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Probabilistic Undirected Graph Based Denoising
Method for Dynamic Vision Sensor

Jinjian Wu, Chuanwei Ma, Leida Li, Weisheng Dong, and Guangming Shi

Abstract—Dynamic Vision Sensor (DVS) is a new type of
neuromorphic event-based sensor, which has an innate advantage
in capturing fast-moving objects. Due to the interference of DVS
hardware itself and many external factors, noise is unavoid-
able in the output of DVS. Different from frame/image with
structural data, the output of DVS is in the form of address-
event representation (AER), which means that the traditional
denoising methods cannot be used for the output (i.e., event
stream) of the DVS. In this paper, we propose a novel event
stream denoising method based on probabilistic undirected graph
model (PUGM). The motion of objects always shows a certain
regularity/trajectory in space and time, which reflects the spatio-
temporal correlation between effective events in the stream.
Meanwhile, the event stream of DVS is composed by the effective
events and random noise. Thus, a probabilistic undirected graph
model is constructed to describe such priori knowledge (i.e.,
spatio-temporal correlation). The undirected graph model is
factorized into the product of the cliques energy function, and the
energy function is defined to obtain the complete expression of
the joint probability distribution. Better denoising effect means
a higher probability (lower energy), which means the denoising
problem can be transfered into energy optimization problem.
Thus, the iterated conditional modes (ICM) algorithm is used
to optimize the model to remove the noise. Experimental results
on denoising show that the proposed algorithm can effectively
remove noise events. Moreover, with the preprocessing of the
proposed algorithm, the recognition accuracy on AER data can
be remarkably promoted. The source code of the proposed
method is available at https://web.xidian.edu.cn/wjj/paper.html.

Index Terms—Dynamic Vision Sensor, Event Stream, Denois-
ing, Probabilistic Undirected Graph Model.

I. INTRODUCTION

B IO-INSPIRED event sensors [1], [2], [3], [4], such as
the Dynamic Vision Sensor (DVS) [5], are novel neuro-

morphic event-driven devices that can efficiently capture high-
speed moving objects with only a small amount of data. At
present, in order to capture fast-moving objects, traditional
frame-based cameras [6], [7], [8] are developing towards
higher and higher frame rates and the development of the
frame rate nearly reaches the upper limit. Meanwhile, this
trend will bring more and more data, which also poses great
challenge for the subsequent processing. The emergence of
event cameras makes up for the drawbacks of traditional
cameras. Unlike traditional sensors, which record scenes at a
fixed frame rate, each pixel of the DVS can independently
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Fig. 1. The event stream generated by DVS when shooting a rotating ball.
Effective events are shown in blue and noise events are shown in green.

monitor the change in illumination intensity and generates
output (i.e., event) when the illumination intensity changes
above a preset threshold. The output of DVS is in the form
of address-event representation (AER) (see Fig. 1), and each
event (i, j, t, p) contains pixel unit address (i, j), timestamp
information t and polarity p (i.e., brightness increased or
decreased). DVS can detect high-speed motion captured by
expensive high-speed cameras that operate at tens of thousands
of frames per second in traditional methods, and the number
of outputs is reduced by a factor of thousands. This greatly
reduces the cost of subsequent signal processing.

In addition to the heavy data load, DVS hardware itself
brings serious noise, such as thermal noise, shot noise, low
frequency noise, fixed mode noise, and so on. DVS itself is
under a very high sensitivity, external environment interference
and hardware jitter during shooting will cause DVS to generate
events. Thus, the events output by the DVS include effective
events (generated by object motion) and noise events. The
event stream output by DVS contains a large number of noise
events, which will cause great trouble for subsequent data
processing. Therefore, denoising the event stream output by
DVS is an important task.

Image denoising is an indispensable step in computer vi-
sion. Over the past few decades, various denoising methods
have emerged, including nonlocal self-similarity methods [9],
[10], [11], markov random field methods [12], [13], [14],
sparse methods [15], [16] and gradient methods [17], [18],
[19]. Similarly, video denoising is gradually developed on
the basis of image denoising, including patch-based methods
[20], bayesian-based methods [21], [22] and VBM4D [23].
However, ignoring the luminance information, DVS outputs
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a unstructured three-dimensional event stream containing lo-
cation information and real time information. Unfortunately,
traditional image/video denoising methods can’t handle un-
structured data very well, especially with time information.
In addition, the purpose of event stream denoising is to
completely remove noise events. In contrast, the traditional
image/video denoising methods aim at better image restoration
and higher signal-to-noise ratio. Therefore, the traditional
image/video denoising methods can’t be directly used for event
stream denoising. Thus, a novel type of event stream based
denoising method is urgently required.

In this paper, we propose a novel method for event stream
denoising using the probabilistic undirected graph model. The
design philosophy of the proposed method is as follows.
Firstly, the regular motion of the object causes the DVS to
produce a large number of events, which we call effective
events X . Meanwhile, DVS hardware itself and other factors
make DVS produce random noise event stream N . Therefore,
the event stream Y output by DVS is obtained by adding N to
X , which means that there is a strong correlation between
X and Y . We then define the joint probability distribution
P(X,Y ). Secondly, events in X have spatio-temporal corre-
lation with each other. X and Y have strong correlation. This
prior knowledge can be described by using the probabilistic
undirected graph model. Thirdly, the joint probability dis-
tribution of a probabilistic undirected graph model can be
expressed as the product of functions on its maximum cliques.
Therefore, we define the energy function that describes the
relationship between the clique variables. We then get the
complete representation of P(X,Y ). Finally, in order to achieve
better denoising effect, we need to get a highter probability.
According to the expression of P(X,Y ), higher probability
means lower energy. So the improved iterated conditional
modes (ICM) algorithm is used to optimize the energy min-
imization of the model, and then the denoised event stream
is obtained. In addition, different spatial distances and time
distances between events reflect the correlation of different
intensities. To describe the difference in correlation between
events, we use the Manhattan distance between the events
and the Integrate-and-Fire (IF) model to construct spatial and
temporal adaptive weight, respectively. Our contribution points
mainly include the following three parts.

• A novel algorithm for event stream denoising using
probabilistic undirected graph model is proposed. The
constructed probability model is based on space-time do-
main and reflects the spatio-temporal correlation between
effective events. The model transforms the denoising
problem into a model optimization problem. Through the
optimization of the model, the noise events are completely
removed.

• A new adaptive weight representing the correlation of
events is proposed. The Manhattan distance between
events can be a good measure of the spatial correlation
between events. In addition, the IF model is very good
at processing time information, and the IF model can
measure the time difference between events very well.

• We present two indicators for the ability of the event

Fig. 2. Abstracted pixel circuit schematic.

Fig. 3. Event generation process. When the voltage increases and the change
is greater than the threshold, the ON event will be generated. When the voltage
decreases and the change is greater than the threshold, the OFF event will be
generated.

stream denoising algorithm, including event-based de-
noising precision (EDP) and event-based signal-to-noise
ratio (ESNR).

The rest of this paper is organized as follows. Section II
briefly introduces the related work. Section III introduces the
construction of the model and the optimization algorithm.
Section IV shows the experimental design and experimental
results. Finally, summary of our work is given in Section V.

II. RELATED WORK

A. Brife Introduction of DVS

DVS enables pixel-level parallel signal processing and
event-driven readout. Each pixel unit of the sensor can in-
dependently monitor the change of the light intensity with
time when it is not activated. When the light intensity changes
above a preset threshold, the pixel unit enter the active state
and send a request to the external circuit. The activated
pixel unit address, brightness and timestamp information are
simultaneously read out (i.e., event), after which the pixel
unit will return to the inactive state and re-responsive to the
intensity change of the light. The read information can reflect
the motion trajectory, motion direction and motion speed of
the object. DVS has the characteristics of high sensitivity,
high speed, wide dynamic range, low latency, and low power
consumption, which makes DVS innately advantageous in
capturing fast-moving objects.

In order to capture fast-moving objects, the goal of DVS
pixel design is to achieve low error matching, high dynamic
range, and low latency in a reasonable pixel area. Therefore,
the pixel circuit uses a fast logarithmic photoreceptor circuit,
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a differential amplification circuit that accurately amplifies the
amount of change, and a low-cost two-transistor comparator.
The connection of these three components is given in Fig. 2.

The intensity of the light perceived by a single pixel of
DVS at time t is denoted by I(u, t). When the magnitude of
the change in light intensity (log range) exceeds the specified
threshold, the event is fired,


∆ ln I(t) = ln I(u, t + ∆t) − ln I(u, t) ≥ Cth

∆ ln I(t) = ln I(u, t + ∆t) − ln I(u, t) ≤ −Cth,
(1)

where ∆t indicates the time interval and Cth is the preset
threshold. When ∆ ln I(t) ≥ Cth , it indicates that the light
intensity received by the pixel increases, and an ON event
is generated. When ∆ ln I(t) ≤ −Cth , it indicates that the
illumination intensity of the pixel is reduced, resulting in an
OFF event. The process of generating events from a single
pixel is shown in Fig. 3.

The working principle of DVS determines its sensitivity
to changes in light intensity. This is important for DVS to
capture fast-moving objects. However, this also means that
DVS is highly susceptible to interference from the external
environment and produces noise events. When shooting fast-
moving objects with DVS, many factors can cause a lot of
noise, including hardware itself, camera shake, inappropriate
thresholds, external light changes, bad weather, etc. As a
result, the event stream obtained often contains a large number
of noise events, which has a great impact on subsequent pro-
cessing. Therefore, the event stream denoising is a necessary
and important task.

B. Existing Denoising Methods

Ignoring the brightness information, the output of DVS is
an unstructured 3D event stream, and the traditional structured
image/video denoising method cannot be directly used. There-
fore, some scholars proposed to map 3D event stream into 2D
frame images in advance, and then use the traditional image
denoising method to perform denoising [24], [25]. However,
this method has the following disadvantages. First, this method
loses the time attribute t of the event (i, j, t), which seriously
affects the high rate characteristics of DVS. For example, a
vehicle carrying a DVS travels at high speed on the road and
suddenly finds pedestrians crossing the road ahead. Due to
the high rate characteristics of DVS, DVS can feedback the
direction and speed of pedestrians to the vehicle in real-time,
helping the vehicle to make emergency measures in time. In
addition, there is a certain time buffer interval between the
frame images. If the time attribute of the event is lost, the high-
speed vehicle will be unable to obtain the pedestrian’s motion
information in time, causing serious consequences. Second,
this method leads to the loss of spatial information and reduces
the efficiency of denoising. For example, when DVS shoots a
fan that rotates at high speed, it will cause the pixel unit in
the corresponding circular range to continuously output the
event stream. If the 3D event stream is mapped to 2D frame
images, a large number of events will coincide in the spatial
domain, resulting in loss of spatial information and blurring.

Fig. 4. Spatial and temporal correlations between effective events. The axes
represent the event row address i, event column address j and time information
t , respectively.

Finally, the mapping of the event stream to the frame images
is irreversible, which means that the 3D denoised event stream
cannot be recovered from the denoised 2D frame images.

Random noise events generated by DVS are isolated and
unconnected event points. Some scholars have proposed the
following filter denoising method based on this characteristic
[26]. For each event, this method checks whether one of the 8
or 24 (vertical and horizontal) neighbouring pixels has had an
event within the last Tus microseconds. If not, the event being
checked will be considered as noise and removed. However,
this denoising method is too simple. For the complex scene
with a large number of noise events, this method cannot
effectively remove noise events.

Compared with the denoising method in [24], our method
avoids the operation of mapping the event stream into frame
images in advance, and removes the noise events directly from
the event stream level. Therefore, our method fundamentally
avoids the defects caused by the denoising method in [24].
Compared with the denoising method in [26], we built a global
model containing event row address information, column ad-
dress information, and activation timestamps. Our method has
a good denoising effect for dealing with complex shooting
scenes.

III. METHODOLOGY

A. Probabilistic Undirected Graph Model

Each pixel of the DVS can continuously monitor the fluctu-
ation of the light intensity continuously and trigger the event
when the threshold is reached. When using DVS to shoot
continuously moving objects, the motion of the object will
cause changes in the light intensity within the DVS monitoring
range, thereby outputting effective events. At the same time,
due to the factors such as its own hardware and external
interference, DVS will inevitably produce many noise events.
It should be noted that the DVS pixels are independent of
each other and the interference factors are highly uncertain,
which means that the noise events generated by DVS pixels
don’t have a clear correlation. The noise generated by DVS
is mainly gaussian white noise. The event stream Y output by
DVS consists of two parts. One is the effective event stream
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Fig. 5. The construction process of probabilistic undirected graph model. The motion of the object causes the DVS to output the event stream Y . And Y
consists of the effective event stream X and the noise event stream N . We define the joint probability distribution P(X ,Y) and decompose it into the product
of the energy functions on the maximum cliques. The denoised event stream is obtained by minimizing E(X ,Y).

X generated by the motion of the object, and the other is
random noise event stream N generated by its own hardware
and external interference,

Y = X + N . (2)

The event stream Y is obtained by adding random noise
events based on the effective event stream X , which means
that there is a strong correlation between X and Y . Therefore,
We assume that X and Y follow the joint probability distri-
bution P(X,Y ). The motion of objects tends to be coherent in
spatial position and persistent in time, so the events in X are
correlated in time and space (see Fig. 4). This prior knowledge
can be described by using the probabilistic undirected graph
model.

In fact, the most important characteristic of the probabilistic
undirected graph model is that it is easy to factor. According
to the Hammersley-Clifford theorem, the joint probability
distribution of a probabilistic undirected graph model can be
expressed as a product of the function of the random variable
on its maximum cliques [27],

P(X,Y ) =
1
Z

∏
C

ψC(XC,YC), (3)

where C is the maximum cliques of the graph and ψC(XC,YC)
is the potential function on C. Z is a normalization factor,
which guarantees that P(X,Y ) can constitute a probability
distribution,

Z =
∑
XY

∏
C

ψC(XC,YC). (4)

In order to ensure P(X,Y ) ≥ 0 , the potential function
ψC(XC,YC) is required to be strictly positive. Therefore, we
define the potential function as the following exponential form,

ψC(XC,YC) = exp {−E(XC,YC)} , (5)

where E(XC,YC) is the energy function of the cliques. We
combine the equations (3) and (5) and express the product of
the exponential form as the exponential form of the sum, and
finally get the following formula,

P(X,Y ) =
1
Z

exp {−E(X,Y )} , (6)

where E(X,Y ) is the complete energy function of the proba-
bilistic undirected graph model,

E(X,Y ) =
∑
C

E(XC,YC). (7)

For the probabilistic undirected graph model, we use the
following symbol to represent. xi, j ,t represents a single event
in X , yi, j ,t represents a single event in Y . xi, j ,t ∈ {+1,−1}
and yi, j ,t ∈ {+1,−1}, where i, j, and t represent the row
address information, column address information, and acti-
vation timestamp of the event, respectively. We mentioned
earlier that X is related to Y , and events in X have spatio-
temporal correlation with each other. So we got the following
prior knowledge. There is a strong correlation between xi, j ,t
and yi, j ,t . In addition, xi, j ,t has a strong correlation with the
event xi±∆i, j±∆j ,t adjacent to its spatial location. xi, j ,t has a
strong correlation with its temporal neighbor event xi, j ,t±∆t .
xi, j ,t has a strong correlation with space-time adjacent event
xi±∆i, j±∆j ,t±∆t , where ∆i, ∆ j, and ∆t represent the row address
offset, column address offset, and activation timestamp offset
of the event, respectively.

Corresponding to the above four prior knowledge, the
undirected graph includes the following four maximum
cliques.

{
xi, j ,t, yi, j ,t

}
,

{
xi, j ,t, xi±∆i, j±∆j ,t

}
,

{
xi, j ,t, xi, j ,t±∆t

}
,

and
{

xi, j ,t, xi±∆i, j±∆j ,t±∆t
}
. For

{
xi, j ,t, yi, j ,t

}
, to describe the

relationship between clique variables, we define the following
energy function,

Exy(XC,YC) = η
(
2


xi, j ,t − yi, j ,t




0 − 1

)
, (8)

where η is a non-negative weight constant. This energy func-
tion has the following effect. When xi, j ,t and yi, j ,t are in the
same state, the energy function gives a lower energy. When
xi, j ,t and yi, j ,t are in the opposite state, the energy function
gives a higher energy.

Similarly, for cliques
{

xi, j ,t, xi±∆i, j±∆j ,t
}
,
{

xi, j ,t, xi, j ,t±∆t
}
,

and
{

xi, j ,t, xi±∆i, j±∆j ,t±∆t
}
, we define the corresponding en-

ergy function,
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Fig. 6. The flow chart of improved ICM. The block operation module
represents the operation of dividing the event flow into multiple 3D event
stream blocks.

Es(XC,YC) =
1

Zsα

(
2


xi, j ,t − xi±∆i, j±∆j ,t




0 − 1

)
, (9)

Et (XC,YC) =
1

Zt β

(
2


xi, j ,t − xi, j ,t±∆t




0 − 1

)
, (10)

Est (XC,YC) =
1

Zst (α + β)

(
2


xi, j ,t − xi±i, j±j ,t±∆t




0 − 1

)
,

(11)
where Zs , Zt , and Zst are normalized parameters, α and β
are non-negative weight parameter. Therefore, the complete
energy function of the model can be obtained,

E(X,Y ) =
∑
Cxy

Exy(XC,YC) +
∑
Cs

Es(XC,YC)

+
∑
Ct

Et (XC,YC) +
∑
Cst

Est (XC,YC),
(12)

where Cxy , Cs , Ct , and Cst correspond to the four maximum
cliques

{
xi, j ,t, yi, j ,t

}
,

{
xi, j ,t, xi±∆i, j±∆j ,t

}
,

{
xi, j ,t, xi, j ,t±∆t

}
,

and
{

xi, j ,t, xi±∆i, j±∆j ,t±∆t
}
, respectively. For better denoising

effect, we hope to find an effective event stream X with a
higher probability (ideally with the highest probability). This
means finding an X that makes the model’s energy lower
(ideally with the lowest energy), thus turning the denoising
problem into an optimization problem for the model’s energy
minimization. And our goal is then defined as finding an X
such that:

X = arg min E(X,Y ). (13)

Algorithm 1 Event stream denoising with improved ICM
Input: event stream Y and parameters η, Zs , Zt , Zst

Output: event stream X after denoising
1: Initialize X with X = Y
2: Divide X into X1, X2, · · · , Xn

3: for each event stream block Xi do
4: Initialize xi, j ,t = +1
5: Initialize Ebest with Ebest = E(Xi,Y )
6: for k = k → kmax do
7: for each event xi, j ,t do
8: Change event state xi, j ,t = xi, j ,t ∗ (−1)
9: Calculate the energy Enew = E(Xi,Y )

10: if Enew < Ebest then
11: Record the best energy Ebest = Enew

12: Mark the current event xi, j ,t as noise event
13: else
14: Change event state xi, j ,t = xi, j ,t ∗ (−1)
15: Delete noise events in the event stream block Xi

16: return X

B. Improved ICM Optimization Algorithm

We fixed the value of Y to the event stream output by DVS.
This implicitly defines the conditional probability distribution
P(X |Y ) over the effective event stream. For this denoising
problem, we need to find an X with a higher probability,
which means lower energy. In statistics, iterated conditional
modes (ICM) is a optimization algorithm for obtaining a
configuration of a local maximum of the joint probability
of a Markov random field. Here we use the improved ICM
algorithm (see Fig. 6) to find such an X . Specifically, the
event stream contains a large number of events, and each
event has the time attribute. Therefore, for the convenience
of processing, we divide the event stream into multiple 3D
event stream blocks according to the number of events. For
each event Xi, j ,t in each 3D event stream block, we calculate
the energy in two possible states, Xi, j ,t = +1 and Xi, j ,t = −1,
while keeping the state of all other events unchanged. Then
we choose a state with lower energy and repeat the update
process for all remaining events until a suitable iteration stop
condition is met. We repeat the above update process for all
3D event stream blocks. The update method of events and 3D
event stream blocks can be updated sequentially in a certain
order or randomly.

Algorithm 1 illustrates the detailed algorithm implemen-
tation process, where kmax is the iteration stop condition. It
should be noted that in the calculation of the energy formula,
there is no time correlation between events within the same 3D
event stream block. Furthermore, the events in the current 3D
event stream block are only temporally adjacent to the events
in the direct predecessor and direct successor 3D event stream
blocks.

C. Adaptive Dynamic Weight

When shooting a fast-moving object with DVS, the motion
of the object causes the light intensity received by the DVS
to change and generates events. The motion of an object has
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a tendency to appear coherent in spatial positional movement
and continuity in time. Therefore, the events output by DVS
(including location attributes and time attributes) tend to have
a certain correlation with each other. The difference in position
attribute and time attribute between events means the differ-
ence in correlations between events. The location attribute of
an event is limited by the resolution of the sensor and the
time attribute of the event is a continuous time information
that can reach the microsecond level. The position attribute
and the time attribute have different characteristics. Therefore,
in order to better reflect the difference in correlation between
events due to the difference in location attributes of events,
we propose an adaptive weight based on Manhattan distance
between location attributes. In addition, the Integrate-and-
Fire (IF) model has a natural advantage for processing time
dimension signal, and the change trend of its exponential level
can well reflect the change of event correlation strength caused
by the difference of time attribute. Therefore, for the difference
in correlations between the events caused by the time attribute
differences of events, we propose an adaptive weight based on
IF model.

Manhattan distance represents the sum of the distances from
the projections formed by the two points on the fixed Cartesian
coordinate system of the Euclidean space to the axis. When
the fast motion of an object causes a pixel in the DVS to
feel the change in illumination intensity and trigger an event,
the pixels in the neighborhood of the pixel are more likely to
feel the change in illumination intensity than the pixels at a
distant spatial location. The Manhattan distance between the
spatial location properties of the event is a good indication of
this difference. The parameter α in equation (9) is defined as
follows,

α =


V − Vspace




1, (14)

where V = (i, j, t) and Vspace = (i ± ∆i, j ± ∆ j, t). In this
way, when the space distance between event xi, j ,t and event
xi±∆i, j±∆j ,t is smaller, α is smaller and the change in Es is
larger. When the space distance is larger, α is larger and the
change in Es is smaller.

IF model is a classical neuron model of spike neural network
(SNN), which imitates the way of information transmission be-
tween biological neurons. The model receives the spike signal
input at a continuous time and accumulates the potential, and
issues a spike signal when the membrane potential at a certain
moment exceeds a preset threshold. The rapid motion of an
object is continuous in time, so the events generated by DVS
have a certain correlation in time attributes, and events with
closer time should have a stronger correlation. The parameter
β in equation (10) is defined as follows,

dβ
dt
=

1 − β
τ

, (15)

where τ is the time constant of the IF model. When the time
distance between event xi, j ,t and event xi, j ,t±∆t is smaller, β is
smaller and the change in Et is larger. When the time distance
is larger, β is larger and the change in Et is smaller.

The design of adaptive dynamic weight not only improves
the energy function of the probabilistic undirected graph

model, but also reflects the difference in correlations between
events. In the energy function expression of the model, the
denoising ability of the algorithm can be enhanced or reduced
by increasing or decreasing the weight coefficient of the model
cliques. By designing reasonable adaptive weight parameters,
we balance the denoising ability of the algorithm well, which
greatly improves the compatibility of the model for different
kinds of noise events.

IV. EXPERIMENTS AND ANALYSIS

In this section, we use DVS to capture the real scenes and
use our algorithm to denoise the obtained data. In addition,
we add random noise to multiple public AER datasets and
use our algorithm for denoising. The recognition algorithm is
used to identify the datasets before and after denoising, and
the recognition rates before and after denoising are compared.

A. Denoising Experiment in Real Scene

In this experimental phase, the DVS camera we used was
Celex IV with a spatial resolution of 768x640. The algorithm
part of this experiment is implemented on MATLAB R2017a
platform. The computer’s processor is Intel(R) Core(TM) i7-
6700 CPU with frequency of 3.4 GHz and 8G RAM. And the
operating system of the computer is Windows 7 64-bit.

To verify the effectiveness of our denoising algorithm, we
use DVS to capture real-world scenes. DVS is very good at
capturing fast-moving objects, and the tennis ball has a high
speed at the moment of hitting and during the flight. So we
use DVS to catch the tennis ball flying in the playground.
The background of the scene is very complex, with many
people moving around, the trees fluttering in the wind and
the reflective glass on the tall buildings (see Fig. 7 (a)). It
should be noted that traditional cameras can’t capture fast
flying tennis balls. Various factors cause the event stream
output by DVS to contain a lot of noise (see Fig. 7 (b)).

We use the filter algorithm [26] and our algorithm to denoise
the collected data. The results after denoising are compared
(see Fig. 8). In addition, we calculate the total number of
events contained in the original event stream and denoised
event stream (see Fig. 9). In order to better understand the
denoising effect, we provide the 2D visualization of the event
stream before and after denoising (see Fig. 10). One thing to
emphasize is that our denoising is based on the event stream
rather than the images.

To the best of our knowledge, there is no unified perfor-
mance evaluation (similar to SNR or PSNR) to judge the
effectiveness of denoising. Of course, all denoising should be
done without losing object information. At present, we can
only judge whether the information of objects is lost through
the 2D visualization effect of event stream. We thought it
might be a good idea to combine the visualization of the event
stream with the number of events to determine the denoising
effect.

It can be seen from Fig. 10 that our denoising algorithm
effectively eliminates noise without losing object information.
Fig. 7 and Fig. 8 shows the change of 3D event stream before
and after denoising. And the Fig. 9 accurately shows the
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(a) The experimental scene (b) 3D visualization

Fig. 7. Playing tennis on the playground. (a) The experimental scene. (b) 3D visualization of the original event stream.

(a) Filter (b) Ours

Fig. 8. 3D visualization of the denoised event stream. (a) Filter algorithm. (b) Our algorithm.

Fig. 9. The comparison diagram of the number of events before and after
denoising by filter algorithm and our algorithm.

changes in the number of events before and after denoising.
In addition, by comparing with the filter denoising method,
we can see that our denoising method is obviously superior
to the filter denoising method. For complex scenes with high
noise ratios, our algorithm can completely remove most noise
events from the event stream level.

B. AER Dataset Denoising

As a preprocessing method, the denoising process of the
event stream output by the DVS is often used to facilitate sub-
sequent algorithm processing, such as recognition. In order to
verify the impact of our denoising process on the recognition
algorithm, we designed the following experiment. Firstly, we
add random noise to the AER dataset, then denoise the dataset
by denoising algorithm. Finally, we use the recognition algo-
rithm to identify the AER dataset before and after denoising.
The comparison of the recognition rate of the dataset before
and after denoising can well reflect the effectiveness of the
denoising algorithm.
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(a) Original

(b) Filter

(c) Ours

Fig. 10. The 2D visualization of the event stream. (a) Original event stream. (b) Event stream denoised by filter algorithm. (c) Event stream denoised by our
algorithm.

We performed recognition [28] experiments on public AER
datasets Card [29], Posture [30] and MNIST-DVS [31]. The
Card dataset is generated using the playing card symbols and
consists of four symbols, namely plum, diamond, red heart
and spades, with a spatial resolution of 32x32. The Posture
dataset is generated by the event-based sensor to capture the
three movements of the human body, that is, bending over
something (bending), sitting down and standing up (sitting
down), walking back and forth (walking), and spatial reso-
lution is 32x32. The MNIST-DVS dataset is magnified from
the original MNIST dataset [32] image to three scales (scale-4,
scale-8, and scale-16), with a slow moving display on a liquid
crystal display. The event-based sensor is then used to record
the number of movements. And the MNIST-DVS dataset with
scale-4 is used in our experiment.

For this experiment, firstly, we add a certain proportion
(10%, 20%, 50%, 100%, 200% and 500%) of random noise
events in the AER datasets and use the recognition algorithm
to identify the AER datasets after noise addition. The amount
of noise events is proportional to the total number of events in
a single event stream in the dataset. Secondly, our denoising
method is used to denoise the AER datasets, and then the
recognition algorithm is used to identify the denoised AER

datasets. Finally, by comparing the recognition rate of AER
datasets before and after denoising, we verify the effective-
ness of our denoising algorithm. Higher recognition rate is
not our goal, and we are pursuing the difference in dataset
recognition rates before and after denoising. For comparison,
we performed the same experiment using the filter method.
The results are given in Fig. 11 and TABLE I.

The results show that as the proportion of added ran-
dom noise increases gradually, the recognition rate gradually
decreases, and the decline gradually increased. After using
our algorithm to denoise the datasets, the recognition rate
is improved obviously, especially when the noise ratio is
large. This demonstrates the effectiveness of our denoising
algorithm. In addition, compared to the filter algorithm, our
algorithm has obvious advantages, and the denoising effect is
significantly better than the filter algorithm.

In this experiment, the events in the original AER dataset are
effective events, and the added random events are noise events.
The events in the denoised event stream are composed of
effective events and random noise events. To characterize the
precision of the denoising algorithm to remove noise events,
we define the event denoising precision (EDP),
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(a) Card (b) Posture (c) MNIST-DVS

Fig. 11. The comparison diagram of recognition rate of three data sets before and after denoising by our algorithm. (a) Card dataset. (b) Posture dataset. (c)
MNIST-DVS dataset.

TABLE I
COMPARISON OF THREE DATASETS RECOGNITION RATES AFTER DENOISING BY DIFFERENT METHODS

Dataset Method
Noise Ratio

10% 20% 50% 100% 200% 500%

Card

Original 92.56% 92.23% 81.56% 67.08% 53.06% 39.89%

Filter 93.35% 93.12% 92.43% 92.41% 87.21% 75.61%

Ours 93.48% 93.71% 92.99% 93.61% 92.18% 91.31%

Posture

Original 96.17% 93.11% 84.86% 76.73% 68.34% 60.12%

Filter 98.05% 97.63% 96.47% 94.24% 90.42% 81.44%

Ours 98.06% 97.83% 97.52% 97.87% 96.22% 94.68%

MNIST-DVS

Original 57.63% 56.89% 52.37% 43.19% 30.63% 18.63%

Filter 56.45% 57.39% 56.05% 53.25% 42.74% 26.09%

Ours 59.34% 59.23% 58.63% 57.29% 56.22% 46.62%

(a) Card (b) Posture (c) MNIST-DVS

Fig. 12. EDP comparison of filter algorithm and our algorithm on different datasets. (a) Card dataset. (b) Posture dataset. (c) MNIST-DVS dataset.



10

(a) Card (b) Posture (c) MNIST-DVS

Fig. 13. ESNR comparison of filter algorithm and our algorithm on different datasets. (a) Card dataset. (b) Posture dataset. (c) MNIST-DVS dataset.

TABLE II
COMPARISON OF THREE DATASETS ESNR AFTER DENOISING BY DIFFERENT METHODS

Dataset Method
Noise Ratio

10% 20% 50% 100% 200% 500%

Card

Original 10.00 6.98 3.01 0.00 -3.01 -6.98

Filter 15.08 12.71 9.55 6.86 4.16 0.37

Ours 16.21 13.87 10.64 9.38 7.58 5.35

Posture

Original 10.00 6.98 3.01 0.00 -3.01 -6.98

Filter 15.20 12.52 8.88 6.03 3.09 -0.80

Ours 16.98 14.15 11.22 10.35 8.12 5.74

MNIST-DVS

Original 10.00 6.98 3.01 0.00 -3.01 -6.98

Filter 13.73 10.54 6.31 3.03 -0.26 -4.55

Ours 14.50 11.51 8.29 5.03 4.06 1.27

EDP =
Ne f f ective

Ntotal
, (16)

where Ne f f ective is the total number of effective events in the
denoised event stream and Ntotal is the total number of events
in the denoised event stream. Fig. 12 shows the comparison
of EDP of the two algorithms on different AER datasets.

As can be observed in Fig. 12, the denoising precision of our
algorithm is significantly better than that of the filter algorithm.
Especially when the noise ratio is large, the advantages of our
algorithm is more obvious. This indicates that our algorithm
can also accurately remove noise events when the noise ratio
is large.

For images, the signal-to-noise ratio is an important indica-
tor for evaluating image quality. Similarly, to reflect the quality
of the event stream, we define the event signal-to-noise ratio
(ESNR),

ESNR = 20log10

(
Nnoise

Ne f f ective

)2
, (17)

where Nnoise is the total number of noise events in the
denoised event stream.

Fig. 13 and TABLE II illustrate the results. It can be seen
that as the noise ratio increases, the ESNR of the original
event stream gradually decreases. Our denoising algorithm
can significantly improve the ESNR of the event stream, and
the effect is much better than the filter algorithm. When the
noise ratio is large, our algorithm is very obvious for ESNR
improvement, which shows that our algorithm has very good
robustness when dealing with complex problems. In addition,
as can be seen from the TABLE I and II, there is a positive
correlation between the recognition rate and ESNR, which
indicates that the ESNR can well reflect the quality of event
stream.

C. The Improvement of Dynamic Weights

In order to represent the improvement of adaptive dynamic
weights, we made a comparative experiment with or with-
out dynamic weights. For the experiment of Section IV A,
when the model with dynamic weight is used for denoising
experiment, the number of events after denoising is 100,928.
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When the denoising experiment is carried out with the model
without dynamic weights, the number of events after denoising
is 114,622.

On the premise that the object information is not lost, the
denoising ability of the algorithm can be well reflected by
comparing the number of events. Fig. 9 shows that our denois-
ing algorithm can well retain object information. Therefore, by
comparing the number of events after denoising, it can be seen
that the adaptive dynamic weight can effectively improve the
denoising ability of the algorithm. We don’t provide the visual
contrast because it can’t reflect the difference of denoising
effect well.

D. Discussion and Analysis of Event Stream Denoising

The existing models often slice the 3D event stream in time
and obtain multiple frame images, and then the traditional
image/video denoising methods can be directly used [24], [25].
However, such processing will lose the most important char-
acteristic of the DVS, i.e., low latency during imaging. DVS
has a time resolution of microsecond level [31], which means
that when slicing the event stream at a fixed time interval, the
microsecond resolution of DVS is lost and different events
(the same position information and different activation time)
generated by the same photosensitive pixel will overlap in the
spatial domain. This overlap of space domain will cause a
large amount of loss of events, and this loss is irreversible.
In addition, such processing will result in the loss of time
attribute of the event, which is also irreversible. As a result,
the subsequent event stream processing algorithms (e.g., event
based detection and recognition algorithms) will not be able
to use on the denoised data (which is sliced into frame).

Meanwhile, it is very difficult to set the appropriate time
interval when slicing 3D event stream into image/frame. If
the time interval is selected as 3 µs during slicing (has the
same latency with the output of DVS), an event stream with
1 second will be cut into 0.33 million images. Such a high
frame rate is impossible to be denoised in real time. At the
same time, there is too little data on each frame under such
time interval (see Fig. 14 (a), which has only 17 event points),
which will cause the denoising algorithm to mistakenly treat
all data as random noise. In addition, if the time interval is
set as 33 ms (the traditional video frame rate is about 30 fps,
whose latency is 1000/30 ms), there will be obvious motion
blur. As the red box shown in Fig. 14 (b), we can hardly see
the size of the tennis ball (only its motion trajectory during
the 33 ms is left).

Our algorithm directly denoises the original event stream,
which retains the time attribute of the event and the low latency
characteristic of DVS. In addition, the data processed by our
denoising algorithm can be directly used by subsequent event
stream processing algorithms (such as event stream recognition
and tracking). Therefore, our novel event stream denoising
algorithm is extremely efficient and greatly required.

V. CONCLUSION

In this paper, we propose a novel method for denoising event
stream using probabilistic undirected graph model (PUGM).

(a) Small time intervals (3 µs) (b) Large time intervals (33 ms)

Fig. 14. The result of an unreasonable time interval. The corresponding
original scene is shown in Fig. 7 (a) (playing tennis on the playground).
(a) Small time intervals (3 µs). (b) Large time intervals (33 ms).

Based on the working principle of DVS and the law of object
motion, we propose the prior knowledge and construct a prob-
abilistic undirected graph model, which transforms the event
stream denoising problem into the model energy minimization
optimization problem. We then use the improved ICM algo-
rithm to optimize the model, and then get the denoised event
stream. In addition, we propose adaptive weight to improve
the model. In order to verify the effectiveness of our denoising
algorithm, we use DVS to collect real scene data for denoising.
And we also use our denoising algorithm to denoise multiple
AER datasets. It turns out that our algorithm has a good
denoising effect. In addition, the optimization algorithm is
not limited to the ICM algorithm, and the ICM algorithm
only converges to the local optimal solution. It is perfectly
possible to use a more efficient algorithm to optimize the
model, so as to get better denoising effects, such as simulated
annealing algorithm and algorithms based on graph cuts. The
choice of optimization method is open, but better method often
means more complex calculations. In future, we will use the
moving DVS for real scene shooting and study the appropriate
algorithm for noise events removal and background removal.
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