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Abstract

Event camera vision systems are recently gaining traction as swift and agile sensing devices in the
field of unmanned aerial vehicles (UAVs). Despite their inherent superior capabilities covering high
dynamic range, microsecond-level temporary resolution and robustness to motion distortion which
allows them to capture fast and subtle scene changes that conventional frame-based cameras often
miss, there utilization is yet to be wide spread. This is due to challenges like insufficient real-world
validation, unstandardized simulation platforms, limited hardware integration and a lack of ground
truth datasets. This systematic review paper, presents an investigation that seek to explore the
dynamic vision sensor christened event camera and its integration to (UAVs). The review synthesized
peer-reviewed articles between 2015 and 2025 across five thematic domains: datasets, simulation
tools, algorithmic paradigms, application areas, and future directions. The review reveals that event
cameras outperformed traditional frame-based systems in terms of latency and robustness to motion
blur and lighting conditions, enabling reactive and precise UAV control. However, challenges remain
in standardizing evaluation metrics, improving hardware integration, and expanding annotated
datasets, which are vital for adopting event cameras as reliable components in autonomous UAV
systems.

Keywords: event camera; dynamic vision sensor; unmanned aerial vehicles (UAVs); neuromorphic
sensor; obstacle avoidance; navigation; path planning

1. Introduction

This section and the following sub-sections ranging from (1.1 to 1.3, present introductory
technical information covering the study’s background which introduces and articulates the concept
of event cameras vision system, their operating principles and advantages of event camera over
conventional frame-based cameras for fast autonomous UAVs operations. The discussion covered
how event cameras asynchronously capture brightness changes at individual pixels, enabling high
temporal resolution and low latency. Additionally, the sections highlighted key features such as high
dynamic range and reduced data redundancy, which make event cameras well-suited for fast and
challenging visual environments. The background also touched on the challenges of processing
event-based data and the need for specialized algorithms to fully leverage their unique output
characteristics.

1.1. Background to Study

Event cameras, sometimes referred to as dynamic vision sensors (DVS), are a paradigm shift in
visual sensing since they do not focus on taking full-frame pictures but rather on catching scene
changes [23]. They represent a paradigm shift in the collection of visual data since they are
asynchronous sensors. This is because, as opposed to using a clock that is unrelated to the image
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being watched, they sample light, based on the dynamics of the scene [23]. In contrast to conventional
cameras, whose pixels have a common exposure time, event-based cameras function asynchronously
at the pixel level with microsecond resolution [29]. This is especially helpful in situations with fast
action, as typical cameras might blur motion or need unreasonably high frame rates to capture details
[31]. This speed is essential for real time UAV operations such as visual SLAM, obstacle avoidance,
odometry and collision prevention under low-light conditions.

UAVs, commonly known as drones or unmanned aircraft systems (UAS) have experienced popular
adoption in various sectors which include and not limited to entertainment, military, precision
agriculture, smart cities system, wildlife conservation and monitoring, logistics and delivery services,
amongst others, highlighting the critical need for a sophisticated and advanced aerobotics navigation
system with swift dynamic capabilities, covering fast moving objects state space coordinate tracking,
space collision prevention and obstacle avoidance.These intelligent agents have proven significant in
the advancement of smart city transit systems [1], precision agriculture [2], the support of search and
rescue operations [3], shipping and delivery such as the Amazon air [4], aerial photography [5],
wildlife monitoring and conservation [6] and entertainment [7] among several others. Originally,
UAVs were mostly used for military purposes, where they were very important for reconnaissance,
surveillance, and targeted operations [8]. But in the last few years, things have changed where
commercial, scientific, and recreational uses have become more important. Microelectromechanical
systems (MEMS), sensors, and battery technology have all improved, which has also contributed
make UAVs smaller and more affordable for a wider range of users [9]. Due to these technological
advancements, businesses in fields like agriculture, real estate, and filmmaking have started adopting
UAVs in their work. UAVs help them work more efficiently, get more data, and save money [10,11].It
is especially interesting how useful UAVs could be in humanitarian and disaster relief work. Drones
have been used for things like finding forest fires, mapping floods, and assessing damage after an
earthquake. UAVs are unmanned, so they provide valuable information while keeping people safe
[12-14]. UAVs are also expected to be a big part of making cities more connected and automated as
part of Industry 4.0 and the push for smart cities. Despite the widespread and adoption of these
UAVs, there has been several reports of crashes due to collision with static and dynamic obstacles as
highlighted by [15] which show the analysis of 60 UAV accident reports identifying that design flaws
and pilot response issues were the key causative factors. These Urban environments, characterized
by high-rise buildings, utility poles, and other obstacles, underscore the necessity of sophisticated
avoidance techniques to mitigate potential collision risks. These UAVs can perform repetitive tasks
more efficiently, but only if they can navigate accurately. This requires them to process information
and make decisions quickly, as well as to perceive their environment with high speed and precision.
Achieving this level of autonomous navigation is crucial for UAVs to operate effectively, especially
in dynamic environments where rapid response and adaptability are essential [16].

In the last few years, there has been tremendous work by various researchers in using event
camera vision system for fast autonomous navigation of UAVs in a dynamic environment. This vision
system offer a paradigm shift by capturing changes in brightness asynchronously, providing high
temporal resolution, low latency, low power consumption, and high dynamic range. And have been
widely adopted not just for autonomous navigation in UAVs but in the entire field of computer vision
([16], etc [17-20]). Leveraging event cameras vision system for dynamic obstacle avoidance in UAVs
opens up numerous practical applications, including aerial imaging, last-mile delivery, and urban air
mobility market that is experiencing rapid growth and worth billions of dollars, and it’s forecasted
to grow to USD 132.36 billion by 2035 [21] . This capability is especially significant due to the safety
concerns associated with operating aerial vehicles above crowds, as recent incidents have highlighted
the risks posed by drones colliding with birds or objects thrown at quadrotors during public events.
By reducing the temporal latency between perception and action, this technology helps prevent
collisions and non-negligible risk factor in urban environment as well as severe hardware failure
which could lead to loss [22]. These characteristics make them perfect for robotics and computer
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vision applications where conventional cameras are ineffective, like situations requiring high
dynamic range or speed [23].

Event cameras work like super-fast eyes. They see changes quickly, like when something moves;
instead of taking a picture of everything all the time, they only pay attention to what's moving. This
way, they don't get too much information all at once, and they can see very fast things happening
right away without missing anything. This type of sensor has high temporal resolution and low
latency and are superiorly sensitive to light, which allows them to estimate motion effectively and
consistently even in the most complex situations [24]. Autonomous drones without event camera
react within tens of milliseconds, which falls short for swift navigation in complex, dynamic
environments. To safely avoid collision with fast moving objects, drones need sensors and algorithms
with minimal latency [25]. Similarly,[26]highlight the necessity of low latency for navigating
unmanned aerial vehicles around dynamic obstacles. Event cameras stand out in these contexts due
to their high dynamic range. For instance, [27] proposed an entirely asynchronous method for
monitoring intruders using unmanned aircraft systems (UAS), leveraging event cameras’ unique
properties. Compared to conventional cameras, event cameras offer significant advantages such as
high temporal resolution (in milliseconds), an exceptionally high dynamic range (140 dB versus the
typical 60 dB), low power consumption, and high pixel bandwidth (in kHz), which minimizes motion
blur. Consequently, event cameras show strong potential for robotics and computer vision in
scenarios where traditional cameras may fall short. They also produce a sparser and lighter data
output, making processing more efficient ([23,25]).

The integration of event-based vision in UAV systems represents a critical juncture in the
evolution of aerial autonomy. While numerous individual studies have explored aspects of this
integration, the existing body of knowledge in UAVs remains fragmented. Researchers face a lack
of consolidated information regarding the current state of event camera usage in UAVs, especially in
areas such as publicly available datasets with ground truth, simulation environments, algorithmic
developments, and real-world applications. Despite several notable similar reviews like [23], and
[28], but none of them has been able to focus on UAVs which is a technology that is receiving global
attention and requires critical approach for automation. This fragmentation poses a barrier for
newcomers in the field of UAVs who should leverage on the features of this camera over standard
camera.

This systematic literature review (SLR) seeks to bridge this gap by synthesizing the recent
advancements, identifying core limitations, and uncovering future possibilities for event cameras in
UAV applications. It higlights the critical need of event cameras for fast autonomous sensing in UAV
to enable rapid reponse to dynamic and complex environments. As shown in Figure 1, this review is
divided into 8 sections. In section 1, we discussed about the background of UAVs and the need to
leverage on event camera for fast autonomous navigation. Section 2 discussed about how we used
the common Prisma approach to organise articles for the systematic literature review. Then in section
3 we discussed on the various models and algorithms researcher have used in several applications
UAVs using this camera. Here we categorized the methods into geometric, learning based,
neuromorphic and hybrid approaches. Section 4 discussed on various real-life applications of UAVs.
In section 5, we pointed researchers to the right direction where they could find the available dataset
and open-source simulation tools. Section 6 provides a descriptive result that showed the relevant of
this camera for UAVs applications. In section 7, is the challenges and proposes directions for future
work, aiming to accelerate innovation and practical adoption of event-based vision in autonomous
aerial systems and finally, section 8 is the conclusion.
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Figure 1. Reported Drones or UAV accidents by year of occurrence [15].
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The review is guided by five interrelated objectives:
i To examine existing algorithms and techniques - spanning geometric methods, deep learning-

based approaches, neuromorphic computing, and hybrid strategies - for processing event data
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in UAV settings. Understanding how these algorithms outperform or fall short compared to
traditional vision pipelines is central to validating the potential of event cameras.

ii. To explore the diverse real-world applications of event cameras in UAVs, such as obstacle
avoidance, SLAM, object tracking, infrastructure inspection, and GPS-denied navigation. This
review highlights both the demonstrated benefits and operational challenges faced in field
deployment.

iii. To catalog and critically assess the publicly available event camera datasets relevant to UAVs,
including their quality, scope, and existing limitations. A well-curated dataset is foundational
for algorithm development and benchmarking.

iv. Identify and evaluate open-source simulation tools that support event camera modeling and
their integration into UAV environments. Simulators play a vital role in reducing experimental
costs and enabling reproducible research.

v. To project the future potential of event cameras in UAV systems, including the feasibility of
replacing standard cameras entirely, emerging research trends, hardware innovations, and

prospective areas for interdisciplinary collaboration.

By organizing the literature according to these five thematic pillars, this review offers a
structured resource for scholars, engineers, and practitioners in robotics, computer vision and
autonomous systems working on UAV navigation and perception. Furthermore, it identifies
unresolved challenges, benchmarks current progress, and proposes directions for future work,
aiming to accelerate innovation and practical adoption of event-based vision in autonomous aerial
systems.

1.2. Basic Principles of an Event Camera

Event cameras are bio-inspired sensors that differ from conventional cameras due to their
asynchronous way of measuring per-pixel brightness changes compared to the former whose capture
images at fixed rate.[23]. Every pixel in an event camera continually and independently tracks
changes in intensity. A pixel that notices a notable shift in light intensity, either increasing or
decreasing, creates an "event" that contains its location, the polarity of the change which is
brightening or darkening and an exact timestamp [30]. The fundamental idea underlying event
cameras is the asynchronous recognition of scene changes, enabling them to function with great
temporal resolution, frequently in the microsecond range.

The capacity of event cameras to function in difficult lighting settings is another important
benefit. Conventional cameras would find it difficult to simultaneously capture bright and dark areas
in scenes with great dynamic ranges, whereas event cameras are simply sensitive to changes in
intensity. Because only pixels that undergo a change are captured, the data produced by event
cameras is also sparse and compact, requiring less data bandwidth and processing that is more
effective [32]. Because of these characteristics, event cameras are perfect for robotics, autonomous
driving, and surveillance applications where quick and low-latency vision is essential Nevertheless,
the asynchronous character of the data presents difficulties for conventional computer vision
algorithms, requiring the creation of fresh processing methods customized for the particular data
format of event cameras ([23,32]).

Conventional image sensors and event-based cameras function very differently. Event-based
cameras offer great temporal resolution and little motion blur, while traditional cameras collect
images at fixed frame rates. Event-based cameras detect changes in pixel intensity asynchronously.
This makes event cameras perfect for situations where standard sensors frequently falter, such as
high-speed or low-light conditions. Furthermore, event cameras interpret sparse data and use less
power, which improves efficiency in real-time applications like UAV navigation [23]. Traditional
cameras, on the other hand, work better in static contexts (such as object recognition jobs) when full-
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frame information is essential. Though integrating event cameras with traditional computer vision
processing algorithms is still a problem, they perform best in dynamic environments where only little
changes are noticeable [33].

1.3. Types of Event Cameras

This subsection presents the different categories of event cameras. The itemization herein spans
across five different types as highlighted in Table 1. Their detailed mode of operation and identified

gaps were also presented.

Table 1. Types of Event Cameras.

Type

Operation

Gaps

Dynamic
Vision Sensors
(DVS).

[29]

Detecting variations in brightness is the sole
method used by DVS, the most popular kind of
event camera. When the amount of light in the

scene varies enough, each pixel in a DVS
independently scans the area and initiates an
event. With their high temporal resolution and
lack of motion blur, DVS sensors work especially
well in situations involving rapid movement.
DVS has a number of benefits over conventional
high-speed cameras, one of which being their
incredibly low data rate, which qualifies them for
real-time applications.

Despite these capabilities, integrating
DVS sensors with UAVs remains a
challenge, especially on the issues of
real-time processing and data
synchronization [23]. Lack of
standardized datasets is also making
it difficult to evaluate the
performance of DVS camera-based
UAV applications [30].

Asynchronous
Time-based
Image Sensors
(ATIS) [31]

ATIS combines the capability of capturing
absolute intensity levels with event detection. Not
only can ATIS record events that are prompted by

brightness variations, but it can also record the
scene's actual brightness at particular times.
Rebuilding intensity images alongside event data
is made possible by this hybrid technique, which
enables greater information acquisition and is
especially helpful for applications that need both
temporal precision and intensity information.

Data from an event-based ATIS
camera can be noisy, especially in low
light conditions. So, there is a need for

an efficient noise filtering model to
address this [32]

Dynamic and
Active Pixel
Vision
Sensors
(DAVIS) [33]

DAVIS sensors combine traditional active pixel
sensors (APS) and DVS capability. Because of its
dual-mode functionality, DAVIS may be used as

an event-based sensor to identify changes in
brightness or as a conventional camera to record
full intensity frames. DAVIS's dual-mode
capacity makes it adaptable to a variety of
scenarios, including those in which high-speed
motion must be monitored while retaining the
ability to capture periodic full-frame photos.

This capability of combining both
APS and DVS capability poses
challenges in complex data
integration and sensor fusion [34]

Colour Event
Cameras [35]

Color event cameras are one of the more recent
innovations that increase the functionality of
traditional DVS by capturing color information.
These sensors enable the camera to record color
events asynchronously by detecting changes in
intensity across various color channels using a
modified pixel architecture. This breakthrough
enables event cameras to be utilized in more
complicated visual settings where colour
separation is critical.

There is scarcity of comprehensive
dataset repository specifically for
training and evaluating models that
use this camera [36]

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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2. Materials and Methods

This review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) approach [37] as shown in Figure 1. Five main research questions are addressed in this
study: which open-source simulation tools facilitate the integration of event cameras into UAV
systems; which publicly available event camera datasets for UAV applications and their limitations;
which major model or algorithms have been developed for event-based UAV perception and how
well they perform in comparison to standard vision systems; which UAV applications have
successfully deployed event cameras and the challenges that have arisen; and which emerging future
directions and innovations for event cameras in UAV applications are being explored.

2.1. Search Terms

Using extensive database coverage across seven major academic repositories, the search strategy
included: IEEE Xplore for robotics and sensor technologies; SpringerLink for algorithmic and control
system papers; Web of Science for highly cited scientific publications; ACM Digital Library for
computer vision and real-time systems; Scopus for interdisciplinary engineering studies; arXiv for
state-of-the-art preprints; and MDPI for open-access UAV and vision system studies. Boolean
operators and wildcards were used strategically with phrases like "Event camera” OR "dynamic
vision sensor” OR "neuro-morphic camera" along with specific modifiers like "Event camera” AND
("UAV" OR "drone" OR "unmanned aerial vehicle"), "Dynamic vision sensor" AND ("navigation" OR
"SLAM" OR '"visual odometry"), and "Event-based" AND ("optical flow" OR "object tracking" OR
"collision avoidance").

2.2. Search Procedure

Peer-reviewed articles, conference proceedings, and high-quality preprints that directly applied
event cameras in UAV contexts with empirical evaluation of systems, algorithms, or datasets related
to UAV navigation, perception, tracking, SLAM, or object recognition were the only publications
from 2015-2025 that met the inclusion criteria. Pre-2015 publications, non-English studies, event
camera research unrelated to UAV applications, work without methodological rigor or empirical
validation, duplicate publications or secondary summaries, and studies focusing solely on hardware
or biological vision systems without any application to UAV robotics were all excluded based on the
exclusion criteria.

Data extraction was done using a detailed structured matrix that recorded bibliographic data
(authors, publication year, source, and title); study specifications (UAV platform type, experimental
environment, and primary research objectives); technical details (event camera specifications (DVS,
DAVIS, and Prophesee Gen4), sensor resolution, temporal resolution, and power consumption
metrics; algorithmic classification into geometric approaches, learning-based methods, neuro-
morphic computing approaches, and hybrid sensor fusion prototypes); and performance metrics
(precision measures, response time and latency, robustness under different conditions, power
efficiency, and cross-platform transferability).

The supported tools include Python with Pandas for quantitative summaries and exploratory
data visualization, Vosviewer for clustering, Microsoft Excel for data analysis and cross-tabulation,
and Mendeley for source organization and citation management. Five standardized criteria were
used to evaluate each study for quality assessment: reproducibility through the availability of source
code, datasets, or clear implementation details; methodological rigor through valid experimental
design and evaluation procedures; innovation and contribution through novel techniques or
applications for event-based UAV perception; empirical validation with quantitative results and
benchmark comparisons; and clarity of objectives regarding event camera-UAV research goals. A
binary system was used to score the studies; papers that satisfied at least four of the five requirements
were given priority as high-quality contributions. The lead reviewer carried out the quality
assessment independently, using secondary verification to ensure consistency.
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Figure 3. Bibliometric Mapping of Event Camera Applications in UAVs.

Using the Vos viewer software [38], Figure 4 demonstrates the interdisciplinary nature of event-
based UAV research, highlighting strong connections between neuromorphic sensing, autonomous
navigation, and real-time visual processing, which form the foundation of current event-driven aerial
navigation development.

3. Models and Algorithms

Event Processing data for events in UAVs is an important aspect because the use of algorithms
is considered in the development of interpreting applications associated with event data in UAV. As
a result of this the asynchronous and inimitable landscape of event streams, algorithmic approaches
differs to a large extent from those which are adopted in the frame-based visualization. Owing to this,
grouping these algorithms to four distinct categories is considered such as the following: Geometric
Approach, Learning-based Methods, Neuro-morphic Approach of Computing, and Hybrid Sensor
Integration Methods.

3.1. Geometric Approach

The geometric approach of processing is the foundational category of methods used in ego
motion compensation and optical flow for UAVs equipped with event cameras. This is based on the
principles of projective geometry and rigid body transformations.[45] works identified a method for
a real-time optical flow using DVS sensor on a miniature embedded system that is suitable for
autonomous flying robots. The local motion at each pixel is modeled as a linear combination of the
three global motion components; pan, tilt and yaw rotations which are represented by vectors v,
and vy where the local flow vV(X,Y) ateach pixel is expressed as:

v(x,y) =X v+ ﬁvy-l' YV, 1)

where «, 3 and vy are the coefficient representing pan, tilt and yaw respectively.

The event-based visual odometry is identified as part of the major dominant and first
recognized technique which was earlier introduced by [39], and it was identified that the performance
features of this approach are used to track and estimate camera motion that does not have frames
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and also to attain a rotation error of about 0.8° and a translation error close to 2%, with computational
efficiency which is appropriate for onboard UAV processing. More so, [40] argued this assertion in
comparison to a visual odometry technique with low latency which eventually ensures that delays
are minimized.

Contrast maximization on the other hand was introduced by [41], which is identified to take an
entirely different route by optimizing alignment through motion-compensated contrast development
in the event stream. Meanwhile, it is identified to be powerful in scenes that are static, and its
assumption of inflexibility exposes it to vulnerable unique interference.

The dynamic vision sensors are bio-inspired with sensors that record intensity changes rather
than intensity images from pixel-wise captures.

Given an event e, = (X, ty, Px) that was triggered by a logarithm intensity L(xy,t)) ata
given pixel that is more than the contrast intensity C > 0. The logarithm intensity was modelled by
XX as:

L(xy, ty) — L(xy, ty, Aty) = piC, 2)

where xj, = (xy, yk)T, is the spatio-temporal coordinates in ty(with US resolution) and polarity
Pr € {+1, —1} is the sign of the change of intensity, and tj, — Aty is the time difference between
the pixels.

Gallego et al. 2018 in their work modelled the contrast maximalization with a mathematical

e . N,
framework from a Dynamic Vision Sensor. Given a set of events { = {ek} kil

er = Ot Pk) = e = (X tref, pk) @3)
According to their work, the motion model W results into a set of warped events {' =

{ek'}llgil. This results into a warp given as:
x;( = W(xkr tkl 0) (4)

The warp transport events along the motion point trajectory 6 until a time t,.of has been
reached. An objective function called the image of warped events is modeled to measure the
alignment of the warped events such as:

Ne
150) = ) b d(x - x,(0)) )
k=1

where x is the pixel and sums the values for the warped evens that falls within its range of by, =
[ px 1], with the former given the value if polarity was used and 1 if not used.

Continuous-time trajectory estimation was proposed by [42], which is an identified motion
model connected with a continuous function instead of discrete poses, which aligns better with the
asynchronous nature of event data. More so, [43] introduced the EVO, which is an identified 6-DOF
system of mapping and parallel tracking used to process events in a timely manner, meanwhile, it is
identified that the performance of the EVO lacks low-texture settings.[39] in their work, explored how
standard cameras uses fixed frame rates to send full frames and how event cameras use its
independent pixels to continuously fire intensity changes in the image plane. For the given intensity
1, the sensor generates an event at the point u(X, )T witha logarithm function given as:

|Alog(D)| = |—{Vlog(l),uAt}| >C (6)

where V calculates the special gradient in the motion field U over a time frame At. These events are
recorded with a timestamp and asynchronously transmitted due to advanced digital technology that
works behind the scenes. The events of the cameras usually form tuple of e, = (xy, ty, i), where
(X, t) forms the coordinates of the event, polarity is Py, and the timestamp is tj.

In practice the Delta function in the IWE is replaced with a smooth approximation like the
Gaussian, such that:
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8§~ N(x;u,€?), withe=1pixel 7)
The objective function of the IWE model is:
.1 . 2
6(6) = Var1(x;6) = f = (I(x;0) — up)? do, ®)
Q

where U; is the mean and () is the image domain.

1

h = Tl

f = (I(6:0)) dx, ©)
Q

Hence, the optimization algorithm that optimizes the contrast framework is give as:
0" =arg max G(O) (10)

Therefore, the geometric approach is identified to maintain an attractive computational
suitability and simplicity for UAVs that are resource-constrained, meanwhile, their limitations are
based on the sparsity of scene, sensitivity to noise, and elements dynamism.

Table 2. Summary of Relevant contributions using Geometric approaches.

Author Year DVS Type Evaluation Application/Domain Future Direction
Real Indoor test The research targeted indoor
flight with a . environment. Dynamic scenes
[44] 2015 DVS128 . Navigation . .
miniature with more complex environment
quadcopter is required
Further work should focus on the
[45] 2019 DVS128 Vision Aid Landing ~ "0rustess and the accuracy of the
landmark detection especially in a
complex scene.
This approach model obstacles as
ellipsoids and relies on sparse
Real world representation. Extending this

Dynamic obstacl
[25] 2020  SEESI  Experiment with ynamic obstacie
avoidance

Quadrotor environments with non-ellipsoidal

approach to a more complex

obstacles and clutter urban
environments remain a challenge
The algorithm is limited to 3-DoF
displacement (translation) and

. Real life with o . .
[46] 2023 Nil UAV Navigation and control ~ does not incorporate changes in
orientation, limiting its capability

to fully determine the 6-DoF pose.

The author recommended a

DAVIS complete SLAM framework for
47 2023 MVSCEC Dataset Navigati
[47] 240C arase avigation high speed UAV based on even
camera

Real world with Lack of dataset in that domain and
UAV and L . inability of the model to accurately
. . . Powerline inspection and
[48] 2024  CeleX-5 simulation with

Unreal engine

tracki distinguish between powerlines
rackin
5 and non-linear object in a complex

and Airsim scene

(49] 2024 DAVIS 326 Real-world witl.n Load tran.sp.)or.t; cefble swing  Future v.vork could focu§ on
Octorotor UAV in minimization enhancing event detection
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indoor and
outdoor swings, developing more

robustness during larger cable

sophisticated fusion techniques,
and extending the method's
applicability to dynamic, highly
noisy environments.

3.2. Learning-Based Methods

All figures and tables Deep learning techniques have been developed to overcome many of the
drawbacks of geometric models, especially when it comes to managing dynamic, complicated scenes.

E2VID One of the earliest models to translate event streams into standard frames for CNN
processing was [50] and the main temporal benefits of event data were jeopardized, even if this
allowed for high-quality image reconstruction. When applied to autonomous driving, [51]
demonstrated that this technique worked well for simple navigation.

EV-FlowNet in their self-supervised optical flow estimation, [52] preserved the event structure,
attaining exceptional accuracy (0.32 average endpoint error) and resilience in demanding settings.

Dynamic tracking based on events has also advanced and strong object detection techniques for
harsh illumination situations were created by Mitrokhin et al. ([53,54]), and they were extended using
the EV-IMO dataset [53].

Table 3. Summary of Relevant contributions using Learning based approaches.

Event
Method of L i
Author Year Camera emo . © Application/Domain carmng Future Direction
Evaluation Method
Type
The study highlights
the need to optimize
network size for better
The system

perception range,
was evaluated . Rk
L . Event-based object Deep design new reward
via simulation . . . .
detection, obstacle reinforcement functions for dynamic

[55] 2022  DVS

trials i
Mr.1a S mft avoidance learning obstacles, and
icroso
o incorporate LSTM for
AirSim, . .
improved dynamic
obstacle sensing and
avoidance in UAVs
The proposed DNN
with noise protected
MRFT lack robust high-
Real-world ack robus .1g
. . speed target tracking
testing with a o
under noisy visual
hexarotor data and slow
nsor
UAV installed ¢ :lot ) )
with both ' . Deep update ra'e sey.nsors,
Visual servoing . future directions
[56] 2023 DAVIS346 event and reinforcement . .
robustness ) include developing
frame based learning

camera and
simulation in
Matlab
Simulink

adaptive system
identification for high-
velocity targets and
optimizing neural
network-based tuning
to improve real-time
accuracy under varying
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sensor delays and noise
conditions

The high-resoluti
To bridge the € high-resolution

bility of th
data gap the capabritly of the

Prophesee EVK4-HD
camera (1280 x 720)
opens new avenues for

first large scale
high resolution

event-based . .
Transformer- improving event-based

Proph tracki
rophesee racking Obstacle localization;  based neural tracking, but it also

[57] 2024 camera  dataset called
EVK4-HD EventVot was
produced
through UAVs
and used for

navigation networks introduces additional
challenges, such as
increased
computational
complexity and data

real world .
evaluation pro.cessmg
requirements.
Real world
testing in a Graph Real world experiment
(58] 2024 DAVIS3aee ontrolled o ctacle avoidance  Lransformer inacomplex
environment Neural Network environment is limited
with (GTNN) in the research
hexacopter

3.3. Neuro-Morphic System Approach of Computing

Neuro-morphic approaches seek to maintain the biological analogies of event data because of its
spike-like characteristics. Particularly applicable to UAVs with limited power are these techniques.
For UAV obstacle avoidance, [59]employed spiking neural networks to present a behavioural
simulation of the Locust lobula Giant movement Detector (LGMD) neurons, which senses looming
objects that help UAVs avoid obstacles. The mixed-signal SLAM system known as NeuroSLAM [60]
was developed specifically for neuromorphic devices. [61]examined neuro-morphic robotics
platforms, and [62] demonstrated Intel's Loihi chip in UAV perception. Li et al. (2023) put into
practice a bionics-based recovery mechanism for micro air vehicles, whereas [63]created a fused
vision system for quick target localization. Despite their promise, neuromorphic approaches are
currently hindered by the scarcity of technology, despite their enormous potential for ultra-efficient
UAV vision.

Table 4. Summary of Relevant contributions Neuromorphic computing approaches.

Event
Author Year Camera Method of Evaluation Application/Domain Model Future Direction
Type
Spiking Integrate motion
real-world recorded Neural direction detection
[59] 2017 DVS data from a DVS Obstacle avoidance ~ network (EMD) and
mounted on a QUAV model of enhance sensitivity
LGMD for diverse stimuli
Real-world testing in . The model was
SNNis) trained

indoor environment tested in an inddor

using spike-

using the actual data . 2. environment.
Drone detection timing- A
[64] 2019 DVS240  from the DVS sensor d dent Exploring the
ependen
and simulation testing Ip Hci systemin a
astici
using data that was p( STDP)ty resources-
processed through an ' contrained
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event simulator environment is
(PIX2NVS) critical
The authors
suggested the
potential for

integrating

adaptation
Real world experiment P

mechnism and

[65] 2020 DAVIS240C on two motor 1-DOF SLAM PID+SNN . .
online learning
UAV .
into the SNN-
based controllers
by utilizing the
chip’s on-chip
plasticity
Deep Double
Simulated DVS Q-Network Improve network
(66] 2023 implemented through Obstacle avoidance (D2QN) architecture for
the v2e tool within the integrated better performance
AirSim environment with SNN and  in real world
CNN
Chiasm-
inspired Event
nep Tre . ven Extending the
Filtering design principle
Real-world experiment . (CEF) and shp P
[67] 2025 - Obstacle avoidance o beyond obstacle
on drone LGN-inspired .
avoidance to
Event oation
naviga
Matching &
(LEM),

3.4. Hybrid Sensor Integration Methods

The drawbacks of single-sensor systems are addressed by hybrid techniques, which combine
event data with various sensor modalities. Ultimate SLAM by [68] integrates IMU, frame, and event
data to provide reliable SLAM under high-speed, HDR circumstances. Stereo event processing and
sensor fusion are supported by the MVSEC dataset [39]. [69] improved on this model when they
enhanced it with a range sensor and called the model REVIO. This model outperforms existing
methods on the event camera dataset, reducing position error by up to 80% in high-speed scenes and
achieving better accuracy and efficiency compared to [68] and VINS-Mono in dynamic environments

Table 5. Summary of Relevant contributions Hybrid approaches.

Event
AuthorYear Camera Efzztll::tii::rfl Application/Domain Model Future Direction
Type
Hybrid State
The result was E};timation Future v?/ork sh.ould
[68] 2018 DVS evaluated with SLAM combinining data expand. this multimodal
[39] from event, standard Sensorin more C.om}.)lex
camera and IMU. real world application
VIO model According to the author,
6DOF quadrotor VIO(Visual inertial combining event the effect of noise and
[69] 2022DAVIS 346 and also using domometry) camera, IMU and illumination on the
dataset from [40] depth camera for algoithm is worth to

range observations.  study in the next step.
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Real world in a

It fuses asynchronous
event streams and
standard image

static and utilizing nonlinear Future work aims to
[70] 2023 DAVIS346 d}.fnamic Motion tracking. and optimizatio.n through incoTporate edge
environment obstacle detection = Photometric Bundle computing to accelerate
using AMOV- Adjustment with processing
P450 drone. sliding windows of
keyframes, refining
pose estimates.
While the experiment

Prophesee

EVK4-HD
[71] 2024
sensor.

Two insulator

CPLID and SFID.

defect datasets, Power line inspection

used reproduced event
data derived from RGB
images, the authors note
YOLOvVS that real-time captured
event data could better
exploit the advantages of
neuromorphic vision

sensors

Simulated data
and real-world

Integration of

nighttime traffic complementary sensors
scenes captured . . Dual-input 3D CNN such as LIDAR and IMUs
[72] 2024 - . Object Tracking ] K
by a paired RGB with self-attention for depth-aware 3D
and event representations and more
camera setup on robust object tracking
drones
Extending the work to
event-based multi-sensor
PL-EVIO which fus%on b.eyond visual-
Real world tightly-coupled inertial, such as
testing on optimization-based integrating LiDAR for
[73] 2024 Quadrotor in VIO local perception and

both indoor and
outdoor

monocular event and | | ; L
visible light positioning

or GPS for global
perception, to further

inertial fusion.

exploit complementary
sensor advantages

4. Application Benefits of Event Cameras Vision System on UAVs

The use of event cameras vision system in Unmanned Aerial Vehicles (UAVs) has made it

d0i:10.20944/preprints202511.1384.v1

possible to use them in a variety of fields where traditional frame-based vision system are often
ineffective. The high temporal resolution, low latency, and durability of event-based cameras in
dynamic and low-light environments conditions frequently encountered in airborne operations
motivate their use in UAV systems. Consequently, a number of creative use cases have surfaced in
both experimental and research deployments, and this section summarizes important application
areas found in the literature, demonstrates how event-based vision improves performance in each
situation, and considers lingering restrictions and integration difficulties.

4.1. Visual SLAM and Odometry

Visual odometry and event-based SLAM are two of the most studied topics for UAV navigation
with event cameras vision system. The use of event cameras vision system in UAVs for visual
odometry (VO) and simultaneous localization and mapping (SLAM) is among the oldest and most
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actively researched uses of these cameras. EVO [43] and Ultimate SLAM [68]are two examples of
systems that show how event streams may be used for precise 6-DOF pose tracking in high-speed
motion and in settings where motion blur or changing lighting would cause classic frame-based
SLAM to fail. In fast-moving aerial situations, motion blur and latency are the limitations of
traditional frame-based SLAM systems. On the other hand, by accurate temporal sampling, event
cameras allow for continuous time pose estimation.

[39] showed that event-based visual odometry could accurately and latency-free estimate UAV
motion. [68] expanded on this work with the Ultimate SLAM framework, which achieves robust
SLAM in high-dynamic-range (HDR) situations by combining event data, frames, and inertial
measurements.

These systems' performance can degrade in low-texture settings or during aggressive
maneuvers, despite their potential in organized environments. This suggests that more algorithmic
robustness and sensor fusion techniques are required.

4.2. Obstacle Avoidance and Collison Detection

Event cameras' low latency and resistance to motion blur have allowed them to perform
exceptionally well in reactive obstacle avoidance and high-speed navigation. For high-speed obstacle
avoidance in UAVs, event cameras are perfect because of their lightning-fast response and lack of
motion blur. While event cameras may detect changes in the visual field in microseconds, traditional
vision-based systems may not be able to detect fast-moving impediments in dynamic situations.
[55]and [24] have tested and proposed reactive systems that can identify and avoid moving objects
in milliseconds. Event-based moving object detection frameworks were created by [54] and they
showed dependable segmentation in challenging motion and lighting scenarios. For ornithopter
UAVs, [27] implemented a biologically inspired sense-and-avoid system that uses asynchronous
event data to enable evasive maneuvers with response times of less than a millisecond. These
investigations highlight the effectiveness of event-based systems in situations that call for prompt
decision-making, like autonomous defense applications, drone racing, and spying.

However, there are still unresolved issues with filtering noisy activations and adjusting
thresholds for event triggering, especially in cluttered, multi-object environments.

4.3. GPS-Denied Navigation and Terrain Relative Flight

In environments where GPS is not available, including tunnels, urban canyons, woodlands, or
indoor spaces, UAVs must rely on vision-based navigation. A appealing substitute for conventional
visual-inertial systems, event cameras allow for terrain-relative navigation that swiftly adjusts to
changing conditions. For localization and map-less landing, some solutions have integrated
downward-facing sensors with event cameras.

To accomplish low-power, precise localization in restricted regions, [60] introduced
NeuroSLAM, a mixed-signal neuro-morphic SLAM system that took advantage of event camera data.

Although promising, these techniques still need a lot of sensor fusion with depth sensors and
inertial data to guarantee stability over extended missions.

4.4. Infrastructure Inspection and Anomaly Detection

Event cameras have been mounted to unmanned aerial vehicles (UAVs) in the fields of civil
engineering and smart infrastructure to perform fine-grained inspection jobs including detecting
building flaws or bridge cracks. Visual systems that can function in challenging or fluctuating lighting
circumstances are necessary for UAV-based inspection of vital infrastructure, such as buildings,
bridges, and power lines. Event cameras are ideal for capturing fine details in areas that are
overexposed or shaded because of their HDR capabilities.

The ev-CIVIL dataset was created by [74] especially for infrastructure assessment with event
cameras installed on unmanned aerial vehicles. Their work showed how to successfully identify civil
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structural flaws in highly contrasted illumination. These applications are especially pertinent to
automated maintenance workflows and smart city monitoring.

Notwithstanding these benefits, the area does not yet have large-scale annotated datasets or
established criteria for comparing event-based flaw detection.

4.5. Object and Human Tracking in Dynamic Scenes

In situations when there are numerous moving agents, such as in search and rescue operations
or disaster response areas, event cameras have demonstrated the ability to detect and track humans
or vehicles [72]. UAVs have employed event cameras vision system to perform aggressive flight
maneuvers, such as making sharp turns, avoiding swift objects, and trajectory prediction[75] and [76]
in their event camera vision system demonstrate dynamic tracking.

In order to enhance tracking performance in extremely dynamic or dimly lit conditions, [77]
suggested a hybrid human identification framework for UAVs that combines traditional vision with
event streams. They demonstrated enhanced resilience to background motion and occlusion with
their multi-modal curriculum learning strategy.

4.6. High-Speed and Aggressive Maneurvering

High-speed and aggressive flight, where quick reaction times are essential, may be the most
notable use of event cameras in UAVs. To perform aggressive flight maneuvers, such as making sharp
turns, avoiding swift objects, and navigating through crowded areas, UAVs have been equipped with
event cameras. A bio-mimetic fused vision system for microsecond-level target localization was
created by [78] allowing UAVs to chase nimble targets and execute evasive maneuvers. Their edge-
optimized solution supported high-speed control with low power consumption by combining event
data and spiking neural models.

These systems could be used for drone racing, military evasion, or agile urban delivery, but their
transfer from lab to field still requires generalizability

Table 6. Summary of review on the Applications of Event Camera vision system in UAVs.

Cited Works Application Area Challenges / Future Directions
Performance degrades in low-texture or highly
Visual SLAM and dynamic scenes; need for stronger sensor fusion
[30,39,42,60,68,79,80] .
Odometry (e.g., with IMU, depth); robustness under

aggressive manoeuvres.

Filtering noisy activations; setting adaptive
[24,25,53,55,58,66,70,81-84] Obs’Fa.cle Avoidz?nce and thre.sholds in Clutte.red, multi-object
Collision Detection environments; scaling to dense urban or

swarming scenarios.

Requires fusion with depth and inertial data for
GPS-Denied Navigation  stability; limited long-term robustness;

85
[85] and Terrain Relative Flight neuromorphic SLAM hardware still in early
stages.
Lack of large, annotated datasets; absence of
[74] Infrastructure Inspection ~ benchmarking standards; need for
and Anomaly Detection  generalization across varied materials and
lighting.
Object and Human Sparée., n?n—textlfred c%ta l.imits .fine-grained
L. . classification; re-identification with event-only
[86] Tracking in Dynamic . Cpg .
streams remains difficult; improved
Scenes . .
multimodal fusion needed.
High-Speed and Algorithms need to generalize from lat? to real-
[78] world; neuromorphic hardware maturity;

Aggressive Maneuverin,
58 & power-efficiency vs. control accuracy trade-offs.
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5. Datasets and Open-Source Tools

In this section, we delve into the different datasets that are available for UAV applications using
event cameras. The objective is to expose researchers to a wide array of event datasets and their
challenges that are available specifically for UAV applications. Furthermore, we discussed various
open-source tools and simulators, including their variation and challenges.

5.1. Available Datasets for Event Cameras in UAVs Applications

Event cameras vision system are being used more often in UAVs for jobs requiring high
temporal resolution, low latency, and effective data processing. These cameras function by detecting
changes in the visual scene instead of taking entire image frames. Specialised datasets are required
to maximise the usage of event cameras in UAV applications due to their distinct capabilities

A. Event-Camera Dataset for High-Speed Robotic Tasks

This dataset includes high-speed dynamic scenes that are relevant to UAV manoeuvres, like fast-
paced tracking and navigation tasks. It provides ground truth measurements from motion capture
systems along with event data, which makes it useful for benchmarking high-speed perception
algorithms in UAVs [39]. They indicated that there are two recent datasets that also utilise DAVIS:
[87] and . The first study is designed for comparing algorithms that estimate optical flow based on
events [87]. This dataset includes both synthetic and real examples featuring pure rotational motion
(3 degrees of freedom) within simple scenes that have strong visual contrasts, and the ground truth
information was obtained using an inertial measurement unit. However, the duration of the
recording of this dataset is not sufficient for a reliable assessment of SLAM algorithm performance
[88].

B. Davis Drone Racing Dataset

This is the first drone racing dataset, and it contains synchronised inertia measuring units,
standard camera images, event camera data and precise ground truth poses recorded in indoor and
outdoor environments [89]. The event camera used for this dataset is miniDAVIS346 with a special
resolution of 346 x 260 pixels proved to have a better quality than the one used by [30], which is
DAVIS240C, with a resolution of 240 by 180 pixels.

C. Extreme Event Dataset (EED)

This dataset was collected using the DAVIS246B bio-inspired sensor across two scenarios.

It was mounted on a quadrotor and on handheld devices for non-rigid camera movement [54].
This is the first event camera dataset that is specifically designed for moving object detection and was
used as a benchmark dataset by [90] in their segmentation method to split a scene into independent
moving objects.

D.Multi-Vehicle Stereo Event Camera Dataset (MVSEC)

MVSEC provides event data captured in a diverse set of environments, including indoor and
outdoor scenes. It includes stereo event cameras mounted on a UAV, synchronized with other sensors
like IMUs and standard cameras. The dataset is crucial for stereo depth estimation, visual odometry,
and SLAM (Simultaneous Localization and Mapping) in UAVs [91]. This dataset was combined with
the accuracy of the frame-based camera for high-speed optical flow estimation for UAV navigation
with a validation of 19% error degradation at 4x speed up [63].

D. RPG Group Zurich Event Camera Dataset

The research team at the University of Zurich is the leading force in advancing research on event-
based cameras. These datasets were generated from their iniLabs using the DAVIS240C sensor. They
were generated for different motions and scenes and contain events, images, IMU measurements,
and camera calibration. The output is available in text files and ROSbag binary files, which are
compatible with Robot Operating System (ROS). This dataset is a standard for the development and

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1384.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 November 2025 d0i:10.20944/preprints202511.1384.v1

19 of 29

assessment of algorithms in pose estimation, visual odometry [92], and SLAM [68], especially within
UAV applications, but its dataset scenarios may not cover real-world UAV environments, potentially
constraining generalizability [39]

E. EVDodgeNet Dataset

This dataset called Moving Object Dataset (MOD) was created using synthetic scenes for
generating “unlimited” amount of training data with one or more dynamics objects in the scene [93].
This is the first dataset that focused on event-based obstacle avoidance and was specifically generated
for neural network training.

F. Event-Based Vision Dataset (EV-IMO)

The most well-known dataset created especially for event cameras integrated into UAV systems
is the Event-Based Vision Dataset (EV-IMO). It has dynamic sceneries with a variety of moving
objects that mimic UAV flight situations. According to [53], this dataset is especially helpful for
problems involving object tracking, motion prediction, and feature extraction from event-based data.

G. DSEC

This dataset is similar to MVSEC since it’s gotten from monochrome camera and LIDAR sensor
for ground truth. However, the data from these two Prophese Gen 3.1 sensors event camera has 3
times higher resolution than from MVSEC[94].

H. EVIMO2

This dataset expanded on EV-IMO with improved temporal synchronization between sensors
and enhanced depth ground truth accuracy. Using Prophesee Gen3 cameras (640x480 pixels), it
supported more complex perception tasks including optical flow and structure from motion [95].

5.1.1. Summary of Available Datasets

The evolution of event camera datasets for UAV applications has progressed through three
distinct generations since 2017, showing remarkable technical advancement. Starting with
foundational collections using low-resolution DAVIS sensors (240x180 pixels), these datasets have
evolved to incorporate high-resolution Prophesee cameras (up to 1280x720 pixels), sophisticated
ground truth methodologies, and diverse environmental settings. The MVSEC dataset [91] has
emerged as the most widely adopted benchmark due to its comprehensive multi-vehicle scenarios
and stereo vision capabilities, with over 500 citations in the literature. For researchers focused on
high-speed drone applications, the UZH-FPV Drone Racing dataset [96] offers superior sub-
millisecond precision essential for racing applications, while those requiring detailed motion
segmentation should utilize EV-IMO [53] with its pixel-wise ground truth. The DSEC dataset [94]
provides the best option for high-resolution perception tasks, whereas EVIMO2 [95] represents the
current state-of-the-art for researchers requiring advanced sensor fusion and depth estimation
capabilities.

Despite significant progress, current event camera datasets for UAVs face substantial limitations
that impede broader adoption and real-world application. These challenges include restricted
operational scenarios predominantly in controlled environments rather than authentic UAV
missions; application bias toward racing and obstacle avoidance with insufficient representation of
inspection, mapping, or multi-UAV operations; and persistent technical issues including inconsistent
calibration approaches, non-standardized data formats, and varying annotation quality. For specific
applications, researchers should select datasets strategically: obstacle avoidance systems should
build upon EVDodgeNet; autonomous racing should leverage UZH-FPV; SLAM applications are best
served by MVSEC's diverse environments, while low-light operations benefit most from the EED
dataset's unique strobe light scenarios. Future datasets must address the critical gap in long-duration
autonomous flights, adverse weather conditions, and multi-UAV interaction scenarios to facilitate
the transition from laboratory research to commercial applications in inspection, delivery, and
surveillance domains.
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5.2. Simulator and Emulators

The development and testing of UAVs with event cameras prior to their deployment in real-
world situations requires the use of simulators and emulators. Developers can test algorithms in a
controlled setting by using tools such as the Event Camera Simulator (ESIM), which offers an online
environment. According to [97] these technologies utilize simulated scenarios to mimic the output of
event cameras, which enables software developers to improve their product without requiring on-
site testing.

A. Robotic Operating System (ROS)

When creating UAVs equipped with event cameras, the Robotic Operating System (ROS) is
frequently utilized. ROS offers an adaptable structure for combining sensors, handling information,
and managing unmanned aerial vehicles. Event cameras require an event-driven architecture, which
is supported with packages that make real-time processing and data fusion easier. Because ROS
provides a wide range of libraries and tools for managing sensor data, path planning, and control
algorithms, it is very beneficial. Rapid prototyping and testing are made possible by the collaborative
development environment that ROS's open-source nature supports [98].

B. Gazebo and Rviz

Popular simulation and visualization tools, Gazebo and Rviz, are utilized with ROS for UAV
development. With Gazebo, UAVs may be tested in virtual environments with dynamic objects and
changing lighting an essential feature for event cameras. Gazebo is a 3D simulation environment.
Rviz, on the other hand, makes it simpler to debug and improve algorithms by providing real-time
visualization of sensor data and the UAV's condition as it was used by [85]

5.2.1. Challenges in Software Development for Event Cameras Vision System in UAVs

The asynchronous and sparse nature of the data creates special issues for developing software
for event cameras in UAVs. To handle event-based data, traditional vision algorithms which are
frequently frame-based need to be modified or completely redesigned. Development may also be
hampered by the lack of uniformity in event camera data formats and processing technologies [25].
Creating software that works is made more difficult by the requirement for specific understanding in
both robotics and computer vision. Computational load is another issue that needs to be addressed
by developers because real-time processing of high-frequency event streams demands a lot of
processing power and effective code optimization [23]. To fully utilize event cameras in UAVs and
enable improved capabilities in dynamic and unpredictable environments, certain hardware and
software components are necessary [23].

Table 7. Opensource event camera simulator and source codes.

S/N Name Inventor Year Source
ESIM (Event C
1 S(inrjlr; to:)lmera [97] 2018 https://github.com/uzh-rpg/rpg_esim
ESVO (Event-based Stereo [99] 2022 https://github.com/HKUST-Aerial-
Visual Odometry) Robotics/ESVO
https://github. h-
3 UltimateSLAM [68] 2018 psi//github.com/uz
rpg/rpg_ultimate_slam_open
DVS ROS (Dynamic Vision .
1 201 https://github. h- d
Sensor ROS Package) [100] 015 ps://github.com/uzh-rpg/rpg_dvs_ros
Event-based Visual
5 rpg_evo (Event-based Visua [101] 2020 https://github.com/uzh-rpg/rpg_evo

Odometry)
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6. Discussion

Figure 5 highlights the top 10 institutions in the research dataset. ETH Ziirich leads the group,
closely followed by Universitit Ziirich and Universidad de Sevilla. The Institute of Neuroinformatics
also makes a significant contribution, alongside CNRS Centre National de la Recherche and the
National University of Defense Technology. Additional key contributors include Beihang University,
Tsinghua University, Delft University of Technology, and the Air Force Research Laboratory. The
distribution shows a strong concentration of research activity among prominent European and Asian
technical universities, with Swiss institutions notably prominent. The involvement of defense-related
organizations indicates that the research area likely has military or security applications.
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Figure 2. Summary of the top Research Institute in this domain.

Table 8. Summary of the type of event camera used over the years.

Year Event Camera Type(s)

2015 DVS 128

2017 DVS

2018 DVS

2019 DVS 128, DVS 240

2020 SEESI, DAVIS 240C

2022 Celex4 Dynamic Vision Sensor, DAVIS 346
2023 DAVIS, DAVIS 240C, DAVIS 346, DAVIS 346¢
2024 CeleX-5, Prophesee EVK4-HD, DAVIS 326
2025 DVS346

In Table 7, from 2015 to 2017, UAV obstacle avoidance relied mainly on low resolution
DVS128/DVS sensors for indoor navigation. By 2019-2020, more diverse sensors like SEES1 and
DAVIS240C were introduced for real-world tests. In 2022-2023, the DAVIS family and Celex4 gained
popularity due to their higher resolution supporting hybrid frame-event sensing. From 2024 till date,
higher-resolution, domain-specific sensors such as CeleX-5 and Prophesee EVK4-HD emerged for
specialized tasks.
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Figure 3. Summary of the method used over the year.

Figure 6 shows that geometry-based methods have been consistently used since 2015, peaking
around 2023-2024. Hybrid approaches started gaining attention from 2018 and surged in 2024,
highlighting growing interest in sensor fusion. Learning-based methods emerged from 2022 onward,
signaling a shift toward deep reinforcement learning and transformer models. Neuromorphic
techniques appeared early in 2017 due to the need to develop UAVs with spiking neural networks
and bio-inspired designs. Overall, the research trend is moving from traditional geometry methods
toward hybrid approaches.
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Figure 7. Top Global Research Institutions Publishing on Event-Based Vision and UAV Technologies.

Figure 7 illustrates the leading institutions/bodies contributing to research on event-based vision
in UAVs. ETH Zurich ranks first with the highest number of publications, followed closely by
Universitdt Zurich. Other notable contributors include the Institute of Neuroinformatics, CNRS
(France), and the National University of Defense Technology (China). Universities such as Beihang,
Tsinghua, Delft University of Technology, and the Air Force Research Laboratory also demonstrate
active participation in this research area.

Overall, the chart highlights that European and Asian institutions are leading in research output,
with Switzerland emerging as a significant hub for innovation in event-based UAV vision systems.
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7. Conclusions

The research around the integration of event cameras vision system on Unmanned Aerial
Vehicles (UAVs) from 2015 to 2025 has been analyzed in this comprehensive literature review. The
review emphasizes how event-based vision can revolutionize UAV performance, especially in areas
like dynamic obstacle avoidance, high-speed navigation, HDR environments, and GPS-denied
localization where traditional frame-based cameras have significant limitations. The review
highlights the increasing depth and breadth of work in this interdisciplinary subject by thematically
organizing the literature into datasets, simulation tools, algorithmic approaches (neuromorphic,
learning-based, geometric, and hybrid fusion), and application domains. Even though there has been
development, event cameras vision system is still not widely used in real-life UAV applications. The
absence of established evaluation methodologies, inadequate real-world validation, immature
simulation platforms, hardware integration limitations, and inadequate datasets with ground truth
are some of the main obstacles. These restrictions show a gap between the practical needs for reliable,
real-time UAV operation and exciting academic research.

Despite many challenges, this review has shown that event cameras vision systems hold
immense potential in advancing UAV autonomy, particularly in real life complex and dynamic
environments where convention frame-based cameras fall short.

Abbreviations

The following abbreviations as used in this paper are as depicted below:

APS Active Pixel Sensor

ATIS Asynchronous Time-based Image Sensor
AirSIM Aerial Information and Robotics Simulation
CEF Chiasm-inspired Event Filtering

CNN Convolution Neural Network

D2QN Deep Double Q-Network

DAVIS Dynamic and Active-pixel Vision Sensor
DNN Deep Neura Network

DOF Degree Of Freedom

DVS Dynamic Vision Sensor

EED Extreme Event Dataset

ESIM Event-camera Simulator

EVO Event-based Visual Inertia Odometry
GPS Global Position System

GTNN Graph Transformer Neural Network
HDR High Dynamic Range

IMU Inertia Measuring Unit

LGMD Locus lobula Giant Movement Detecto
LIDAR Light Detection and Ranging

MEMS Micromechanical System

MOD Moving Object Detection

MVSEC Multi-Vehicle Stereo Event Camera

PID Propotional Integra Derivative

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
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RGB Red, Green Blue
ROS Robotics Operating System
SLR Systematic Literature Review
SLAM Simultaneous Localization and Mapping
SNN Spiking Neural Network
UAV Unmanned Aerial Vehicle
UAS Unmanned Aircraft System
VIO Visual Inertia Odometry
YOLO You Only Look Once
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