E£ 625 FE48/2025F 2 B/HMeERBFEHE

It Bl St FFIHE

JE TR AR HIPLE H AR RN 5 R B 5 ik 2 b

%%, KEF, F7R, 2H2, AR

MR TR, Jui 101416

WE RO 2 LW )R K B B 1L A SR T M A B 5T LIRS U 52 SRR SR AR . A
[l T2 GEAR B, S 1 R AL RE 08 572 20 i h AT O 52 2748 Ak B9 2 130, LA o I 1) 2 B 5 o sl 259 IR AR HE SR IR 5 AR 2
FEAE OB 38 A v B2 Bl H AR 0 3 2 S IR, = T S LR B A I g R R WIS g i) e T AR T SR A
BLAYZE L T A JRUBE 5 O ol a5 LU, 36 B0 0 T BUA 09 58 TR AR LAY AR AR T 5 BRER B30 5 SR L A 4 17 AL A 0 B
A G B S PR RO A s S, X R SR Y R R AT TR

KR HOEHL SIS AR BARI; FARERER; odlidk

FESES TP212 XEFRER A DOI: 10.3788/LOP241073

Review of Event Camera-Based Target Detection and Tracking Algorithms

Qiu Jiayu, Zhang Yasheng, Fang Yuqiang’, Li Pengju, Zheng Kaiyuan
Space Engineering University, Beijing 101416, China

Abstract Event cameras are novel visual sensors inspired by biology, representing an interdisciplinary research hotspot in
computational neuroscience and computer vision. Unlike traditional cameras, event cameras can asynchronously output
event streams related to brightness changes, offering advantages such as high time resolution, wide dynamic range, low
latency, low bandwidth, and low power consumption. They are suitable for real-time dynamic perception of high-speed
moving targets and represent a new research direction in computer vision detection and tracking. This review first
introduces the types, working principles, advantages, and disadvantages of event cameras, followed by an in-depth
analysis of existing object detection and tracking algorithms based on event cameras. Subsequently, event datasets related
to visual detection and tracking are introduced. Finally, future development trends in this field are discussed.
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Table 1 Comparison of the characteristics and uses of the three sensors
Type Advantage Disadvantage Application scenario
It is suitable for situations with low
It only outputs event information and is able requirements for visualization and high
DVS to maintain the advantages of low latency, Unable to output any grayscale requirements for low latency, such as
low power consumption and high dynamic information, poor visibility tracking, counting or motion monitoring of
range high-speed moving objects, real-time
positioning
) ) . ) ) It is suitable for frequent changes in
It is capable of outputting event information It is prone to exposure . . .
. : . . . ) environmental brightness and the existence
. and gray scale information of pixels where anomalies and information loss . ) .
ATIS of high-speed movement occasions, mainly

light intensity changes occur, with some

visibility

It can combine event information and
grayscale information with good visibility,
DAVIS high temporal resolution, and has the ability
to obtain detailed information about

movements

when the ambient brightness

changes slowly

It can be affected by defects
such as redundancy of
information in APS cameras,
low temporal resolution, and

low dynamic range

used for real-time monitoring of products in
industrial manufacturing
It is suitable for occasions with high
visualization requirements and small
dynamic range, such as target recognition,
target detection, tracking and localization of
targets, especially in the field of robotics and

unmanned vehicles
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Table 2 Object detection algorithms based on event camera

Type Category  Reference Year/source Contribution
(18] 2015/Neural Transforming the traditional problem of corner point detection into
Networks a local velocity estimation problem
Angle [19] 2015/IEEE Consideration of spatial correlation between data
Pure stream of detection [20] 2017/1EEE Realization of the estimation of the velocity of a corner point
events [21] 2023/ICVR Design of an Enhanced Representation of Time Surface Events
[22] 2023/1EEE Proposing a novel asynchronous corner point detector Arc*
Linear [23] 2016/BMVC Development of an event-based Hough transform method
Detection [24] 2018/1IEEE Proposing weighted least squares fitting method based on iterative events
[25] 2021/1EEE Proposing fast graph construction method based on radius search method
. s Design of an asynchronous event-based graph neural networks
[26] 2022/ IEEE )
(AEGNNs)
[27] 2021/Neural Proposing fully Convolutional Recurrent Neural Network
Pure stream of Deep Networks Architecture
events learning [28] 2023/arXiv Proposing a dual-memory aggregation network (DMANet)
[29] 2023/Peking Proposing pulsed streaming target detection method based on
University asynchronous spatio-temporal memory network (ASTMNet)
Proposing a lightweight spiking neural network that can separate
[30] 2023/ICRA POSING & IETIWEIRHE SpIEing o can sep
events based on the speed of the corresponding objects
[31] 2016/ IEEE Combining CNN and Particle Filtering
[32] 2018/ IEEE Training CNNs on pseudo-labels
Applying existing deep learning methods to the iCub robotics
[33] 2018/ IEEE prying g deep &
platform
[34.35] 2019/Frontiers in Using three different event stream encoding methods and two
. Neurorobotics fusion methods
Combination of ] ] ) )
Deep . Proposing a confidence fusion method based on CNN detection
event streams and . [36] 2019/IEEE
. learning results
traditional frames
Applying Asynet to maritime incident datasets for target
[37] 2022/1EEE PPIYIE 25y . :
recognition
Exploring a multistage design approach and proposing Recurrent
[38] 2023/1EEE P & . g shapp . prop . §
Vision Transformers for object detection
[39] 2023/Chinese Proposing an adaptive temporal resolution method for visualizing
ol

Academy of Sciences

event information
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Fig. 12 A framework for target tracking algorithms with multimodal fusion'”

. (a) Overview of cross-domain feature integrator;

(b) edge-attention block; (¢) cross-domain modulation and selection block; (d) Bbox regressor; (e) classifier
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Table 3 Event camera-based target tracking algorithm

Type Category  Reference Year/source Contribution
Establishing correspondence between asynchronous
[40] 2018/1EEE D . .
Angle detections in the event stream in real time
Pure stream of events . o
detection Establishing local correspondences between corner
[41] 2018/1EEE

events
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#3(4L)
Type Category  Reference Year/source Contribution
2021/Zhejiang University ) . .
[42] Adding speed constraints to the ACE tracker
of Technology
. Gaussian mixture modeling to form event clusters for
[43] 2012/1IEEE ) o
object characterization
cl . [44] 2017/1EEE Combination of stereo matching and object tracking
usterin
& [45] 2018/1EEE mean-drift-clustering-based approach for event labeling
Pure stream of events Avplving SVM bining local and
in to event cameras, combining local an
[46] 2021/IEEE ppLIE o ¢
global sliding window search
Replacing the gray value gradient by comparing the
[47]  2012/Neural Networks _© 8 1€ BT VALE SIACichit by comparing I
instantaneous activity values of neighboring active pixels
Proposing an unsupervised learning algorithm for
. [48] 2020/1EEE P . & p . 8 eE
Optical optical flow estimation of sparse event data
flow Proposing incremental full flow estimation from sparse
. . [49] 2023/1EEE
estimation normal flow based measurements
Proposing a real-time estimation algorithm for
[50] 2023/1EEE neuromorphic optical flow based on impulse neural
networks
[51] 2019/Frontiers in Extraction of features after coding the event stream
b ! Neurorobotics based on rate coding
ee
1 p 2022/Advances in Neural Downsampling strategy to mine key events and embed
earnin,
& [52] Information Processing  the irregular spatio-temporal information of key events
Systems into a high-dimensional feature space
Proposing a feature trajectory tracking algorithm that
[53] 2016/IEEE ' g‘ : g s
combines event streams and grayscale maps
Feature An expectation maximization (EM) algorithm is used
tracking [54] 2017/1EEE to quantify the probabilistic correlation between feature
point sets and event data
[55] 2023/1EEE A novel frame-attention module is introduced
Correlation 2021/Zhejiang University S
o [42] Kernel-correlation filtering is introduced
filtering of Technology
Particle N . N .
. [56] 2017/1IEEE Multi-hypothesis filtering technology is introduced
filtering
571 2018/CHREOC Clustering based on spatial relationships
. ) [58] 2019/1CCS Hierarchical clustering
Clustering .
_ . Alignment and foreground enhancement models are
[59] 2021/1CCC .
o introduced
Combination of event — -
. [60] 2020/ AAAT Designing a temporal surface representation of TSL'TD
streams and traditional ) ) ) . ) )
; [61] 2021/Dalian University ~ Channel Attention Mechanism added to Feature Fusion
rames
of Technology Module is introduced
STNET is proposed to dynamically extract and fuse
[62] 2022/1EEE . . prep Y Y . .
information from the temporal and spatial domains
Discretizing asynchronous events into time slices
[63] 2021/1EEE accumulated in conventional frames and designing a
Deep cross-domain feature integrator
learnin Design of an event-guided cross-modal alignment and
& [e4] 2023/IEEE & & &
crossover based module
B . Cross-modal hierarchical knowledge distillation scheme
[65] 2023/arXiv L
is introduced
Development of a cross-modal converter for bimodal
[66] 2024/1EEE . .
information interaction
Adaptive strategy to adjust the spatial and temporal
[67] 2022/Sensors P &y ) P P

domain of event data for event frame reconstruction
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Table 4 Comparison of event camera-based visual tracking datasets

Dataset Year Videos Frames Class Attributes Resolution Aim Public
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