
60 IEEE INTERNET OF THINGS JOURNAL, VOL. 6, NO. 1, FEBRUARY 2019

Spike Coding for Dynamic Vision Sensor
in Intelligent Driving
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Abstract—Dynamic vision sensor (DVS) as a bio-inspired
camera, has shown great advantages in wide dynamic range
and high temporal resolution imaging in contrast to conventional
frame-based cameras. Its ability to capture high speed moving
objects enables fast and accurate detection which plays a signif-
icant role in the emerging intelligent driving applications. The
pixels in DVS independently respond to the luminance changes
with output spikes. Thus, the spike stream conveying the x-, y-
addresses, the firing time, and the polarity (ON/OFF), is quite
different from conventional video frames. How to compress this
kind of new data for efficient transmission and storage remains a
big challenge, especially for on-board detection, monitoring and
recording. To address this challenge, this paper first analyzes
the spike firing mechanism and the spatiotemporal characteris-
tics of the spike data, then introduces a cube-based spike coding
framework for DVS. In the framework, an octree-based structure
is proposed to adaptively partition the spike stream into cod-
ing cubes in both spatial and temporal dimensions, then several
prediction modes are designed to exploit the spatial and temporal
characteristics of spikes for compression, including address-prior
mode and time-prior mode. To explore more flexibility, the
intercube prediction is discussed extensively involving motion
estimation and motion compensation. Finally, the experimental
results demonstrate that our approach achieves an impressive
coding performance with the average compression ratio of 2.6536
against the raw spike data, which is much higher than the results
of conventional lossless coding algorithms.

Index Terms—Dynamic vision sensor (DVS), intelligent driving,
measurement of spike train distance, spike coding.

I. INTRODUCTION

INTELLIGENT driving is gaining more and more attention
in recent years. By integrating various emerging sensors

and novel algorithms, the intelligent vehicles have a high
potential to change the way we move. One of the essential
components might be the on-board camera. Technologically,
conventional cameras capture and store videos in the form
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of frames. Each frame, shot in a fixed period, carries the
visual information from all the pixels regardless of the change
of the luminance intensity. This kind of imaging mechanism
brings a large amount of redundancies and presents a big chal-
lenge for bandwidth and storage. More importantly, a typical
30 frames/s camera may miss some vital information occurred
within two successive frames as each frame is captured and
processed in a maximum of 33 ms. In this case, conven-
tional cameras do not meet the requirements perfectly for rapid
analysis or real-time monitoring in autonomous driving appli-
cations. As a kind of bio-inspired approaches, the dynamic
vision sensor (DVS) is capable of fast detection of moving
objects, enabling automatic emergency braking and adaptive
sensing in rapidly changing light conditions [1]. In DVS, the
pixels independently respond to the luminance change with
asynchronously output spikes by mimicking the neural archi-
tectures present in biologic nervous systems [2]. It has a strong
resistance to artifacts from flickering light sources such as
the LED traffic signs and car taillights owing to its high
dynamic range and high temporal resolution [3]. Therefore, it
is expected that DVS has a significant impact on rapid analysis
or real-time monitoring for intelligent driving applications.

Although some enhanced DVS devices [4]–[7], such as
the dynamic and active-pixel vision sensor (DAVIS) and
the asynchronous time-based image sensor, choose different
ways to signify the intensity with extra circuits, a typical
DVS sensor focuses on the luminance change and does not
acquire the absolute intensity for imaging in the conven-
tional sense (shown in Fig. 1). The common characteristics
of a typical DVS sensor can be summarized as follows. The
pixels are sensitive to the scene dynamics and respond to
the temporal luminance changes with spikes (or events) fir-
ing independently. Besides, the address-event representation
(AER) protocol [8] is utilized to output the spikes. Moreover,
the photoreceptor circuit of the pixel converts the photocur-
rent logarithmically to the voltage for a wide dynamic range.
Generally, a spike consists of four essential elements, namely
the x-, y-addresses, the firing time (timestamp), and the polar-
ity which can be described by a tuple <x, y, t, p>. The first
three elements comprise the spike location in three dimensions
and the last one indicates the luminance change.

The brand new spike data is quite different from conven-
tional frame-based video sequences. A spike occurs when the
luminance change exceeds a predetermined threshold. As a
consequence, the spike data is sparse in spatial and discrete in
temporal. With the AER protocol, DVSs can be built with a
rather high time resolution of 1 μs (DAVIS 240C and DAVIS
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Fig. 1. DVS image from the DDD17 dataset (50 000 spikes are collected
and mapped onto a 2-D image in which white pixels stand for ON and black
for OFF).

346B). The timestamp of each spike consumes the most bits.
For example, in DAVIS 346B, the timestamp in represented
with 32 bits while a spike is measured by 64 bits. Besides, the
spatial resolution is limited by the output bandwidth because
of the bit cost of the x- and y-addresses. Regarding to on-board
DVS devices in intelligent vehicles, the data storage and trans-
mission bandwidth are not infinite in practical. Furthermore,
the collaboration of multiple vehicles forming an Internet of
Intelligent Vehicles also requires real-time data sharing and
feedback [9]. Thus, the compression for the spike data of DVS
is a big challenge demanding prompt solutions.

In the remainder of this paper, we would like to review the
conventional video coding techniques and the spike coding in
the field of neural computation, as well as the measures of
the difference between two spike trains (all the spikes fired
from a certain neuron comprise a spike train), which are in
Section II. In Section III, we investigate the characteristics
of the spike data in spatial-temporal. Based on the analysis, a
cube-based spike coding framework is proposed to achieve the
compression of the DVS spikes in greater detail in Section IV.
To evaluate the compression performance, in Section V, the
coding experiments are conducted on a public driving dataset
DAVIS Driving Dataset (DDD17) and the performance eval-
uation is demonstrated. Finally, we conclude this paper in
Section VI.

A preliminary version of this paper has been published
in DCC 2018 as an oral paper [10]. The main extensions
include a deep analysis on spatial correlations of the spike data
utilizing the kernel method for spike train distance measure-
ment, an octree-based cube structure to adaptively partition
the spike stream, a more flexible intercube prediction method
with motion estimation and motion compensation, and more
extensive experiments on the DDD17 dataset.

II. RELATED WORKS

In this section, we review the representative research works
in conventional video coding, spike coding in neural computa-
tion and measurement of spike train distance. These pioneering
explorations by the predecessors give us lots of inspiration to
address the problem of spike coding.

A. Conventional Video Coding Techniques

Conventional video coding technologies have been
researched and developed in about four decades, leading

to several major standards including MPEG-2, MPEG-4
AVC/H.264, MPEG-HEVC/H.265, AVS, AVS2 and VP9,
etc. [11]–[16]. Among them, the block-based hybrid cod-
ing framework including intra-/inter-prediction, transform,
quantization and entropy coding has efficiently reduced the
redundancies in the video data. Since the video frames
are captured at a fixed rate, the successive frames are
quite similar. The interprediction technique uses previous
coded frames to predict current frame, which significantly
removes the temporal correlations between the frames in a
video sequence. On the other hand, in a specific frame, the
spatial redundancy is able to be exploited by referencing
neighboring pixels as a prediction for the pixels in a block.
The residual which represents the pixel differences between
the prediction and the original block can be transformed to
the frequency domain and further be quantized. To lower the
statistical redundancy of the symbols, an entropy encoder
is essential by representing the high frequency symbols
with shorter codes and low frequency symbols with longer
codes [15].

As a totally different representation for motion, DVS has
dropped the concept of “frame.” Much more interesting, the
spike firing mechanism has natively excluded most of the tem-
poral correlations. A DVS spike is emitted only if the intensity
change is significant enough (determined by a threshold),
which means the intensity at the present moment is much
different from that at the last spike firing time. Hence, it is
not feasible to straightforwardly apply the conventional video
coding techniques to the spike coding for DVS. Some new
coding strategies are required to address the challenge.

B. Spike Coding in Neural Computation

The spike firing mechanism in DVS is inspired from the dis-
charge activity of neurons. There are a number of researchers
trying to estimate the entropy or the coding capacity of the
spike train in the field of neural computation. Mackay and
McCulloch [17] initially applied entropies into neural cod-
ing regarding the spikes as binary strings. Strong et al. [18]
proposed the “direct method” in which the spike train is
discretized into binary words with a particular letter size.
However, it is not always clear how to determine the tem-
poral resolution at which a spike train should be discretized.
It is known as the binning problem. To solve this, the works
proposed in [19] and [20] indicate that the interspike interval
can be modeled by a suitable probability density function. The
entropy can be estimated via numeric methods at any desired
temporal resolution.

These works in the field of neural computation might help
us comprehend the characteristics of spike timings and reveal
the temporal correlations of the spike train. Nevertheless, the
spike data of DVS is generated from an array of pixels. Not
only the temporal correlation, but the spatial redundancy also
need to be analyzed.

C. Measurement of Spike Train Distance

In conventional image or video processing, the peak
signal-to-noise ratio (PSNR) is widely used as the objective
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assessment method, which is defined using the mean square
error (MSE) [21]

MSE(F, G) = 1

mn

m−1∑

i=0

n−1∑

j=0

[
F(i, j) − G(i, j)

]2 (1)

PSNR(F, G) = 10 · log10

(
MAX(F)2

MSE(F, G)

)
. (2)

Here, F and G denote the estimator and what is estimated,
respectively, and MAX(F) means the maximum value of F.
One may question about the utilization of PSNR in the spike
domain. As we discussed before, the spike data is a new kind
of high-dimensional data which is unlike conventional images.
A spike contains not only the x-, y-addresses, but also the firing
time and the polarity. Two spike trains may contain different
numbers of spikes in the same period of time. Moreover, it is
difficult to find the corresponding spikes to calculate their MSE
due to their asynchronous occurrences. From this perspective,
we should find new heuristic methods to measure the distance
between two spike trains.

A trivial method to measure the distance between two spike
trains is to map the spike trains into a finite and fixed dimen-
sional vector space R

m and utilize the Euclidean distance:
∀x, y ∈ R

m, ‖x−y‖2 = (x−y)T ·(x−y). So the binary represen-
tation of each spike train is obtained by dividing the time axis
into discrete bins of width �t. This method is straightforward
and can be easily used in conventional neural coding analysis,
but it is difficult to determine a proper temporal precision of
�t. And this representation is lossy, because different spike
trains might be mapped into a same binned representation,
while similar spike trains can also be mapped to different
binary representations. It is known as the binning problem.
To avoid this and preserve as much of information as possi-
ble, van Rossum [22] proposed a kernel method-based spike
train distance in which the spike trains are transformed into
continuous functions via an exponential kernel. Furthermore,
Paiva et al. [23] introduced a reproducing kernel Hilbert space
(RKHS) framework for spike trains. By mapping spike trains
to the RKHS, the limitation of binning is removed. Moreover,
the linearity and the inner product of the space make it pos-
sible to extend the scope of a number of signal processing
algorithms to encompass the spike domain [24]. Briefly, given
input space data X and a positive definite kernel κ , the input
sample x ∈ X is mapped to RKHS as the function κ(x, ·).
The inner product of the RKHS functions of two samples x
and y can be described as: 〈x, y〉 = κ(x, y), which enables the
measure of the spike train distance.

These inspiring works give us a bright hint to analyze and
exploit the correlations of the spike data in both temporal and
spatial, which is to be discussed in the next section.

III. CHARACTERISTICS OF THE SPIKE DATA

A. Firing Mechanism of DVS Spikes

In this section, we will look into the spike firing mechanism
of DVS from the microscopic analysis. The photoreceptor
in the pixel captures the light and logarithmically converts
the photocurrent into a voltage output [4]. A spike is fired

when the difference of the luminance intensities (measured by
voltage) reaches a predefined threshold φ

| log Iph − log I′
ph| > φ (3)

where Iph and I′
ph denote the photocurrent at the present

moment t and at the moment t′ when the last spike was elicited
in the same pixel, respectively. In order to analyze the spike
generation, we should look into the luminance intensity, which
is often considered to be proportional to the number of the
recorded photons R(t, δ) during the time interval (t, t + δ].
Also, we define N(t, δ) as the number of photons arriving dur-
ing the same time interval (t, t + δ]. It is generally assumed
that N(t, δ) is a homogeneous Poisson process in which the
photon arrival rate λ is constant in a short period of time.
Thus, the probability of n photon arrivals in any time interval
of length δ is given by

Pr{N(t, δ) = n} = e−λδ (λδ)n

n!
. (4)

In ideal circumstances, all of the photon arrivals can be
recorded in the photoreceptor, i.e., R(t, δ) = N(t, δ). However,
considering the presence of the dead time between two con-
secutive photon arrival events, if the former event is recorded
at t, any latter event arriving during the time interval (t, t + τ ]
will not be recorded, where τ (usually τ < δ) is the length of
the dead time. Hence, R(t, δ) is non-Poisson distributed [25].

As N(t, δ) is a Poisson process, the time difference Y of
two consecutive photon arrivals, also known as interarrival, is
exponentially distributed with mean 1/λ. With the presence
of the dead time τ , the time difference of two consecutive
recorded photon arrivals Yε can be described as a shifted
exponential distribution with mean τ + 1/λ

Yε = Y + τ. (5)

And the corresponding probability density function of Yε

starting at τ would be as follows. yε is a possible value of Yε

f (yε) =
{

λe−λ(yε−τ), yε ≥ τ

0, yε < τ.
(6)

From the above, though R(t, δ) is a non-Poisson pro-
cess, it can be modeled as a renewal process, in which
the interarrival intervals are positive, independent and iden-
tically distributed random variables. In this case, the intervals
between one recorded photon and the next are independent
and shifted exponential distributed. Thus, the photoreceptor
returns to a state probabilistically equivalent to the starting
state over at each recorded photon arrival epoch. Because of
the renewal property, each photon record can be regarded as
a renewal ε [26].

Therefore, we can derive the probability density of R(t, δ).
Since the expression of at least n photon arrivals recorded in
(t, t+δ], is equivalent to that the time interval wn of n recorded
photon arrivals is no longer than t, we have

Pr{R(t, δ) = n} = Pr{R(t, δ) ≥ n} − Pr{R(t, δ) ≥ n + 1}

= Pr

{
n∑

i=1

yε ≤ δ

}
− Pr

{
n+1∑

i=1

yε ≤ δ

}

= Pr{wn ≤ δ} − Pr{wn+1 ≤ δ} (7)
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Fig. 2. Histogram of the values of a certain pixel (in blue), the fitted density
function R(t, δ) (red line), and the approximate normal distribution (green
line).

where wn = ∑n
i=1 yε denotes the time interval of n recorded

photon arrivals. It is easy to derive that wn is generalized
gamma distributed with parameters λ, n, and τ

f (wn; λ, n, τ ) = (wn − nτ)n−1

	(n)
λne−λ(wn−nτ), wn ≥ nτ.

(8)

Thus, we have

Pr{R(t, δ) = n} = Fn(δ) − Fn+1(δ)

= γ (n, λ(δ − nτ))

	(n)

− γ (n + 1, λ(δ − nτ − τ))

	(n + 1)
(9)

where Fn(·) and γ (·) denote the cumulative distribution
function of wn, and the lower incomplete gamma function,
respectively.

We use a video captured by a high speed camera to validate
our model. Since the pictures are shot within a short period of
time, the photon arrival rate λ is assumed constant. The values
of a certain pixel is able to represent the luminance intensity
(proportional to recorded photon arrivals R(t, δ) during (t, t+δ]
where t is the starting time of each shot, and δ here is the
exposure time. We plot the histogram of the values of a certain
pixel, and fit the density function R(t, δ). Fig. 2 shows R(t, δ)
well fits the histogram.

Due to τ � δ in practical applications, R(t, δ) is approxi-
mately normal distributed with mean E[R(t, δ)] and variance
Var[R(t, δ)]. Fig. 2 shows that the approximate normal distri-
bution also fits the pixel value histogram well

E[R(t, δ)] ∼ λδ

λτ + 1
, Var[R(t, δ)] ∼ λδ

(λτ + 1)3
. (10)

Once R(t, δ) is approximately normal distributed, (3) can be
rewritten as

| log
Iph

I′
ph

| = | log
R(t, δ)

R(t′, δ)
| = | log Z

(
t, t′, δ

)| > φ (11)

where Z is the ratio of two independent normal random
variables R(t, δ) and R(t′, δ).

Fig. 3. Distribution of log Z. Green line: when R(t, δ) and R(t′, δ) are approx-
imately identically distributed. Red and blue lines: when R(t, δ) and R(t′, δ)
have different probability densities. φ: the spike firing threshold in DVS.

The ratio Z can be linearly transformed as follows [27]:

Z ∼
√

λδ(1 + λτ) + x√
λ′δ(1 + λ′τ) + y

(12)

where x and y are independent standard normal random vari-
ables, and the photon arrival rate λ and λ′ are assumed to be
constant during (t, t + δ] and (t′, t′ + δ), respectively.

Since (12) is quite complicated, we focus on qualitative
analysis of the density distribution, such as the shape of the
density of Z which, to a certain extent, determines the gener-
ation of spike in DVS. Z has either a unimodal or a bimodal
density. For many practical situations, the densities which are
theoretically bimodal, can be approximate to unimodal [27].
Considering the monotonically increasing of the logarithm
function, the density shape of log Z is similar to that of Z.

After a spike was just elicited at the moment t′, R(t, δ) is
similar to R(t′, δ), log Z is approximately symmetric around
the ordinate origin (the green line in Fig. 3), which indicates
the probability of firing a new spike Pr{| log Z(t, t′, δ)| > φ}
is infinitesimal. With time goes by, the difference between
R(t, δ) and R(t′, δ) becomes significant. As a consequence, the
changed distribution of log Z (the red or the blue line in Fig. 3),
is more likely to satisfy the spike firing condition. Once a new
spike is fired, t′ is reassigned and the time distance between
t and t′ returns to be close, then the variation of log Z starts
again from scratch.

Above all, for a certain pixel, only when the probability
density is significantly changes, a spike is elicited. The spike
generation mechanism of DVS has taken advantage of reduc-
ing most of temporal redundancies. If the luminance intensity
is stably changing, such as in linear increasing or decreas-
ing, the time intervals between consecutive spikes at the same
pixel appear to be nearly equal, which may induce temporal
correlations.

B. Spatial Distribution of the Spike Data

On the basis of several previous outstanding works
like [23] and [24] reviewed in Section II, it is instruc-
tive to map spike trains into an RKHS as continuous-time
functions which incorporate a statistical description of spike
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trains. A DVS spike train with N spike firing times {ti ∈
T |i = 1, 2, . . . , N} can be described by a sum of Dirac delta
functions

s(t) =
∑

i

piδ(t − ti) (13)

where pi = ±1 refers to the polarity of “ON” or “OFF.”
The Dirac delta function has the following property δ(t) ={

0, t �= 0

∞, t = 0
, with

∫
δ(t)dt = 1.

With a smoothing function h(t), we use the convolution to
convert the DVS spike train to a continuous function

fs = s ∗ h =
∑

i

pih(t − ti) (14)

which is square-integrable, i.e., fs ∈ L2(T ). In L2(T ) which
is a Hilbert space, the inner product can be defined as

〈f , g〉 =
∫

T
f (t)g(t)dt ∀f , g ∈ L2(T ). (15)

Hence, the kernel function of two spike trains s1 and s2, i.e.,
the inner product of fs1 and fs2 is

κ(s1, s2) = 〈fs1 , fs2〉 =
∫

T
fs1 fs2dt

=
∑

i,j

p(s1)
i p(s2)

j

∫

T
h
(

t − t(s1)
i

)
h
(

t − t(s2)
j

)
dt.

(16)

The existence of RKHS is guaranteed when kernel κ is
symmetric and positive definite.

We choose the Gaussian function as the smoothing function
h(t) = e−[t2/(2σ 2)], thus,

κ(s1, s2) =
∑

i,j

p(s1)
i p(s2)

j e

(
t
(s1)
i −t

(s2)
j

)2

2σ2 . (17)

Then, we have the distance between two spike trains s1 and s2

‖fs1 − fs2‖2 = 〈fs1 − fs2 , fs1 − fs2〉
= 〈fs1 , fs1〉 + 〈fs2 , fs2〉 − 2〈fs1 , fs2〉. (18)

In DVS, the pixels are arranged in a grid-like array.
Intuitively, the adjacent pixels receive almost the same lumi-
nance intensities simultaneously. Based on the spike train
distance measurement discussed above, we are able to analyze
the spatial correlations of the spike data.

First, an arbitrary pixel is chosen as the start pixel, such
as the orange one in Fig. 4. Then the distance between the
spike train at the start pixel and all the other pixels’ spike
trains are measured in clockwise order, respectively, (shown in
Fig. 4). Here, using clockwise order or counterclockwise order
is equivalent. Thus, we could get the trend of the distance
depicted in Fig. 5. The vertical axis refers to the distance
variation, while the horizontal axis indicates the offset to the
start pixel. Different color lines represent different start pixels.
It is quite clear that adjacent pixels in spatial have closer spike
train distances, which verifies our hypothesis on the spatial
correlations of the spike trains.

Fig. 4. Measure the spike train distances between a start pixel and all the
other pixels in clockwise order. The orange one refers to the start pixel. In
practical, any pixel in the array can be selected as the start pixel.

(a) (b)

Fig. 5. Trends of spike train distance at different start pixels on two DVS
spike sequences from DDD17. x-axis: the offset to the start pixel. y-axis: the
spike train distances. Color-lines: different start pixels.

C. Correlation of Spike Polarities

In DVS, the spike polarity indicates the luminance change,
while ON means luminance increase and OFF means
decrease [4]. In general, the luminance intensity is not com-
pletely randomly changing, but continuously varying. We
computed conditional entropy H(pi|pi−1, . . . , pi−k) of the
polarities of consecutive spikes, in which pi refers to the
polarity of current spike and {pi−1, . . . , pi−k} refer to those
of previously fired spikes. For this purpose, we selected four
DVS sequences from the DDD17 dataset, and compared the
conditional entropies of polarity within cubes when k = 0, 1,
and 2 (illustrated in Fig. 6). Each cube here has a spatial size of
346×260 and a time length of 100 000 μs. The statistics show
that when k = 0 the entropy H(pi) is largest indicating worst
compression ratio. In contrast, the entropy H(pi|pi−1, pi−2)

when k = 2 is better than that H(pi|pi−1) with k = 1. However,
the difference is quite small. Thus, for simplicity, the encoding
of the spike polarity exploits the previous spike polarity as the
context for the current one (i.e., k = 1). Based on the above,
we will design several strategies and concentrate on removing
the redundancies in the next section.

IV. SPIKE CODING FRAMEWORK

To exploit the spatiotemporal redundancies analyzed in
Section III, a cube-based spike coding framework is proposed
which proceed as follows (Fig. 7). First, the DVS spike stream
is partitioned into multiple coding tree cubes (CT-Cubes), each
of which can be further split into small coding cubes based
on an octree structure. Each coding cube is encoded as a
basic unit. After the adaptive cube partitioning, the coding
cubes can be either spatially dense or sparse according to
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Fig. 6. Conditional entropy of polarity (k = 0, 1, and 2).

Fig. 7. Cube-based spike coding framework.

the objects’ motion. Hence they are classified into spatial-
centralized or spatial-decentralized coding cubes, respectively.
To better exploit the redundancies, a couple of prediction
modes are designed including address-prior (AP) mode and
time-prior (TP) mode. Finally, the prediction residuals, along
with all the other syntax elements are fed into an adaptive
context-based entropy coder. We describe these modes in more
details in the following sections.

A. Octree-Based Cube Partitioning

In practical, the spike numbers are highly volatile in the
fixed time period, associating with the luminance change and
objects’ motion. To smooth the fluctuation, the basic coding
units shall be adaptively allocated with approximately equal
number of spikes.

At the first stage, the DVS spike stream is partitioned into
multiple CT-Cubes, each of which has a spatial resolution of
wc × hc and a temporal length lc (in Fig. 8). Each CT-Cube is
the root of an octree. Starting from the root, if the total number
of the spikes in each node exceeds a predefined threshold, the
CT-Cube shall be equally split into small coding cubes using
an octree structure in both spatial and temporal domain (shown
in Fig. 9). In spatial, the CT-Cube can be split into four small
coding cubes with the same sizes, while in temporal it can be
further divided into two small ones. All the coding cubes in the
octree are associated with specific syntax elements, e.g., split
flags (identifying whether current coding cube is about to be
split) or the motion information (indicating whether intra- or
inter-cube perdition are used). The octree splitting process can
be iterated until the maximum depth of a branch is reached
or the rate-distortion optimization of current node is in an

Fig. 8. Spike stream is partitioned into multiple CT-Cubes.

Fig. 9. CT-Cube is split into small coding cubes as basic coding units.

optimal state compared to those in a greater depth. The leaf
coding cubes, i.e., the leaves of the octree, make up the final
shape of a CT-Cube [like the blue CT-Cube in Fig. 9(right)].

B. Intracube Prediction

Intracube prediction exploits the correlation of the spikes
within a coding cube which does not reference other cod-
ing cubes. The spike distribution in spatial can be classified
into two types: spatial-centralized and spatial-decentralized.
Objects’ movements usually lead to a number of adjacent
pixels to elicit spikes (spatial-centralized). Moreover, the
luminance variation would cause spike firing globally (spatial-
decentralized). Thus, TP mode and AP mode are designed for
these two types, respectively. Each mode will be tried and the
best one with minimum rate cost is chosen.

1) Address-Prior Mode: AP mode is designed for the
spatial-decentralized coding cubes. By projecting all the spikes
in a coding cube to the xy plane [28], a location histogram is
depicted. We represent the location histogram using location
histogram map and location histogram counts. The former is
a binary map indicating whether the spikes exist or not, while
the latter records the number of spikes at each pixel.

Similar to the location histogram map coding in [28], we
code the blocks utilizing a context-based arithmetic coder and
use the information of coded blocks in neighborhood as refer-
ences to adaptively update the context. The nonempty blocks
of the location histogram counts are encoded as individual
symbols.

In general, the luminance changes smoothly. The time
intervals between consecutive spikes for a certain pixel show
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Fig. 10. Location histogram map (orange blocks refer to nonempty blocks)
and the location histogram counts.

Fig. 11. Motion vectors of the spikes to the center and the differences of
timestamps are encoded in TP mode.

the temporal relevance which can be used to predict the occur-
ring time of the subsequent spike. In this way, the timestamps
of the spikes fired at each pixel are differentially coded one
after another (shown in Fig. 10). Besides, according to the
analysis in Section III, the polarity of current spike is encoded
using that of the previous spike in the same spike train as the
context.

2) Time-Prior Mode: To code the spatial-centralized coding
cubes, TP mode is an appropriate solution. We first find a
center point (x∗

c , y∗
c) and project all the other spikes to its

time axis which appears to be a timeline. The center point is
determined by

x∗
c , y∗

c = arg min
xc,yc

|xi − xc| + |yi − yc| (19)

where (xi, yi) denotes the spike address in spatial.
As the spikes are centralized in spatial, the offsets of the

spatial location (xi, yi) to the center point (x∗
c , y∗

c) form a
motion vector (�xi,�yi) which is fed to the entropy coder.
The timestamps of the spikes in the center point’s timeline
also use differential encoding like that in AP mode (shown in
Fig. 11). Meanwhile, the encoding of the spike polarity utilizes
the previous one in the timeline as the context.

C. Discussion

In conventional video coding framework, a key technique
is interframe coding which exploits the temporal correlations
between consecutive frames. Inspired by this, we will explore
the extension of the proposed framework to gain more flex-
ibility. Fig. 12 describes the extensive framework. Compared
to the framework shown in Fig. 7, a coding cube can be either
independently encoded or be predicted by previous encoded

Fig. 12. Extensive cube-based spike coding framework involving intercube
prediction.

Fig. 13. Search the best matching candidate as the reference coding cube
for current coding cube within a given search range. Each dark green cube is
a possible reference candidate.

ones. According to that, the compression is performed with
the optimization decision of intracube prediction or intercube
prediction.

Instead of independently encoding the coding cubes, inter-
cube prediction takes motion into account, in which previous
encoded coding cubes shall be used as references to predicted
current coding cube. This process is done by motion estima-
tion. Fig. 13 depicts the process vividly. It runs as a sliding
window in spatial which moves in the given search range until
the most similar reference candidate is found. Then the motion
vector of current coding cube to its best matching reference
candidate will be encoded.

As we have defined the spike train distance in Section III,
the similarity of two coding cubes can be measured by the
mean distance of all the corresponding spike trains. In detail,
it is formulated as the cube distance Distcube shown in (20),
where M and N define the size of the coding cube and si and
s′

i are spike trains from current coding cube and its reference
candidate at the corresponding address in spatial, respectively,

Distcube = 1

M · N
M·N∑

i

√
κ
(
si − s′

i, si − s′
i

)
. (20)

With the reference candidate, it is able to predict current
coding cube which is often called motion compensation. And
the differences after the prediction are compressed and trans-
mitted. Affected by this, the original AP and TP modes in
intracube prediction shall be adjusted to incorporate with the
motion vector. Hence, two new modes in intercube prediction



DONG et al.: SPIKE CODING FOR DYNAMIC VISION SENSOR IN INTELLIGENT DRIVING 67

Fig. 14. Prediction of the spike train at the corresponding pixels in RAP
mode.

Fig. 15. Spike prediction in the center point timeline in RTP mode.

are introduced here: 1) referenced-AP (RAP) mode and
2) referenced-TP (RTP) mode.

1) Referenced-Address-Prior Mode: Once the best match-
ing candidate is found as the reference coding cube, the
spike train at each pixel in the current coding cube can be
predicted. First, the location histogram map and location his-
togram counts are encoded, so the x- and y-addresses of the
spikes are specified. Then the spikes will find their nearest
references according to the timestamps in the corresponding
spike train. As shown in Fig. 14, the blue block with a count
of 5 refers to a spike train including five spikes occurred. Its
corresponding block as the reference spike train contains six
spikes. By comparing the firing time, each spike finds a nearest
reference spike which will be recorded as the “ref counts.” The
ref counts indicates how many spikes (blue dots in Fig. 14)
refer to their reference spike (green dot). After encoding the ref
counts, the timestamp can be converted to the time difference
between a spike and its reference spike, which is then entropy
coded. For the polarity, here the reference spikes polarity is
used as the context.

2) Referenced-Time-Prior Mode: At the first stage, the RTP
mode is similar to the AP mode in intracube prediction, in
which the spikes in a coding cube are projected onto the
center point’s timeline. The center points of current coding
cube and its reference coding cube are denoted as (x∗

c , y∗
c) and

(x∗
c,ref, y∗

c,ref), respectively. The selection of the center points
follows (19).

Then the spikes in the timeline (blue dots in Fig. 15) start to
find the nearest reference spikes (green dots) by comparing the
timestamps. Likewise, the number of spikes pointing to their
references comprises the ref counts, shown in Fig. 15. Along
with the ref counts, the time differences between the spikes
and the corresponding reference spikes are entropy encoded.

And the encoding of the polarities is also performed in the
same way as that in RAP mode.

Finally, the remaining information to be encoded is the
spatial address. For the center point of current coding cube
(x∗

c , y∗
c), the offset to the reference center point (x∗

c,ref, y∗
c,ref)

can be calculated and fed to the entropy coder. For the rest
spikes in the timeline, the x-, y-addresses are differentially
encoded as the offsets to either the center point (x∗

c , y∗
c) or

their corresponding reference spikes.
On the whole, at the encoder side, a coding cube shall

be predictive encoded optimizing the selection of all pos-
sible modes mentioned above to achieve the minimum rate
cost.

V. EXPERIMENTS

A. DAVIS Driving Dataset

To evaluate the performance of the proposed spike coding
framework, we use the public released DDD17 which was
recorded from Swiss and German road driving with a 346×260
pixel DAVIS sensor [29].

DDD17 contains about 12 h of real driving in daytime,
night, and various weather conditions [3]. The recording files
in the dataset are classified into five categories (classes A–E).
Some of the published recording files are somehow broken, so
we conduct the coding experiments on 33 sequences listed in
Table I to test the coding performance. Each spike, includ-
ing the x-, y-addresses, the timestamp, and the polarity, is
represented by 64 bits in the raw DVS data. According to
the sensor settings of the DDD17 dataset, the spike firing
threshold is set to 1.1 V and the voltage range is from
0 to 3.3 V.

B. Experimental Setup

The size of CT-Cube is set to 64×64×32768 (i.e., wc =
hc = 64 and lc = 32768). The maximum depth of the octree-
based partitioning is limited to 3 from 64 × 64 to 16 × 16 in
spatial and from 32 768 to 8192 in temporal.

For comparison, two conventional Lempel–Ziv-based
lossless algorithms, the Lempel–Ziv compression algo-
rithm (LZ77) and the Lempel–Ziv–Markov chain algorithm
(LZMA) [30], [31], as well as the coding method in our
previous work [10] are adopted as benchmarks. In [10], the
coding cube also utilizes binary splitting in temporal, but the
spatial size is fixed to 32 × 32 which lacks some flexibility.
We conduct all the experiments and evaluate our approach on
the DDD17 dataset.

C. Experimental Results

1) Performance Evaluation of the Proposed Framework:
Table II demonstrates the coding performances of the proposed
cube-based spike coding framework in contrast to three loss-
less coding methods as benchmarks. From the experimen-
tal results, the proposed approach achieves an impressive
compression ratio of 2.6536. The runner-up, our previously
proposed coding method in [10] obtains a compression ratio
of 2.6373. It corroborates that the proposed octree-based cube
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TABLE I
DETAILS OF TEST SEQUENCES FROM DDD17

Fig. 16. Compression performance comparison of different coding methods
on sequences in five classes.

partitioning structure brings flexibility and efficiency com-
pared to fixed-size coding cubes in [10]. On the other side,
LZ77 and LZMA only get a rather low compression ratio of
1.4887 and 2.1346 in average, respectively. Fig. 16 compares
the sizes of compressed data via different methods to that of
the raw data. Moreover, since these compression methods are
lossless, the decoded spike data is the same as the raw.

Fig. 17. Compression performance comparison of Hybrid and All-Intra
configurations on sequences in five classes.

(a) (b) (c)

Fig. 18. Cube distances between a randomly selected coding cube and each
of the reference candidates within the search range. From the left column to
the right, the cube sizes in spatial are (a) 16 × 16, (b) 32 × 32, and (c) 64 ×
64, respectively. x-axis: the cube index of the reference candidates in the
search range. Color lines: different coding cubes (identified by the top-left
coordinates).

2) Performance Evaluation of the Extensive Framework: In
Section IV-C, we discussed an extensive framework for greater
flexibility which includes both intracube prediction and inter-
cube prediction. To evaluate the coding performance, an exten-
sive experiment is conducted with two configurations All-Intra
and Hybrid. The former has the same experimental settings as
the proposed framework excluding intercube prediction. The
latter configuration is named Hybrid in which both intracube
and intercube prediction are enabled. Considering the com-
plexity of motion estimation in intercube prediction, the search
range in Hybrid configuration is restricted to 16 in spatial.

The results are shown in Table III, in which Hybrid achieves
a compression ratio of 2.6379. Notably, the performances of
the two configurations are quite similar on most sequences
(Fig. 17). Intuitively, considering that intercube prediction
makes previously encoded coding cubes available as references
for current coding cube, the performance should be better.
Nevertheless, some extra flags are simultaneously induced
to identify different modes and mode parameters. To better
explain the results, the statistics on the correlation between a
coding cube and its referencing cube in the search range might
give us some hints.

We randomly select two coding cubes at different locations.
For each coding cube, the cube distance between itself and
any of the reference candidates within the search range can
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TABLE II
PERFORMANCE EVALUATION OF THE PROPOSED CODING FRAMEWORK AND COMPARISON AGAINST BENCHMARKS ON DDD17

(EACH SPIKE IS 64 bits)

be measured according to (20). Besides, considering that the
spatial sizes of the coding cubes vary from 64×64 to 16×16,
in Fig. 18, the cube distances are calculated using three differ-
ent cube sizes, respectively. The curves show that various cube
sizes do not significantly affect the average distance. However,
compared to Fig. 5, the average cube distance is much larger
than the spike train distance within a coding cube. It indicates
the weak correlation between temporally distributed coding
cubes, which may reveal why the performance of intercube
prediction is limited.

D. Discussion on the Encoding Complexity

The computational complexity of proposed spike cod-
ing framework is relatively high in contrast to two

Lempel-Ziv-based algorithms. The octree-based cube parti-
tioning, along with the mode decision, consumes most of
the time, thus the data processing time of the proposed
framework is about three times than [10]. On the other
side, LZ77 and LZMA have lower complexities but poorer
compression performances. Moreover, by enabling inter-
cube prediction, the compression time of Hybrid will
increase to nearly 39 times as compared to the proposed
framework (i.e., All-Intra). Motion estimation in intercube
prediction has O(n3) complexity. In order to unlock the
potential of intercube prediction, some optimizations of
motion estimation, such as developing fast search algo-
rithms, are required greatly. Meanwhile, hardware accelera-
tion and parallel optimization for the proposed spike coding
framework are also some possible ways to address these
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TABLE III
PERFORMANCE EVALUATION BETWEEN Hybrid AND All-Intra

complexity challenges, which will be considered in our future
work.

VI. CONCLUSION

This paper focused on the spike coding for DVS in intel-
ligent driving applications. We deeply investigated the spatial
and temporal correlations of the spikes, and proposed a lossless
cube-based spike coding framework to compress the spike data
generated from DVS. The totally new spike data including the
location and the polarity is efficiently encoded with several
strategies: the adaptive octree-based cube partitioning struc-
ture, and intracube prediction with AP and TP modes. The
experimental results over the public driving dataset DDD17

show that our approach has achieved an impressive coding
performance with the average compression ratio of 2.6536
against the raw data, while the extensive framework (Hybrid)
enabling intercube prediction for more flexibility gets a very
similar compression ratio of 2.6379. Overall, the proposed
coding framework is an efficient solution of spike compression
for DVS.

In the future work, the spike coding framework may
be extended in many ways. For example, the prediction
optimization, as well as more coding strategies could be fur-
ther investigated to enhance current framework. In addition,
the lossy coding methods for the DVS spikes are also worth
studying.
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