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Abstract—Dynamic vision sensor (DVS) is a novel neuromorphic
imaging device that asynchronously generates event data corre-
sponding to changes in light intensity at each pixel. However, the
differential imaging paradigm of DVS renders it highly sensitive
to background noise. Additionally, the substantial volume of event
data produced in a very short time presents significant challenges
for data transmission and processing. In this work, we present
a novel spatiotemporal filter design, named PCLF, to achieve
simultaneous denoising and compression for the first time. The
PCLF employs a hierarchical memory structure that utilizes
symmetric multi-bank cache-like row and column memories to
store event data from a partitioned pixel array, which exhibits low
memory complexity of O(m+n) for an mxn DVS. Furthermore,
we propose a probability-based criterion to effectively control the
compression ratio. We have implemented our design on FPGA,
demonstrating capabilities for real-time operation (delay<60ns)
and low-power consumption (<200mW). Extensive experiments
conducted on real-world DVS data across various tasks indicate
that our design enables a reduction of event data by 30% to 68%,
while maintaining or even enhancing the performance of the tasks.

Index Terms—Dynamic vision senor, denoising, data compres-
sion, spatiotemporal filter, FPGA

I. INTRODUCTION

Dynamic Vision Sensor (DVS) is a kind of neuromorphic
imaging device that mimics biological vision. When the rel-
ative variation in perceived light intensity surpasses a specific
threshold, the corresponding pixel asynchronously generates an
event. This unique imaging paradigm enables DVS to achieve
high temporal resolution, high dynamic range, and low power
consumption [1], [2], making it valuable for a wide range of
computer vision (CV) tasks, such as object detection, object
tracking, video deblurring, video frame interpolation, among
others.

However, the imaging paradigm of DVS makes it highly
sensitive to the background activity (BA) caused by thermal
noise and junction leakage current [3], which adversely affects
the quality of the output signal, leads to increased communica-
tion bandwidth and power consumption, and ultimately impacts
the performance of subsequent tasks. Therefore, denoising
plays an important role in DVS data processing. Denoising
techniques can be broadly classified into offline and online
methods. Offline methods leverage probabilistic undirected
graphs [4], event density [5], Deep Neural Networks [6], and
Graph Neural Networks [7]. Nevertheless, these approaches
often entail extensive computational requirements, rendering
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them challenging to implement in hardware and unsuitable for
real-time applications. In contrast, online methods primarily
utilize spatiotemporal filters (STFs), which exploit the fact
that noise is random while valid events exhibit spatiotemporal
correlations. Despite the development of various STFs [3], [8],
[9], these designs typically face challenges related to high
memory complexity or reduced denoising performance.

In addition, the high sensitivity and high temporal resolution
of DVS result in a massive influx of events in a short time,
especially in scenarios involving rapid motion, which brings
significant transmission, computational, and storage burdens.
To address this challenge, lossless compression methods have
been proposed [10], [11], which primarily utilize coding tech-
niques. However, the hardware overhead associated with these
coding and encoding processes is considerable, and the poten-
tial for latency should not be underestimated. In reality, there
exists substantial information redundancy within DVS event
data. As such, it is not always necessary to retain all event
data intact, and lossy compression methods may be applicable
for a majority of use cases.

In this work, we introduce a Partitioned Cache-Like Spa-
tiotemporal Filter (PCLF) design, characterized by linear mem-
ory complexity of O(m+n) for a DVS with a resolution of
m X n. This design simultaneously achieves denoising and
compression of event data. The specifics of our design will
be detailed in Section III, and the principal contributions of
this work are summarized as follows:

e We present a novel STF design, termed PCLF, which
facilitates the simultaneous denoising and compression of
events for the first time by employing a probability-based
criterion to determine whether an event should be retained
or discarded.

e We propose a hierarchical memory organization within
the PCLF design that utilizes symmetric cache-like row
and column memories for a partitioned pixel array, which
achieves a low memory complexity of O(m+n) for m xn
DVS while maintaining high performance.

o We implement our design on FPGA, which demonstrates
real-time capabilities (delay<60ns) and low-power con-
sumption (<200mW). Furthermore, extensive experiments
on real-world DVS data show that our approach can reduce
event data by 30% to 68% while preserving or even
enhancing the performance of downstream tasks.



II. BACKGROUND
A. Principle of Spatiotemporal Filter

An event generated by the pixel of DVS can be represented
as ex, = (Tk, Yk, Lk, Pr ), Where x; and yi denote the row and
column coordinate of the pixel, respectively, ¢, is the timestamp
indicating when the event occurs, and p; € {+1,—1} is
polarity indicating whether the variation of perceived light
intensity is positive or negative.

STF serves as a method for DVS denoising, predicated
on the principle that the imaging of objects exhibits high
spatial and temporal correlation, whereas noise is characterized
by randomness. Considering event e, and a previous event
e; = (x4,¥i,t;,p;) in stream, if the Chebyshev distance
between the two pixels is within a certain threshold dyp,
they are considered spatially correlated: |z; — x| < dy, and
|y; — yi| < dip. Similarly, if the difference in their timestamps
is within a certain threshold: |¢; — tx| < 7y, the events are
regarded as temporal correlation. The threshold parameters d;j,
and 7, determine the size of the spatial and temporal windows,
respectively. e, and e; are correlated if they exhibit both spatial
and temporal correlation, denoted as (eg, €;). The event e, is
considered a valid signal if the number of correlated events
exceeds a preset value N, which can be formalized as follows:

Ex = {ei | (ex, i)} (1)
|Ek| S Nc’r (2)

where E; represents the set of events correlated with eg. If the
condition in equation (2) is not met, e, is considered noise.

B. Related Works

It can be seen that STF is simple in principle and easy to
implement in hardware, in which the key is to preserve the
information of previous events. In this regard, various STF
designs have been proposed. Fig. 1(a) depicts the memory
utilization of the elementary version, in which each sensor pixel
corresponds to one memory unit to store the timestamp of an
event. Based on this principle, Delbruck et al. proposed the
background activity filter (BAF) [12]. In BAF, the timestamp
of the input event compares with that of the corresponding
memory unit to determine whether it is noise. Subsequently,
the memory units in the spatial window are updated with
the input event.. Guo et al. [3] proposed the Spatiotemporal
Correlation Filter (STCF), which allows N, to vary from 1
to 8 for a 3 x 3 spatial window, enhancing the adaptability
of the design. However, both BAF and STCF exhibit O(mn)
memory complexity. As the resolution of DVS increases, the
memory overhead becomes significant. For instance, employing
a 4-byte timestamp necessitates 4MB of memory for a 1M-
pixel DVS [13], which is prohibitively costly for on-chip
implementation.

Liu et al. [9] introduced an enhanced design referred to as
Subsampling Shared Memory (SSM), wherein r X1 pixels share
a single memory unit, as illustrated in Fig. 1(b). The memory
capacity of SSM is reduced by a factor of 72, though it remains
an O(mn) scheme. Khodamoradi et al. [8] presented a STF with
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Fig. 1. Memory organization of different spatiotemporal filters.

O(n) memory complexity for the first time. As demonstrated
in Fig. 1(c), each row of pixels shares one memory unit in
Memory1, which stores the row coordinate () and timestamp
(t) of input events originating from that row. Memory?2 operates
in a similar fashion. This design has been implemented on an
FPGA and has demonstrated efficiency for simple applications.
However, its performance deteriorates significantly in complex
scenarios involving multiple moving objects,as a single memory
unit for an entire row or column is insufficient for recording
past events.

III. PARTITIONED CACHE-LIKE SPATIOTEMPORAL FILTER

In this section, we present the PCLF design aimed at achiev-
ing concurrent denoising and compression while maintaining a
low memory complexity of O(m+n) for an mxn DVS. The
symbols used throughout this paper are compiled in Table I.

TABLE I
THE LI1ST OF SYMBOLS AND NOTATIONS.

Symbol Description

Tih Threshold for judgement of temporal correlation
dy,  Threshold for judgement of spatial correlation
nj, Number of correlated events in the spatiotemporal window of e,

¥ Scale factor that adjusts the shape of the probability function

Npgy o Number of Row Memory Banks

N¢y o Number of Column Memory Banks

spy Number of events that can be stored in each block of row memory bank
scyu Number of events that can be stored in each block of column memory bank

A. Memory Organization

We design a hierarchical memory organization in PCLF
First, as illustrated in Fig. 1(d), the DVS pixels are logically
divided into multiple regions, each associated with two corre-
sponding memories: Row Memory and Column Memory. The
memory organization for an individual region with a resolu-
tion of mg X ng is illustrated in Fig. 2. The Row Memory
comprises Nrys memory banks (denoted as RMB-0, RMB-1,
...), with each bank containing [ng/Ngar] memory blocks;
each memory block is capable of storing sgjs events. When
a new event ey is generated from this region, its information
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Fig. 2. The cache-like memory organization of each partitioned pixel array.

is stored in the |yx/Ngas|-th block of RMB-[y;, mod Ngas].
For instance, if Ngys = 4, events arising from rows 0, 4, 8§,
... will be allocated to Block-0, Block-1, Block-2, ...of RMB-
0, respectively. In other words, events generated from the same
row of pixels are stored in a common memory block and at
arbitrary positions, which is similar to a set-associative cache.
Aligned with the principles of STF, upon the arrival of a new
event, it is essential to retrieve information regarding preserved
events of neighboring pixels within the spatial window for
correlation assessment. Consequently, multiple memory blocks
corresponding to several contiguous rows must be accessed.
The adopted multi-bank memory design is specifically intended
to facilitate simultaneous access to these memory blocks. In
practice, the size of the spatial window is typically odd to
maintain symmetry. Assuming a D x D spatial window, we
designate Npy; as 2/1°%2 P rather than D in our design. This
approach enables the distinct identification of memory banks
through the last [log, D] bits of the reference address, thereby
avoiding the need for a modular operation with respect to D.
For example, by setting Ngys to 4 to accommodate a 3 X 3
spatial window, the last two bits of y; will indicate which
memory bank to access.

The memory block serves as the fundamental units for read
and write operations. Typically, sgrys is significantly smaller
than the number of pixels in a single row. Therefore, each
memory block fill up quickly as events stream in. When this
occurs, newly arrived events replace previous events residing
in the same block. We employ a First-In-First-Out (FIFO)
replacement strategy in our design, which is advantageous from
a hardware perspective. Additionally, due to the principles
of temporal and spatial locality, the earliest event in storage
is less likely to be correlated with incoming events. As the
timestamps of event streams are monotonically non-decreasing,
the FIFO policy behaves similarly to a Least Recently Used
(LRU) strategy for DVS.

When the imaging scene becomes complex with multiple

moving objects, the need arises for larger storage capacity to
accommodate the events generated in rapid succession. While
one straightforward solution is to increase the capacity of each
memory block, this approach introduces additional energy con-
sumption overhead not only during read and write operations
but also when concurrently comparing the input event against a
multitude of stored events for correlation assessment. Instead,
we propose partitioning the pixel array of the DVS into several
regions, each with its own dedicated row and column memory.
This configuration maintains small memory block sizes and
minimizes energy consumption overhead, as only the memories
corresponding to specific regions are accessed during each
operation.

The Column Memory operates in a manner analogous to Row
Memory, except that the column coordinate y; of the input
event is stored instead of the row coordinate xj. We will omit
the details here to avoid redundancy.

B. Hardware Architecture

Fig. 3 illustrates the architecture of PCLF for mg X ng
regions. PCLF comprises the Row Correlation Module (RCM),
Column Correlation Module (CCM), and Event Drop Module
(EDU). In both RCM and CCM, the memory is organized as
previously described. In this exemplary design, RCM has four
memory banks (Ngps = 4), and each memory block is capable
of storing four events (srys = 4). dyy is set to 1, indicating
that previous events within a 3 x 3 spatial window should be
examined, specifically involving the adjacent two rows and two
columns. Assuming the current input event is e; and the last
two bits of y; are (00)o, first y, — 1 and y + 1 are calculated
with two adders, resulting in the last two bits being (11) and
(01)q, respectively. Accordingly, RMB-0, RMB-3, and RMB-1
of Row Memory will be accessed, with the access addresses
equal to the most significant BW,, — 2 bits of v, y — 1, and
yr + 1, denoted as raddr, raddrn, and raddrp, respectively.
The read data from RMB-0, referred to as rdata, contains
information of the least spas events which are generated from
the same row of e. rdata is then sent to the ECU, which
first evaluates whether e; correlates with the stored events
by calculating the difference value of row coordinates and
timestamps and comparing against preset thresholds 74, and
dir,. The ECU then calculates the number of correlated events.
The data read from RMB-1 and RMB-3 (rdatap and rdatan) is
processed similarly with two other ECUs, and the number of
correlated events in adjacent rows is thereby obtained. Finally,
the outputs from all three ECUs are subsequently aggregated,
denoted as s,.

Subsequently, the input event replaces a previous event in the
corresponding memory block of RMB-0, following the FIFO
policy. To indicate the position of replacement, a small scratch-
pad memory, referred to as Write Position Tracker (WPT), is
employed for each memory bank. WPT comprises as many
memory units as memory blocks in row bank and the bitwidth
is log, spar- WPT tracks the most recent replacement position,
which increments by 1 with each memory bank update. For
instance, if the value of the WPT-0’s corresponding element is



N
N (" Event Drop Module

XX...x00
&
N »Dxlyi] te [pi 16-bit |40
' PRNG
E : : g
» e T | | _Event Correlation Unit £ || |keep?
Wk pal I too | Xrol i | Xrl] tro | Xr2 ] tia'i erl LUT - = ’
—T T — L —T T 0 0x00 z
N 1[ ox3ff o
Regl| Row 2| ox37F
Memory A x2Ff
Y x27
73%@0 Bank 5[ ex1ff i
01 |raddr »  Datatobe read Tdata 6] Ox17f
raddrp N RMB-0 ; X ;:
RMB-1 rdaftaj o X
raddrn N RMB-2 addrx 9
RMB-3 Fdatal : \l
L Row Memory L — 5 =
} 7] s &
| Row Correlation Module sl ? g N
. [ lﬂ 9
Column Correlation Module L )
|\

Fig. 3. The architecture of the proposed PCLF.

(11)4, this indicates that the last update occurred at position 3;
thus, the input event will be written to position 0.

CCM operates in the same manner as RCM, and further
details are omitted for the sake of brevity.

EDM sums the outputs of both RCM and CCM to calculate
the total number of correlated events in all three rows and three
columns, which is denoted as s;. As there might be reduplicated
events in Row and Column Memory, s; can be larger than 9
for 3 x 3 spatial window. A minimum selection unit is adopted
to constrain the output no more than 9, represented as ny.
Previous STFs are designed solely for denoising, determining
input validity based on whether the number of correlated events
exceeds a predetermined threshold. This work considers from
a novel perspective of probability. Specifically, when ng = 0,
indicating that no correlated events have been founded, the
input is classified as noise. Conversely, if n; > 0, it is probable
that the DVS has recently generated valid events from neighbor-
ing pixels. Given the motion continuity of the imaging object,
the generated events tend to exhibit redundancy. The larger
the value of nj, the more redundant information is present.
Consequently, we will keep the input event with probability
and a larger ny indicates a lower probability. In other words,
the probability of retaining an event is monotonically non-
increasing as ny increases. To account for this relationship,
we propose the following probability functions:

Feonvex (k) = (1 = log, n)” 3)
flinear (nk) = SS__nlk (4)
Feoncave () = (log, (s — nx — 1)) )

where s = D? is the total number of pixels within the D x D
spatial window, while v is a scale factor that modulates the
shape of the probability function. These probability functions
can be selected, along with ~, to effectively control the ratio
of discarded events.

To implement various probability functions, we employ a
pseudo-random number generator (PRNG) and a lookup table
(LUT) in EDM, as illustrated in Fig. 3. The PRNG utilizes

a 16-bit linear feedback shift register (LFSR), with the feed-
back polynomial defined as z'6 + 2% + 213 + 2% + 1, which
achieves a maximum period of 2'6 — 1. However, each number
generated by the LFSR appears only once per cycle period.
To improve the quality of the sequence, we utilize the lower
10 bits of the LFSR output to generate random numbers. This
approach allows each 10-bit number to be observed 64 times
(except for zero, which appears 63 times) before the LFSR
completes one full cycle. The LUT contains s+ 1 entries, with
the preserved value calculated as follows:

if ng =0

6

0
LUTlns] = {max{o, 1210 % £,(ng) — 17}

where f,(-) represents the adopted probability function as
defined in (3) to (5). For instance, the LUT shown in Fig. 3
illustrates the stored values for a linear probability function.
The retrieved value is subsequently compared with the pseudo-
random number generated by the PRNG to determine whether
the input event should be dropped or retained.

As depicted in Fig. 3, the proposed PCLF can process an
input event and produce a result within four clock cycles. When
considering the pixel array partitioning, which may consume
an additional two cycles to compute the row and column
coordinates of each region using a multi-stage subtractor, the
total delay for the complete implementation is limited to six
clock cycles. This indicates that PCLF is a real-time design.

C. Bitwidth Reduction of Timestamp

The timestamp of the event generated by DVS is typically
32 bits or more [13]. In previous implementations of STF
[8], [14], the timestamp is stored in memory unaltered, which
dominates memory usage. The stored timestamp is utilized for
the temporal correlation judgment of events. Consequently, the
bitwidth of the timestamp can be reduced provided that it meets
the following requirements:

1) The time threshold 735, can be accurately represented;
2) Misjudgment of the temporal correlation of events is
minimized.



For the first requirement, it is essential to retain the lower bits
of the timestamp with high priority; this is due to the fact that
the less the weight of the least significant bits (LSBs), the finer
the representation of a number. Assume 7 is the range that
the timestamp field can represent; then if the first subsequent
event of the current input within the spatial window falls in the
time range of [n- T, n- Ty + 7], misjudgment of temporal
correlation is likely to occur. Therefore, regarding the second
requirement, it is necessary to prioritize retention of the higher
bits of the timestamp to maximize TT; ratio. Intuitively, these
two requirements may appear to be in conflict. Nevertheless,
our experimental evidence suggests that the optimal value for
Typ, 18 within a moderate range. Accordingly, in our design, the
timestamp of the input event is truncated to 8 bits, prioritizing
the second requirement while still ensuring effective compli-
ance with the overall constraints.

IV. EVALUATION

A. Hardware Implementation

TABLE 1T
RESOURCE UTILIZATION AND POWER CONSUMPTION OF FPGA
IMPLEMENTATION OF PCLF.

Configuration Resource Utilization Power!
Resolution  Partition LUT LUTRAM FF (mW)
240% 180 2x2 8212 1600 5456 118
346x260 1x1 3647 896 2173 110
346x260 2x2 9228 1664 6172 124
346x260 3x3 17091 3744 11242 164
1280% 800 I1x1 6768 4640 2648 138
1280800 2x2 17424 7680 7228 158

Available 20800 9600 41600 \

! Estimated by Vivado with switching activity information provided.

In this section, we validate the effectiveness of our proposed
PCLF. We implemente our design on Xilinx (now AMD) low-
cost XC7A35T FPGA of Artix-7 family. Several versions are
developed with different configurations of DVS resolution and
partitioned regions to facilitate the experiments described in
subsequent sections. For these implementations, Ngj; and
Ncear are set to 8, and spps and sops are set to 4. All
implementations are based on a 100MHz clock, which means
the delay time is no more than 60ns. The resource utilization
and power consumption for each configuration are summarized
in Table II. Overall, our design is resource-efficient, making
it applicable on low-end FPGA devices or to implement with
ASIC. The total power consumption for different configurations
ranges from 110mW to 164mW.

B. Validation with Tracking Task

We employ various downstream CV tasks to validate the
effectiveness of our PCLE. We begin with object tracking
experiments, which utilize the ViPT [15] tracker on the large-
scale RGB-event dataset VisEvent [16], all with a resolution of
346 x260. In our PCLF design, we implement three partitioning
strategies for the pixel array: 1 X 1 (no partitioning), 2 x 2, and
3 x 3, as detailed in Table II. Since previous spatio-temporal
filters (STFs) have primarily been utilized for denoising, we

Raw data

PCLF (22)

% ¥

BAF-N3

Fig. 4. Visualization of VisEvent dataset processed with PCLF and BAF-N3.

compare our approach against BAF [12] followed by a simple
k-drop-1 method [17], which is denoted as "BAF-Nk”. For
instance, 3-drop-1 means dropping one event for every three
events. We set the parameters for all methods uniformly: 74, is
set at 2195, with the lower 9 bits of the timestamp truncated;
dyp, is 2, representing a 5 x 5 spatial window; feoncave 18 utilized
with 7y set to 4. The compression ratio (CR) for all methods are
as follows: 46.08%, 43.16%, and 42.16% for PCLF with 1x1,
2x2, and 3 x3 partitioned regions, respectively, and 60.26% for
BAF-N3. Fig. 4 shows representative visualized samples with
fixed cumulative time as raw data. We can see that our approach
exhibits better visual effect while raw data shows rough edge
and BAF-N3 losses some details.

With the processed event data and RGB data in combination,
the tracker is trained and evaluated under consistent conditions.
For tracking evaluation metrics, we select the Precision Rate
(PR) and Success Rate (SR) [16]. The results are listed in
Table III, which shows that our method achieves comparable
tracking performance with baseline, with SR even slightly
improved. In contrast, the performance of BAF-N3 methods
declines significantly.

TABLE III
PRECISION RATE AND SUCCESS RATE ON VISEVENT TEST SET.

Metric | Raw data BAF-N3 PCLF (1x1) PCLF (2x2) PCLF (3x3)
PR 0.724 0.716 0.723 0.720 0.723
SR 0.589 0.582 0.590 0.587 0.590

C. Validation with Recognition Task

In this section, we further validate our design with object
recognition tasks.

1) Convolutional Neural Network: Our experiments are
based on the N-Caltech 101 dataset [18], which comprises 101
classes and a total of 8,246 samples, all with a resolution of
240 x 180. Here,we examine the effects of varying CR of 30%
and 50%. A CR of 30% is achieved through specific parameter
settings: Ty, is 48 us, lower 4 bit of timestamp is truncated,
dip, 18 2, and feoncave 1S adopted with v set to 4. For a CR
of 50%, dyp, is changed to 1 and fconvex is utilized with 4



TABLE IV
CLASSIFICATION RESULTS OF RESNET-34 ON N-CALTECH 101 DATASET.
CR Accuracy (Relative) Memory  Training Speed
0 (Raw data) 79.30% (-) 1.7G 7.75 min/epoch
30% 79.45% (+0.15%) 1.0G 5.62 min/epoch
50% 79.49% (+0.19%) 881.9M  4.21 min/epoch

set to 4. Subsequently, the implemented PCLF is employed to
process the event data.

For classification, we utilize the ResNet-34 model [19] and
fine-tune both the first and last layers of the pre-trained model.
Our training strategy incorporates a cross-entropy loss function
and the ADAM optimizer, with an initial learning rate of
0.0001, which is reduced by a factor of 10 every 30 iterations.
A batch size of 64 is employed, and the total number of training
iterations is set at 100.

The training efficiency in terms of required memory and
training speed and classification results are given in Table IV.
Notably, the classification accuracy is slightly improved with
both CRs. Simultaneously, a significant enhancement in training
efficiency is evident, with memory requirements reduced up to
48% and training speed improved by 1.8x. These results sug-
gest that our PCLF design facilitates more efficient processing
in downstream tasks with CNN models, while maintaining or
even enhancing accuracy.

2) Spiking Neural Network: Spiking Neural Networks
(SNNG5s) represent an emerging class of networks that works in
an event-driven principle. SNNs are natively suitable to process
DVS data. The DVS-CIFAER10 [20] dataset is utilized in this
experiment. Additionally, we have constructed a dataset with
the CeleX-V event camera [13], referred to as Transportation8.
This dataset comprises 8 classes of vehicles and each class
contains 1,800 samples with a resolution of 1280 x 800.
Both datasets are processed using our PCLF under different
configurations of partitioned regions. Subsequently, the SNN
model TET [21] is trained on these datasets for classification.
The results are presented in Table V. It is evident that the
classification accuracy of both processed datasets surpasses
the original result across all configurations, despite discarding
42% to 68% of the total events, which were not fed into
the TET model. The asynchronous working principle of SNNs
implies that neurons will remain inactive if no input is received.
Consequently, event compression has the potential to reduce the
power consumption associated with SNN data processing.

TABLE V
CLASSIFICATION RESULT ON DVS-CIFAR10 AND TRANSPORTATIONS.
Dataset Methods CR Accuracy
DVS-CIFAR10 Raw data - 71.36%
PCLF (2 x 2) 42% 78.40%
Raw data - 84.745%
Transportation8 | PCLF (1 x 1) 59% | 84.49%
PCLF 2 x2) 68% 85.23%

V. CONCLUSION

This work presents the PCLF design to realize simultaneous
denoising and compression for DVS, which employs partitioned

cache-like memory architecture, exhibiting a low space com-
plexity of O(m+n). We implemented the proposed design on
an FPGA and conducted experiments on various downstream
tasks with real-world DVS data. The experimental results
demonstrate that our PCLF design achieves a high compression
rate while maintaining or even enhancing the performance
of event-based vision tasks. This spatiotemporal filter design
provides a cost-effective solution for real-time elimination of
redundant event data from DVS, thereby expanding its potential
applications.
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