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Abstract— Event-based vision sensors are high-speed, wide
dynamic range image sensors with potential applications in
domains such as robotics and visual navigation. However, these
sensors are sensitive to noise, particularly under low-light
conditions, degrading the data quality. Therefore, developing
a filter capable of detecting and removing noise from different
sources with high accuracy is crucial. Moreover, removing near-
edge noise in high-density areas is particularly challenging using
conventional methods because of their high spatial-temporal
correlation with actual events. We propose a dynamic threshold
spatial-temporal filter that detects high- or low-density areas
and removes noise. Detection was achieved by counting the
number of events occurring within a certain period in the
area surrounding each event. Applying an appropriate thresh-
old for each density significantly enhanced noise processing
accuracy, as reflected by the mean square error and peak
signal-to-noise ratio metrics. Moreover, we synthesize digital
circuits in a field-programmable gate array and demonstrated
a notable reduction in processing time compared to that of the
central processing unit-based approach, achieving up to 74-
fold faster in processing speed. These findings suggest that the
proposed filter can significantly enhance real-time event-based
vision systems, particularly in environments with varying noise
conditions.

I. INTRODUCTION

In recent years, frame cameras have become necessary
in various devices, including cell phones, robots, and au-
tonomous cars, making them an indispensable part of our
daily lives [1]. However, there are issues such as blurring
when capturing moving objects due to data processing delays
caused by high data volume and white-outs in bright areas
due to low dynamic range [2], [3]. In this study, we focus on
event-based vision sensors (EVS), which are image sensors
that output only the pixels whose luminance changes [4].
An EVS has various advantages, such as a low amount
of data and a wide dynamic range [5]. EVS outputs the
coordinates, time, and polarity of only those pixels that
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experience luminance change. For example, when a camera
captures a ball, the EVS output is limited to information
about the moving ball, as shown in Fig. 1. Thus, in contrast
to conventional frame cameras, which output all pixels, EVS
reduces the data volume by outputting only those pixels
whose luminance has changed.

To achieve a wide dynamic range, EVS operates according
to the principle illustrated in Fig. 2. EVS has two principal
units, a light-receiving unit that converts the incident light
into voltage and a luminance change-detecting unit that
detects the resulting luminance change. In addition, the lumi-
nance change detection unit performs a comparison between
the converted and reference voltages. If the voltage difference
exceeds a threshold value, which may be set as positive or
negative, the event is output. By setting the threshold voltage
to an optional value, it is possible to capture motion with
an appropriate level of sensitivity for a given environment.
In addition, as shown in Fig. 3, EVS converts incident
light into voltage in a logarithmically proportional manner.
This enables the detection of minor deviations in luminance
at low luminance and prevents saturation of events caused
by substantial differences in luminance at high luminance,
thereby achieving a high dynamic range.

One application that utilizes these EVS features is human
gesture recognition [6]. However, capturing images with high
sensitivity, especially under low-light conditions, increases
noise [7]. This causes a rise in data volume and a simul-
taneous decline in application performance. Therefore, it is
necessary to improve the data quality by removing noise.
This study proposes a noise-reduction filter that effectively
removes the noise generated by various factors.

The main contributions of this study include the devel-
opment of a dynamic threshold spatial-temporal filter that
effectively removes noise in event-based vision systems and
its successful synthesis on an FPGA for real-time processing.
The remainder of the paper is organized as follows: Section
II reviews related work, Section III presents the proposed
method, Section IV discusses experiments, and Section V
concludes the paper.

II. RELATED WORKS
A. Mode Filter

EVS outputs the information of the pixel where the
event occurs in an asynchronous format, represented by the
coordinates (x, y), time (t), and polarity (p) as (x, y, t, p).
The polarity is set to positive (+) and negative (-) when an
event occurs with a brightening and darkening luminance
change in the scene, respectively. As shown in Fig. 4, the

2025 IEEE/SICE International Symposium on System Integration (SII)
January 21-24, 2025, Munich, Germany

979-8-3315-3161-4/25/$31.00 ©2025 IEEE 854



Fig. 1. EVS Output Format

Fig. 2. How EVS processes each pixel

events within a certain period can be visualized by plotting
the positive events in red, the negative events in blue, and
no events in black at each coordinate. A mode filter that
converts each pixel with the most frequent (mode) colors of
the surrounding 3 × 3 kernels, as shown in Fig. 5, can be
applied to obtain the mode value of the three colors in the
EVS output [8]. Thus, converting the captured data into an
image and applying a noise reduction filter can effectively
remove noise with a low spatial correlation to events [9].
However, using a mode filter results in losing the high-speed
processing ability of the EVS because it must process all the
pixels, including non-occurring events.

B. Spatial-Temporal Filter

The output data of EVS is not a real image, but the
data of the pixel that changes its luminance. Therefore,
the conversion of EVS data into an image format requires
the processing of all the pixel data, resulting in the loss
of the small amount of data which is a key feature of
EVS. Therefore, a spatial-temporal filter was proposed to
remove noise using only the data that occurred [10], [11].
The processing algorithm is illustrated in Figs. 6 and 7. For
each event, a 3D kernel centered on the event in question is
created. This filter removes events with low spatial-temporal
correlations as noise.

C. Types of Event Noise

When capturing images using an EVS, various factors
can generate different noise types. This study focuses on
background and near-edge noises that may increase the
amount of data and reduce application performance [12],
as explained previously. The following explanation for these
noises is provided using the results captured by EVS (Fig.
8).

Fig. 3. Logarithmic photoelectric conversion

Fig. 4. Example of EVS output image

1) Background Noise: Background noise is a relatively
low-density noise with a low spatial correlation to actual
events. It is generated by the edges of moving objects
or changes in the brightness of the scene. In addition,
background noise can be generated by leakage current, shot
noise [13], or thermal noise.

2) Near-edge Noise: Near-edge noise is a relatively high-
density noise that occurs in the spatial neighborhood of an
actual event. It is attributable to the output delay in the event
because of edge movement. If the delays in the various pixels
within the sensor are not aligned, an occurrence at the correct
pixel, albeit with a delay that does not correspond to the
temporal response function of the pixel, will generate noise
in the edge vicinity in the opposite direction of the edge
motion. The greater the velocity of motion within the scene,
the more extensive the noise propagation.

D. Event Data Processing Architecture

Recently, field-programmable gate arrays (FPGAs) have
been used as processing devices for output data from EVS
[14], [15], to realize real-time processing through paral-
lel processing. Furthermore, a specific circuit that directly
receives and processes event data from EVS allows for
efficient processing of sparse data. Additionally, platforms
that directly connect EVS and FPGAs for processing are
gaining popularity [16]. The performance, power, and speed
of sensors and artificial intelligence are expected to be
optimized to develop next-generation edge machine vision
applications.

III. PROPOSED METHOD

This study proposes a dynamic threshold spatial-temporal
filter that removes background and near-edge noises using
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Fig. 5. Mode filter kernel

Fig. 6. Spatial-temporal filter process flowchart

only event data. The objective is to perform the process
efficiently and in real-time using FPGAs toward implemen-
tation in a digital circuit. In addition, the effectiveness of the
noise reduction filter circuit is evaluated using a hardware
simulator.

A. Dynamic Threshold Spatial-Temporal Filter Algorithm

Fig. 9 shows the algorithm of the dynamic threshold
spatial-temporal filter. The algorithm is the same as that of
the conventional spatial-temporal filter, from the occurrence
of an event to the counting of the number of occurrences
Ntotal in the 3D kernel. The filter determines whether a
pixel is in a high- or low-density area based on whether
Ntotal is above or below the switching threshold THswitch,
respectively. If the pixel is in a low-density area, the low-
density threshold THlow is set; if the pixel is in a high-
density area, the high-density threshold THhigh is set. Con-
ventional spatial-temporal filters use a fixed threshold to
remove background noise in low-density areas. In contrast,
the proposed method is expected to remove background
and near-edge noises in the low- and high-density areas,
respectively, by dynamically setting the threshold value.

B. Synthesis of Dynamic Threshold Spatial-Temporal Filter
Circuit

When implementing the dynamic threshold spatial-
temporal filter in FPGAs, saving a large amount of event
information is necessary. In this study, we use block random

Fig. 7. Spatial-temporal filter 3D kernel

Fig. 8. Two types of noise

access memories (BRAMs) because the available capacity of
registers is limited. Without BRAMs, it would be impossible
to store the data needed to operate the filter. When an event
arrives, the number of events at the same coordinates N is
read from one of the BRAMs, incremented, and written back
to the same address. This allows for the efficient processing
of event data using internal memories.

The circuit design of the dynamic threshold spatial-
temporal filter using BRAMs is shown in Fig. 11. The
comparator determines whether an event is in a high- or
low-density area and whether it is noise, based on the total
event counts Ntotal in the 3D kernel. If the incoming event is
determined as noise, then the valid signal is not asserted and
is not output from the filter. Using lookup tables (LUTs) and
flip-flops (FFs) as memory increases the circuit size, making
it challenging to implement the filter circuit. Therefore, we
propose a novel circuit design with BRAMs, the memory
elements in FPGAs. Furthermore, we develop an algorithm
that makes it unnecessary to access more than one pixel value
concurrently to use BRAMs.

In this study, we synthesize the filter on an FPGA in the
environment shown in Table I. Table II lists the resource uti-
lization of the dynamic threshold spatial-temporal filter. The
proposed filter circuit is sufficiently large to be synthesized
on an FPGA for edge processing (KR260), and achieving
more complex processing in the future.
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Fig. 9. Proposed dynamic threshold spatial-temporal filter process flowchart

Fig. 10. Flowchart of the process using BRAMs for the proposed filter

IV. EXPERIMENTS

We evaluate the developed filter circuit in terms of noise
reduction accuracy and processing time. We chose the kernel
size used in the experiments based on the priority of process-
ing speed in this study. Larger kernel sizes allow the filter to
consider more spatial-temporal correlations, which improves
accuracy [18]. However, because using BRAMs can only
read and write one pixel value per clock cycle, increasing
the kernel size significantly increases the processing time.
The DAVIS 240C Datasets [19], in which frame- and event-
based data were captured simultaneously, was used for
the experiment. We used 10 s of data captured in urban,
outdoor and office environments. Ground- truth images for
comparison of the removal accuracy were created using v2e
software [20], which can simulate frame-based data to match
the data captured by EVS, converting frame movies from the
DAVIS 240C Dataset.

We evaluate the noise reduction accuracy using two most
commonly used image quality metrics: mean square error
(MSE) and peak signal-to-noise ratio (PSNR) [21], [22]. A
lower MSE and higher PSNR indicate better image quality.
We manually tuned the thresholds for noise reduction to

TABLE I
IMPLEMENTATION ENVIRONMENT

Environment
Design Tool Vivado v2022.1

Design Language Verilog
Target Board KR260

Device Zynq UltraScale+ (XCK26)

TABLE II
RESOURCE UTILIZATION OF PROPOSED DYNAMIC THRESHOLD

SPATIAL-TEMPORAL FILTER

Dynamic Threshold Spatial-Temporal Filter
Resource Usage Utilization %

LUT 364 0.31
FF 309 0.13

BRAM 43.5 30.2

identify the values that produced the best results. Specifically,
we set the dynamic threshold for low-density areas to match
the fixed threshold of conventional spatial-temporal filters for
a fair comparison. The experiment was performed using the
data captured by EVS for 10 s. We compared the processing
time from data input to noise removal, and filtered the data
output when processed using a central processing unit (CPU)
and an FPGA. The CPU used was an Intel® Core™ i7-
8700K CPU @ 3.70 GHz × 12, and the hardware simulation
of the FPGA was conducted with a clock frequency of 100
MHz. Real-time processing is considered possible if the
processing time is less than 10 s. The noise reduction results
using the mode filter, conventional spatial-temporal filter, and
the proposed filter are shown in Fig. 12.

Tables III and IV show the comparison results of the
removal accuracy and processing time, respectively. The
proposed filter with a dynamic threshold performed the best
in all three environments for MSE and PSNR reduction
accuracy. In terms of processing time, the conventional and
proposed filters require less time than the mode filter. Fur-
thermore, processing can be achieved in less than 10 s when
using an FPGA compared to that using a CPU (significantly
above 10 s), indicating that real-time processing can be
achieved when implementing these filters on an FPGA. In
addition, we confirm that implementing the filter on an FPGA
allows for faster processing compared to a CPU.

V. DISCUSSION

A. Noise Removal Accuracy

Compare to a mode filter that only considers spatial
correlation, a filter that considers spatial-temporal correlation
can remove noise more accurately because it refers to more
event information. In addition, the proposed method dy-
namically changes the threshold value to effectively remove
background and near-edge noises, achieving noise reduction
with higher accuracy. Our findings show that the dynamic
threshold spatial-temporal filter outperforms previous meth-
ods by adapting to event density, particularly in removing
near-edge noise. However, the filter’s effectiveness relies
on accurate event density estimation, which may be less
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Fig. 11. Proposed circuit design of dynamic threshold spatial-temporal filter using BRAMs

Fig. 12. Experimental results between each filter

TABLE III
NOISE REDUCTION ACCURACY EVALUATED USING MSE AND PSNR

MSE (lower is better) PSNR[dB] (higher is better)
Mode Conventional Spatial-Temporal Proposed Spatial-Temporal Mode Conventional Spatial-Temporal Proposed Spatial-Temporal

urban 25.22 19.82 11.47 54.12 54.76 55.80
outdoor 27.52 24.27 15.15 53.55 53.55 54.35

office 26.93 21.98 13.59 53.80 54.37 55.21

reliable in high-noise conditions. Recently, high-efficiency
memory usage approaches, such as using a single memory
for multiple pixels, have been applied to high-resolution EVS
[17]. However, our proposed method counts the number of
events per pixel, enabling the highest accuracy.

B. Processing Time

The shorter processing time for the spatial-temporal and
dynamic threshold spatial-temporal filters compared to the
mode filter can be attributed to the need to process only
the events that occurred. The longer CPU processing time
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TABLE IV
PROCESSING TIME BETWEEN EACH FILTER USING CPU AND FPGA

CPU[sec.] FPGA[sec.]1

Mode Conventional Spatial-Temporal Proposed Spatial-Temporal Mode Conventional Spatial-Temporal Proposed Spatial-Temporal
urban 187.91 (234.51) 45.58 (56.91) 50.50 (63.05) 1.321 (1.65) 0.801 (1.00) 0.801 (1.00)

outdoor 162.02 (156.36) 69.25 (66.84) 76.81 (74.15) 1.188 (1.15) 1.036 (1.00) 1.036 (1.00)
office 151.25 (161.76) 48.92 (52.32) 58.84 (62.93) 1.202 (1.29) 0.935 (1.00) 0.935 (1.00)

1 hardware simulation

for the dynamic threshold spatial-temporal filter compare
to the spatial-temporal filter is likely due to the additional
processing time required to determine the threshold. How-
ever, the FPGA implementation allows the comparator to
perform processing in a single clock cycle, enabling the
completion of these processes in the same amount of time.
The FPGA implementation offers faster processing but may
face challenges in scaling to higher resolutions, which could
impact overall performance.

VI. CONCLUSION

This study presents a new approach to noise reduction in
event-based vision systems and demonstrates its effectiveness
over conventional methods. Conventional filters often lose
the advantage of the small data volume of EVS and approach
different types of noise with a single threshold, reducing
the noise reduction accuracy. In contrast, the proposed filter
circuit offers enhanced accuracy by considering spatial-
temporal correlations using only event data. Moreover, it can
capture high-quality data faster and across a wide dynamic
range, which are the advantages of EVS. The findings of
this study suggest that the proposed filter can significantly
improve the reliability and speed of event-based vision
systems, particularly in real-time applications.

In the future, we will evaluate the real-time performance
of the filter circuit by implementing it in an FPGA. Addition-
ally, we aim to develop a faster and more accurate application
using the filter circuit for real-time noise reduction on EVS
data. This filter circuit will be applied to both home service
robots and autonomous driving systems, where real-time
processing is crucial for the safe and efficient operation of
these technologies [23], [24].
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[21] A. Horé and D. Ziou, “Image Quality Metrics: PSNR vs. SSIM,” 2010
20th International Conference on Pattern Recognition, pp. 2366-2369,
2010.

[22] U. Sara, M. Akter, and M. S. Uddin, “Image quality assessment
through FSIM, SSIM, MSE and PSNR—a comparative study,” Journal
of Computer and Communications, vol. 7, no. 3, pp. 8-18, 2019.

[23] Y. Fukuda, Y. Mii, Y. Yano, H. Iwai, S. Inoue, and H. Tamukoh,
”Dense Traversability Estimation System for Extreme Environments,”
in 2023 IEEE Intelligent Vehicles Symposium (IV), pp. 1-6, 2023.

[24] N. Yamaguchi, T. Shiba, K. Isomoto, and H. Tamukoh, ”A Rapidly Ad-
justable Object Recognition System through Language Based Prompt
Engineering,” in Proceedings of International Conference on Artificial
Life & Robotics (ICAROB2024), 2024.

859


