “8”); (c) The temporal
distribution corresponding to the dark object (the black disc). The results show
that the spike data has a high correlation in the temporal domain.

IV. SPIKE CODING FRAMEWORK

Conventional digital videos represent motion with various
pixel values in successive frames, while the spike camera
responds with spikes fired at different times. The inter-spike
interval (ISI) reflects the variation of the motion. Meanwhile,
spatially adjacent pixels have similar spike firing patterns (such
as the four pixels in Fig. 5). Thus, to take advantage of these
characteristics, the proposed coding framework is designed
based on the ISI and divides all the pixels’ ISIs into polyhe-
drons. Besides, motion estimation and motion compensation
are utilized to further reduce the spatiotemporal correlations.
Although these terms are similar to those in conventional video
coding, the detailed algorithms are specially well-designed for
the spike data. The proposed spike coding framework is shown
in Fig. 6, includes:

• Adaptive Polyhedron Partitioning Unlike the block
used in the video coding technique, we introduce poly-
hedrons as the basic unit of spike coding, which can
exploit the spatiotemporal distribution characteristics of
spike data.

• Polyhedron-based Prediction Inspired by the motion
compensation in standard video coding, for spike data,
we design the intra-polyhedron and inter-polyhedron cod-
ing including multiple prediction modes to find the best
reference candidate. The designed prediction modes are
suitable for exploiting the correlations of the spike data
in the spatiotemporal domain.

• Discrete Cosine Transform (DCT) The 2-D DCT is
performed to reduce the correlation of prediction residuals
of the designed modes (Intra Spike-rate, Inter Spike-rate,
Intra Spike-time, and Inter Spike-time modes) in our
framework.

• Quantization Quantization reduces the aspects of the
source data that are irrelevant to human visual percep-
tion. For spike data, a multi-layer quantization based
on intensity-based distance is utilized to quantize the
prediction residuals and transform coefficients.

• Entropy Coding Entropy encoding is a lossless data
compression scheme. In our framework, an adaptive
context-based entropy coder is used to compress the
intra prediction residuals, motion data including motion
plane vectors and prediction residuals, and other syntax
elements.

Fig. 5. The spatial correlation of the spike data in a short period. (a) static
region. (b) moving region. (c) the edge of the moving region. The four pixels
corresponding to the square in the left image are selected to analyze. For
easy viewing, the spikes with varying intervals are marked red. Meanwhile,
we mark the spikes caused by the same motion pattern with a dashed black
rectangle. The results show that the spike data has a high spatial correlation.

Overall, to achieve the best performance, each prediction
mode will be tried and the best one with minimum rate-
distortion cost is chosen.

A. Adaptive Polyhedron Partitioning

Generally, the basic coding unit is a block or cuboid, such
as the video compression technologies introduced in [37]–[41]
and the DVS coding [4], [23]. However, the spike data is
different, the numbers of ISI at different pixels are quite
distinct. As shown in Fig. 7, even in a static region, the ISI
numbers vary greatly from pixel to pixel. Furthermore, from
Fig. 5, we can obviously see that the spikes of motion regions
are not exactly synchronized in the spatial neighborhood,
especially at the edge of the motion region. As a result, the
fixed-sized block or cuboid cannot accurately describe motion
characteristics. Thus, in this paper, the basic coding unit is a
polyhedron.

The way we partition the spike data is shown in Fig. 8. The
spike data is divided into macro cuboids according to the time
length L. In spatial domain, a macro cuboid is divided into
multiple spike cuboids each of which contains N × N pixels.
Meanwhile, in the temporal domain, the spike data is divided
into segments of different lengths according to the change of
motion. Due to the high temporal resolution of spike data,
we assume that if there exist spatially neighboring segments
at a certain time, they represent the same motion. The motion
plane is introduced to represent these segments in a simple
way, which is determined by the segments at the four long
sides of the spike cuboid. Then, the spike data between two
motion planes can be described as a polyhedron. The spike
data within the polyhedron has similar motion characteristics.
As shown in Fig. 9, when two adjacent motion planes have no
vertex coincidence, we call them “complete plane”. Otherwise,
if at least one vertex coincides, they are called “incomplete
plane”.

Thus, the first step is to adaptively partition the spike
data into multiple segments with different lengths (see
Algorithm 1). Considering the ISI is more convenient for
analysis, so the spike data is converted into the ISI sequence
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Fig. 6. The framework of spike coding. There are several specially designed coding mechanisms for the spike data, including adaptive polyhedron partitioning,
polyhedron-based prediction, discrete cosine transform (DCT), multi-layer quantization, and entropy coding.

Algorithm 1 Inter-Spike Intervals Segmenting Algorithm

Input: ISI sequence fISI ∈ Z
m×1 and threshold δ, ε

Output: Set of segment starting time {si ∈ Z|i =
1, 2, . . . , M}

1: while L < MaxLength do

2: Calculate mean ⇐
�L

α=si
f (α)
ISI

L−si
,

var ⇐
��L

α=si

�
f (α)
ISI −mean

�
L−si

3: cv ⇐ var/mean
4: if cv > δ and f (L)

ISI − f (L+1)
ISI > ε then

5: Update the next segment position si ⇐ L and i ⇐ i+1
6: end if
7: Update L ⇐ L + 1
8: end while

Fig. 7. The distribution of ISI counts for all the pixels from the sequence
“rotation.”

according to Eq. (4). As analyzed in the previous section, the
distribution of ISI obeys gamma distribution in a short period
of time, its parameters α and β are determined by the mean
and variance of the ISIs. We use coefficient of variation (cv),
which is often used to compare data dispersion, to describe
the degree of variation of ISI trains. After adaptive segments
partitioning, the spike data contains multiple segments in each
pixel. However, the ISI segmentations of N × N pixels in
a group are different. The starting position of each segment
can be seen as a point (x , y, t) in three-dimensional space,

Fig. 8. Adaptive partitioning of spike data.

where x and y are pixel coordinates and t is the starting
time of the segment. Then, determining a moving plane is an
optimization problem for fitting the plane of discrete points in
three-dimensional space. Its optimization goal is to minimize
the distance from all points to the plane. The least square
method can be used to fit the motion plane. The motion plane
can be described by the Eq. (7), �a, b, c� is the plane normal
vector, and d is a constant.

ax + by + ct = 0 (7)

For the set of n points (x1, y1, t1),
(x2, y2, t2), . . . , (xn, yn, tn), the distance from any point
(xi , yi , ti ) to the plane is:

D = |axi + byi + cti + d|√
a2 + b2 + c2

. (8)

The geometric center of the point set is

C = (xc, yc, tc) = 1

n
(

n�
i=1

xi ,

n�
i=1

yi ,

n�
i=1

ti ). (9)

To ensure that a, b, c are not all equal to zero, let c = 1,
Eq. (7) is converted into

ax + by + d = −t . (10)

Calculate coordinates of all points minus center points C

(x̂i , ŷi , t̂i ) = (xi , yi , ti ) − (xc, yc, tc), i = 1, 2, . . . , n. (11)
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Fig. 9. The complete plane and incomplete plane. (a) The spike trains from
four neighboring pixels. The orange box represents that the four pixels have
same motion characteristic at this moment, while the purple box represents
only part pixels have the same motion characteristics. (b) Use plane to
divide a spike cuboid. If all pixels in the spike cuboid has the same motion
characteristic at this moment, a complete plane is generated. Otherwise,
an incomplete plane is generated.

Eq. (10) can be represented as⎡
⎢⎢⎣

x̂1 ŷ1 1
x̂2 ŷ2 1
. . .
x̂n ŷn 1

⎤
⎥⎥⎦

⎡
⎣a

b
d

⎤
⎦ =

⎡
⎢⎢⎣

−t̂1
−t̂2
. . .
−t̂n

⎤
⎥⎥⎦ . (12)

The above equation can be represented as

AX = Y. (13)

According to the linear least squares, we have follows:
X = (AT A)−1 AT Y. (14)

By solving the above equation, we get a, b, c, and d , which
determine the motion plane. The motion planes may intersect
in practice. Considering that the intersection of two motion
planes will cause the polyhedron not available, we make
two motion planes that can only coincide at the vertex. Thus,
if the two moving planes do not intersect at the vertex, the
latter plane is rotated to intersect at the vertex, as shown in
Fig. 10(a). In a spike cuboid, two motion planes can determine
a polyhedron as the basic coding unit. For the parameters of
the motion plane, the time differences between the first three
vertices and the previous motion plane are coded, so does the
time offset between the segment starting time and the plane,
as shown in Fig. 10(b). Considering that the incomplete plane
has vertex coincidence with the previous motion plane, the
coincident vertices are represented by “1” and non-coincident
vertices are represented by “0”, which forms a binary matrix
of N × N .

B. Prediction Modes

Generally, the spikes in a polyhedron, which are determined
by two motion planes in spike cuboid, have similar ISI distrib-
ution. Moreover, the spatiotemporal neighboring polyhedrons
may have similar motion characteristics, and so does their

Fig. 10. (a) Motion planes only intersect at vertices. (b) Motion plane
information coding. The time offset 
t between the segment starting time
and the plane is coded.

Fig. 11. Intra Spike-Rate mode and Intra Spike-Time mode. (a) Intra Spike-
Rate mode. The firing rate ri is estimated in each pixel of the group. (b) The
ISI residual distribution. The large fluctuation is more suitable to use Intra
Spike-Time mode.

distributions. Therefore, in order to efficiently encode the
spike data, both intra- and inter-polyhedron prediction should
be considered, as shown in Table II. In intra-polyhedron
prediction, two prediction modes are designed, namely Intra
Spike-Rate mode and Intra Spike-Time mode. As the inter-
polyhedron prediction, Inter Spike-Rate mode and Inter Spike-
Time mode are available. We will introduce these prediction
modes in this section.

1) Intra Spike-Rate Mode: With the help of adaptive poly-
hedron partitioning, the spike data within the polyhedron are
usually similar in intensity and motion characteristics. In order
to exploit the correlation of spikes, inspired by the spike
rate coding in neural computation, the spike firing rate ri

of each pixel in the polyhedron are estimated, as shown in
Fig. 11. In the polyhedron, according to the start and end
motion planes, we can obtain the start time ts and end time
te of the segments for each pixel. Thus the spike data can be
reconstructed by ri , ts and te. For the N × N pixels in a group,
using the firing rate of central position pixel to predict that
of the other pixels in the group. Similar to video coding, the
prediction residuals of spike rate are encoded. Intra Spike-Rate
mode is efficient when dealing with simple motion patterns,
such as the static region and regular motion. However, it may
be inaccurate that only use the firing rate to describe the spike
distribution of complex scenes. Therefore, the Intra Spike-
Time mode is designed for encoding the absolute firing time
of the spike data.

For the N × N pixels in a group, using the firing rate
of central position pixel to predict that of other pixels in
the group. Similar to video coding, the predicted residuals
are encoded. Intra Spike-Rate mode is efficient when dealing
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TABLE II

THE PREDICTION MODE

Fig. 12. Spatiotemporal motion search in Inter Spike-Rate mode.

with simple motion patterns, such as static region and regular
motion. However, it may be inaccurate to describe the spike
distribution only by the firing rate. Therefore, the Intra Spike-
Time mode is designed for encoding the absolute firing time
of the spike data.

2) Intra Spike-Time Mode: In fact, the division of polyhe-
drons represents different motion patterns. In a short period
of motion, the ISI in the polyhedron fluctuates in a range.
This fluctuation is important for accurate reconstruction of
visual texture. Therefore, in addition to the firing rate, it is
necessary to encode the dispersion of each ISI. As shown in
Fig. 11(b), the Intra-Spike-Time Mode encodes the prediction
residual of the ISI. This mode is suitable to describe exact
motion characteristics although it has a high cost.

3) Inter Spike-Rate Mode: Considering the spatial corre-
lations in the spike data, a more complex prediction mode
namely Inter Spike-Rate mode is designed. Similar to Intra
Spike-Rate mode, Inter Spike-Rate mode utilizes the firing rate
to estimate the motion which is also mainly applicable to static
regions. The difference is, the spatial correlation between poly-
hedrons is further considered on the basis of Intra Spike- Rate
mode. In this mode, the motion of the current polyhedron is
first estimated in the spatiotemporal domain. Specifically, the
reference polyhedron with the smallest distance is determined
according to the intensity-based distance. Then, the current
polyhedron is predicted by the spike rate of each pixel in the
reference polyhedron, and the prediction residual of the spike
rate is encoded.

Considering that the divided segments in the static region
are usually longer, the motion vectors are not estimated by
matching segments one by one in the search range. The motion
search is performed between the current and the encoded
polyhedrons. In the spatiotemporal range close to the current
polyhedron, the encoded polyhedrons are considered as can-
didates. The measurement based on the intensity distance is
performed between the candidate and the current polyhedron,
and the one with the shortest distance is selected.

Fig. 12 describes the process of spatiotemporal motion
search. The spike cuboid of the current polyhedron is recorded
as E , and four spike cuboids at the upper left, upper, upper
right, and left of E are recorded as A, B, C, D, respectively.
A reference polyhedrons list is constructed as prediction
candidates, involves sixteen polyhedrons (three polyhedrons
for each spike cuboids of A, B, C, D, and four nearest poly-
hedrons of the current polyhedron), which are nearest to the

Fig. 13. Spatiotemporal motion search in Inter Spike-Time mode.

time of current polyhedron. For each candidate polyhedron
in reference polyhedrons list, the spike rate of each pixel is
used to predict that of the corresponding pixel in the current
polyhedron, and the prediction residual of the spike rate is
encoded. The optimal reference polyhedron is determined
according to the minimum rate distortion cost, and its ordinal
number in the reference polyhedron list is coded.

4) Inter Spike-Time Mode: In the scenes with complex
motion, the ISI in the polyhedron fluctuates greatly. It is diffi-
cult to find a reference polyhedron with the same distribution
as the current polyhedron. Thus a complex prediction method
is designed, as shown in Fig. 13. Firstly, the search range of
spatiotemporal motion estimation is determined as a cuboid
region with the size of RS = M × M in the spatial domain
and RT in the temporal domain. Since the coding process
is from left up to right down in the spatial domain and from
forward to backward in the temporal domain, the region behind
the current polyhedron is not available (see the unavailable
region shown in Fig. 13), which can not be used to estimate
motion vector. The temporal search range RT is relative to
the upper left vertex of the start motion plane of the current
polyhedron. The lower left and lower right of the Fig. 13 show
the projections of the search range in spatial and temporal
directions, respectively.

Then, the N × N × RT -sized target cuboids (as shown
in the blue dashed cuboid region in Fig. 13) can be found
in the search range. The spatial displacement of the target
cuboids relative to the current polyhedron is (mvx , mvy). For
the current polyhedron, according to the ISI sequences of
each pixel, the matching segments with the smallest average
intensity distance are searched in the corresponding pixel
position of the target cuboids, respectively. And the time
offset mv i

t is recorded, which represents the corresponding
pixel position relative to the start motion plane of the current
polyhedron, where i = 1, 2, · · · , m; 0 < m ≤ N2 is the pixel
index in the polyhedron. In this way, for the current polyhe-
dron, the ISI segments of each pixel could find corresponding
segments in the target cuboids, and the total distance can be
calculated by the sum of the intensity distances. By matching
all target candidates in the search range, we can find the one
with the smallest overall distance, and encode the spatiotem-
poral motion vectors consisting of the spatial displacement
(mvx , mvy) and the temporal displacement mv i

t . The ISI

Authorized licensed use limited to: Peking University. Downloaded on January 13,2022 at 05:49:32 UTC from IEEE Xplore.  Restrictions apply. 



ZHU et al.: HYBRID CODING OF SPATIOTEMPORAL SPIKE DATA FOR A BIO-INSPIRED CAMERA 2845

Fig. 14. Motion vector prediction in spatiotemporal domain.

segment at the searched optimal position is used to predict that
of the current polyhedron to achieve the spatiotemporal motion
compensation, and the prediction residual of ISI is encoded.
Notice that the spatial motion vectors (mvx , mvy) only need
to be encoding once, because all the pixels are located in
the same target cuboid. In order to further reduce the cost
of encoding motion vectors, it is necessary to predict motion
vectors in the spatiotemporal domain (Spatiotemporal Motion
Vector, referred to as SMV). The assumption is, the current
polyhedron which is to be encoded may have similar motion
characteristics in spatiotemporal adjacent positions, so their
motion vectors may be similar. Specifically, the reference
polyhedron list is constructed according to the same method as
Inter Spike-Rate mode, and each polyhedron candidate in the
list is selected as a referenced. If the prediction mode of the
searched polyhedron is also Inter Spike-Time mode, the SMV
is available. All the available SMVs are weighted averaged to
obtain a prediction of current polyhedron SMV, including the
spatial part (mvpx , mvpy) and the temporal part mvpi

t . In this
way, the difference of spatiotemporal motion vectors can be
calculated by mvd = mv − mvp.

C. Transform

In our framework, transformation is performed to reduce
the correlation of prediction residuals. According to different
prediction models, the prediction residual mainly includes the
following categories: 1) the prediction residual of spike rate
(Intra Spike-rate and Inter Spike-rate modes), 2) the prediction
residual of ISI (Intra Spike-time and Inter Spike-time modes),
3) the prediction residual of the spatiotemporal motion vector
(Inter Spike-time mode). Among them, the spatiotemporal
motion vector is lossless encoded, and the prediction residual
of spike rate in a N×N group is transformed by the 2-D DCT.3

For the transformation of the prediction residual of ISI, we use
the following strategies: The shape of the current polyhedron
should be considered to determine whether the transformation
can be applied. As shown in Fig. 9, the polyhedron has two
motion planes. The end motion plane of the former polyhedron
is also the start plane of the current polyhedron. Thus, the
shape of the current polyhedron depends on whether its end
motion plane is a complete plane. If the end motion plane is a
complete plane, there are ISIs between the start motion plane
and the end motion plane, and form a N × N matrix (there
is at least one ISI of each pixel between two planes); if the

3The 2-D DCT used in our method can be expressed as F(u, v) =
c(u)c(v)

�N−1
i=0

�N=1
j=0 f (i, j)cos[ (i+0.5)π

N u]cos[ ( j+0.5)π
N v], where f (i, j)

represents the original 2-D signal and F(u, v) is transformation coefficient.

TABLE III

THE RELATION BETWEEN THE CHANGE OF ISI AND THE DISTORTION

Fig. 15. Multi-layer quantization. Each ISI t has a unique quantization Qstep .
The multi-layer quantization ensures that the quantization of different ISI is
fair.

end motion plane is an incomplete plane, the corresponding
ISI numbers may be zeros. Generally, the incomplete planes
represent the edge region of the moving object, while the
complete planes correspond to the static region. To ensure the
quality of the moving edge region, we only perform the 2-D
DCT to the polyhedron whose end motion plane is complete.
After the prediction residuals are transformed, the transform
coefficients are quantized and encoded.

D. Multi-Layer Quantization

For the spike data, the prediction residuals need to be
quantized. In this paper, we quantify two kinds of residuals:
the prediction residuals of spike firing rate (Intra Spike-rate
and Inter Spike-rate modes) and ISI (Intra Spike-time and
Inter Spike-time modes). Typically, the quantizer is designed
to be a uniform one. However, according to Eq. (5), the same
distortion of ISI may lead to completely different intensity
changes. For instance, assuming that the distortion 
t = 1,
the intensity changes 
I = 37.24 if t = 10, but when t
becomes 100, 
I = 0.41, which is much smaller than that
when P = 10. Table III shows the relation when φ = 4096.
Thus, a uniform quantization step is unfair for various ISIs.

To address the problem, the ISI itself is involved in the
quantization, which means that each ISI should have a unique
quantization step (see Fig. 15). One may question how would
decoder get the ISI value? Indeed, the raw ISI cannot be
acquired by the decoder, but owing to the well-designed
prediction modes, it is instructive to utilize the predicted ISIs
in the quantization. Specifically, in Spike-Rate mode, the spike
firing rate is available, so are the ISIs of the best reference in
Spike-Time mode.

Assuming that the maximum allowable light intensity dis-
tortion range is V , i.e. 0 ≤ 
I ≤ V , according to Eq. (5),
we have

−V ≤ φ

t
− φ

t + 
t
≤ V . (15)
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Then

− V t2

φ + V t
≤ 
t ≤ V t2

φ − V t
. (16)

Thus, the quantitative step is determined as QR ∈
[− V t2

φ+V t ,
V t2

φ−V t ]. For a q-bit quantizer, the quantization step
is described as follows:

Qstep(t) = 1

2q
(

V t2

φ + V t
+ V t2

φ − V t
). (17)

So the quantization step at each ISI can be computed
according to Eq. (10). In this paper, we use a 6-bit (64 levels)
quantizer.

E. Rate Distortion Optimization and Entropy Coding

The rate distortion cost is J = Dsum +λR, where R denotes
the rate, Dsum denotes the sum of the intensity-based distance
between the reconstructed polyhedron and the corresponding
pixels in the original polyhedron, and λ is the Lagrange
multiplier. In order to achieve the optimal coding performance,
all prediction modes need to try to perform and compare the
cost, and select the mode with the minimum J to achieve the
balance between the bit rate and distortion.

In our framework, context based binary arithmetic coder
is used to efficiently code syntax elements such as motion
plane vectors, prediction residuals of spike rate, prediction
residuals of ISI and prediction residuals of the spatiotemporal
motion vector. Each syntax element needs to be binary to be
sent to the arithmetic coder. We adopt the following methods:
the prediction mode adopts the binary method of the unitary
truncation code; other syntax elements mentioned above are
binarized by the k-order exponential Golomb code.

F. Complexity Analysis

Assuming that the input number n = w × h × l, where
w and h are the camera resolution, l denotes the data length
(e.g. l = 40000 × 3.84 = 153600 when time length is 3.84s).
The major computations are from Inter-Polyhedron prediction,
which cost O(RSRT n), where RS and RT are the spatial
and temporal search ranges, respectively. If the search ranges
are set the same as the spike data size, the complexity is
O(n2). Other coding modes and methods in our framework
cost O(n). In total, the encoding process of our framework
costs O(RSRT n), and the complexity of the decoding process
is O(n).

V. EXPERIMENTS

A. PKU-Spike Dataset

In experiments, the PKU-Spike dataset is constructed and
utilized to evaluate the compression performance. Table IV
describes the details of the dataset. This dataset contains nine
sequences including two categories of normal speed motion
(Class A) and high speed motion (Class B) scenarios. Each
sequence is captured by the spike camera at 40,000 Hz with
a length of 3.84 seconds. Class A contains six sequences,
of which “office” and “gallery” are static scenes, “rolling”,
“wavehand”, “street” and “bus-station” are normal speed

TABLE IV

DESCRIPTION OF PKU-SPIKE DATASET

scenes in daily life. Class B includes “fork”, “disk-pku” and
“rotation”. Among them, “fork” depicts the tuning fork vibra-
tion with the vibration frequency of 128 Hz. The sequence
“rotation” describes a disk with 2000 rpm (revolutions per
minute), while the sequences “disk-pku” depicts a hard drive
disk with 7200 rpm.

B. Compression Performance Evaluation

As we discussed above, there are 64 levels with the quanti-
zation parameter (QP) from 1 to 64 in the codec. The exper-
iments were performed on all sequences of the PKU-Spike
dataset. In experiments, the number of spike macro cuboid are
divided according to N × N pixels (N = 2 in our experiment),
and the motion planes are estimated according to the ISI
distribution of each spike macro cuboid. For the parameters
of the ISI segmenting algorithm, we set δ = 0.5 × Q P/64
and ε = 1. The search ranges of motion estimation in the
spatiotemporal domain were set to RS = 2 and RT = 2048,
respectively.

The experimental results are shown in Table V and VI. The
compression ratio and the distance increase while setting a
larger QP. Compared with the raw data, the compression ratio
of “office”, “gallery” and “ in Class A increases from the
lowest 39.41, 585.99 and 9.10 times to the highest 4147.34,
1053.68 and 859.69 times respectively. On the other hand,
due to the scenes and their motion characteristics are more
complex, the division of motion plane is more complicated
in “wavehand”, “street” and “bus-station”. In the above three
sequences, the highest compression ratio are 142.37, 486.86
and 168.38 times, respectively. For Class B, in “fork”, although
the frequency of fork vibration is high, the vibration area is
quite small, thus the static region of fork is greatly compressed.
The compression ratio of “fork” is from 22.09 to 435.20 times.
“disk-pku” is the scene with the fastest moving object and
the largest motion region in the whole dataset. Its overall
compression ratio is relatively low, ranging from 8.44 to
128.07 times. The motion speed recorded in “rotation” is
second only to “disk-pku”, and its compression ratio reaches
138.99 times.

Fig. 16 shows the distortion evaluation. Both the proposed
intensity-based distance and the kernel-based distance are
utilized to measure the distortion. With the increase of the
compression ratio, the intensity-based distance and the kernel-
based distance of each sequence increase gradually compared
with the raw data. However, in some sequences, such as
“street” and “gallery”, the kernel-based distance may not
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Fig. 16. The distortion evaluation using the intensity-based distance and the kernel-based distance.

Fig. 17. The measure of reconstructed images via PSNR and SSIM.

TABLE V

COMPRESSION PERFORMANCE OF PROPOSED CODING METHOD USING DIFFERENT QPS (R AND D ARE SHORT FOR

COMPRESSION RATIO AND THE INTENSITY-BASED DISTANCE, RESPECTIVELY)

clearly recognize the distortions. This is because the kernel
method cannot estimate the distortion of the spike data cor-
rectly, as analyzed in Section III.

C. Visual Quality Evaluation

In conventional video coding, the compression performance
is intuitively evaluated by the quality of the decoded image.
Inspired by this, the spike data can be evaluated in the same
way. For the spike data, the visual texture can be reconstructed
by the ISI distribution. The TFI (texture from inter-spike
interval, TFI) method [15] is able to efficiently reconstruct
both high-speed motion and stationary scenes. In the exper-
iment, we reconstruct 1,000 images using the TFI method
from both the raw data and the decoded data. Two commonly
used metrics are introduced to evaluate the quality of visual

reconstruction, namely the peak signal to noise ratio (PSNR)
and the structural similarity index (SSIM) [42]. The results of
the two metrics are shown in Fig. 17.

Fig. 18 shows the reconstructed images with QP = 4,
20, 44 (gamma correction parameter γ = 3.5). We can
observe that the perceptual quality of the reconstructed
image decreases continuously with the increase of QP. This
is consistent with the objective quality evaluation results
in Fig. 17. With a small QP, the fidelity of the spikes
of both high-speed and static regions are well maintained.
While with a large QP, the static region has obvious dis-
tortion, while the edges of the moving object are relatively
clear. In conclusion, more precise motion characteristics are
described by introducing the proposed adaptive polyhedron
partitioning.
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Fig. 18. Comparison of the reconstructed images using different Qp. The first row and second row denote the reconstructed image and the error image (the
difference between the reconstructed images of the decoded data and the original data), respectively. (a) and (b) are from Class A, while (c) and (d) are from
Class B. For better viewing, the error images of (a) - (d) are multiplied by factors 15, 15, 5, and 5, respectively.

Fig. 19. The effect of the polyhedron-based prediction and pixel segment-based prediction.

TABLE VI

COMPRESSION PERFORMANCE OF PROPOSED CODING METHOD USING

DIFFERENT QPS (R AND D ARE SHORT FOR COMPRESSION RATIO AND
THE INTENSITY-BASED DISTANCE, RESPECTIVELY)

D. Effect of the Polyhedron-Based Prediction

Our spike coding framework aims to compress the spike
data efficiently while preserving motion characteristics. The
key part of our method is the polyhedron-based prediction,
since the adaptive polyhedron partitioning and multiple well-
designed prediction modes ensure the accurate coding of
motion characteristics.

To demonstrate the effectiveness of the polyhedron-
based prediction, we conduct an ablation experiment: The
polyhedron-based prediction is replaced by the pixel segment-
based prediction as our previous work [18] proposed.

The effect of the polyhedron-based prediction and pixel
segment-based prediction is shown is Fig. 19. Since the
pixel segment-based prediction does not consider the spatial
structure of the moving object, and each segment had to be
predicted separately, the storage of motion vectors is expensive
thus affects the coding performance. For the polyhedron-based
prediction, the motion vectors of a polyhedron can be predicted
together which improves the coding efficiency. Meanwhile,
the motion prediction is more accurate because the motion
characteristics in the spatiotemporal domain are considered
simultaneously. Thus, the compression ratio of our framework
based on polyhedron-based prediction is much higher than that
based on pixel segment-based prediction at the same distance.

Moreover, to demonstrate the motion preserving perfor-
mance of our framework, we give qualitative results of two
high-speed sequences “rotation” and “disk-pku” in Fig. 20.
With the same compression ratio, the intensity-based distance,
PSNR, SSIM of polyhedron-based prediction are better than
those of pixel segment-based prediction.

E. Effect of the Multi-Layer Quantization

To analyze the effect of multi-layer quantification, we con-
duct an experiment on “bus-station” from Class A and “disk-
pku” from Class B. In uniform quantization, the step size
ranges from 1 to 20. As analyzed in Section III, compared

Authorized licensed use limited to: Peking University. Downloaded on January 13,2022 at 05:49:32 UTC from IEEE Xplore.  Restrictions apply. 



ZHU et al.: HYBRID CODING OF SPATIOTEMPORAL SPIKE DATA FOR A BIO-INSPIRED CAMERA 2849

Fig. 20. Motion preserving performance of our framework with polyhedron-
based prediction.

Fig. 21. The difference of the multi-layer quantization and uniform
quantization.

with large ISI, quantization of small ISI has a greater impact
on intensity-based distance. With the uniform quantization,
residuals of smaller ISI have the same chance to be quantified
as those of larger ISI. In practice, this often leads to larger
distances. Different from the uniform one, the multi-layer
quantization considers the light intensity corresponding to ISI,
which can better retain important information of spike data.
As shown in Fig. 21, for the same distance, our framework
with multi-layer quantization achieves better performance.

F. Comparison With Standard Video Codec

The standard video coding technology represented by H.264
and H.265 has been very successful. Since the spike data can
be converted into high temporal resolution video, we would
like to know how the compression performance is if we use
the standard video coding technology to compress the spike
data converted video.

To compare with standard video coding, we first convert
1,000 reconstructed images to a YUV 420 format video,4 then
use the H.264/AVC reference software JM19.05 with main
profile6 to encode. The input of our method is the spike data,
and the setting is the same as the previous experiment.

4Since the reconstructed image is a single channel, the values in U and V
channels are constants when converted to YUV format. In this case, the color
information makes little effect on the compression efficiency of H.264.

5http://iphome.hhi.de/suehring/tml/download/
6The detailed setting is: IntraPeriod = 32, QP = 22,27,32,37, SearchRange

= 32, NumberReferenceFrames = 5.

Fig. 22. The comparison of our framework with H.264. (a) Compression as
functions of PSNR. (b) Compression as functions of intensity-based distance.
(c) The ISI distribution of raw data, the decoded data of our method and the
decoded data of H.264.

The experiment is conducted on “gallery” from Class A
and “rotation” on Class B. As shown in Fig. 22(a), for the
static scene “gallery”, our method has a large compression
ratio when PSNR is low. With the increase of PSNR, H.264
has a higher compression ratio. For the high-speed sequence
“rotation”, the compression ratio of H.264 is much higher than
ours. However, if we convert the images back into spike data,7

we find that although the compression ratio of H.264 is large,
its light intensity distance is also very large which means more
distortion. This is because some information (e.g. the firing
time of the spike) is lost when the spike data converted into
the image.

Fig. 22(c) shows the ISI distribution of the raw spike data,
the decoded spike data by our method, and the recovered spike
data from the results of H.264. For fair comparison, the results
of the two methods have a similar compression ratio (r =
24.29 and d = 33.29 for our method, and r = 28.06 and d =
112.16 for H.264). We select three representative locations in
“rotation”, includes both motion and static region. The results
show that most of the time-domain motion features in H.264

7Since the firing time of the spike is lost when the image is reconstructed,
we use the spike firing time of raw spike data as reference to recover the spike
data. For example, if a spike train in raw data is “10001”, according to [15], the
reconstructed gray values I should be “85,85,85,85” when φ = 256 (I = φ/t).
If gray values of the decoded images are “100,95,100,95”, then the ISI can
be calculated by t = φ/ Ī = 2.6. By rounding, t = 3, thus the recovered spike
is “10001”.
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results are lost, while our method is able to preserve precise
motion characteristics.

G. Discussion

The challenge of spike coding is to effectively compress the
scene of high-speed moving objects. In other words, the key
of our coding algorithm is to keep the motion characteristics
while eliminating spatiotemporal correlation. In this paper,
we demonstrate the effectiveness of motion characteristics
preservation by evaluating the visual quality of reconstructed
images and the intensity-based distance.

In fact, due to its high temporal resolution and complete
light intensity recording, spike camera is very suitable for
many high-speed applications, such as object detection, recog-
nition and tracking. We believe that the spike camera will
create its own niche in automatic driving, surveillance, and
other high-speed system. Therefore, the goal of our algorithm
is not only to preserve the quality of the reconstructed image,
but also to apply to more high-speed visual tasks because the
motion characteristics are preserved.

VI. CONCLUSION

In this paper, in order to meet the challenges of spike data
transmission and storage, we aim at compressing the totally
new spike data (from the spike camera) while preserving the
high-speed motion fidelity. To quantitatively distinguish dif-
ferent spike trains, an intensity-based spike train distance was
proposed according to the sampling mechanism of the spike
camera. We comprehensively discussed the spatiotemporal dis-
tribution of the spike data and provided an adaptive polyhedron
partitioning method for different motion regions. On the basis
of motion characteristics of the spike data, a unified lossy cod-
ing framework is designed, comprising intra-/inter-polyhedron
prediction with spike-time and spike-rate modes, transform
and multi-layer quantization. The compression performance
of the proposed coding framework is evaluated on the PKU-
Spike dataset. Experimental results indicate that the proposed
approach gives an effective solution to compress the spike
data in both “Normal-speed” and “High-speed” scenarios.
Meanwhile, the fidelity is largely maintained especially for
high-speed motion, even at high compression ratios.
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