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Abstract: In the field of computer vision, event cameras, a revolutionary class of neuromorphic visual sensors, have
emerged as a transformative alternative to traditional frame-based cameras. While conventional cameras are constrained by
fundamental limitations, such as fixed exposure times and limited dynamic range, often resulting in motion blur, rolling
shutter distortion, and compromised performance in challenging lighting conditions, event cameras operate on an entirely
different paradigm. These innovative sensors specifically detect and respond to dynamic changes in scene luminance, gen-

erating asynchronous events (spike signals) with remarkable microsecond-level temporal resolution. This bio-inspired
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design, which evolved from silicon retinas developed in the 1990s through several generations of technological advance-
ment (including DVS, ATIS, and DAVIS architectures) , enables event cameras to achieve exceptional dynamic range
characteristics, effectively overcoming the inherent limitations of traditional imaging systems. The unique operating prin-
ciple of event cameras, which mimics the human visual system s ability to respond to changes rather than capture complete
frames, represents a fundamental shift in visual sensing technology. The high temporal resolution and ultra-low latency
characteristics of event cameras enable them to effectively complement the missing intra-frame/inter-frame information dur-
ing traditional camera capture. In tasks such as motion deblurring, video frame interpolation, and rolling shutter correc-
tion, researchers have used an evolving array of methods from early physics-based methods to modern deep learning
approaches, which fully utilize the visual texture and geometric motion information in event streams to enhance reconstruc-
tion effects. Representative works include the event-based double integration (EDI) model, event-fused video interpolation
method (Timelens), and rolling shutter correction framework (EvUnroll). As research progresses, researchers have gradu-
ally extended single-task methods to joint tasks addressing multiple video degradations simultaneously. These joint tasks
include combinations of deblurring and frame interpolation (EVDI) , deblurring and rolling shutter correction, and rolling
shutter correction with frame interpolation (SelfUnroll). Recent studies have achieved the joint processing of three tasks,
demonstrated by neural network-based image re-exposure frameworks and the lightweight network UniINR. These methods
effectively address the ill-posed problems caused by coupled degradations by fully using the temporal information provided
by event streams, significantly improving video enhancement results. Beyond temporal compensation, event streams can
also enhance image and video quality through spatial compensation. To achieve reconstruction of clear high-resolution
image sequences from single blurry low-resolution images, researchers leverage the spatiotemporal correlation characteris-
tics between event streams and images in super-resolution tasks. As demonstrated by the EHDR method and HDRev-Net,
the high dynamic range characteristics (120 dB) of event cameras have also been used to improve imaging effects under
extreme lighting conditions. Recent research has successfully combined events’ high dynamic range and temporal resolu-
tion characteristics, as exemplified by the Self-EHDRI framework, thereby achieving significant progress in handling
mixed degradation problems, such as motion blur and rolling shutter effects. These advances in event-based enhancement
techniques have yielded impressive results through model- and learning-based approaches. While physical models have
established explicit mathematical relationships between events and image formation processes, deep learning methods have
demonsirated remarkable ability in learning complex mappings from event data to enhanced images, particularly in chal-
lenging scenarios involving rapid motion, extreme lighting variations, and complex dynamic scenes. Research trends in
event-based vision enhancement reveal several significant developments and promising directions. Over the years, the field
has evolved from single-task solutions to sophisticated multitask frameworks capable of addressing multiple image degrada-
tion problems simultaneously. This advancement is complemented by a growing interest in self-supervised and unsuper-
vised learning approaches, which significantly reduce dependence on paired training data — a crucial development given
the unique nature of event data. Furthermore, the integration of event cameras with traditional vision systems has become
increasingly sophisticated, leading to hybrid solutions that effectively combine the advantages of both sensing modalities.
The field has also witnessed substantial hardware progress, with major technology companies, including IniVision, Prophe-
see, Samsung, and Sony, introducing advanced commercial event cameras. Such a technology has catalyzed widespread
adoption across various applications from industrial automation and robotics to intelligent monitoring systems and autono-
mous vehicles. Current challenges in event-based vision span multiple technological aspects that require innovative solu-
tions. At the hardware level, event cameras face ongoing challenges in achieving higher spatial resolution while maintain-
ing temporal precision, managing sensor noise, and optimizing power consumption. Among these, a critical challenge lies
in the efficient processing of massive event data streams, especially in high-speed scenarios where millions of events per
second must be processed in real-time. This necessitates sophisticated data management strategies and highly efficient pro-
cessing algorithms. Real-time processing requirements pose additional challenges, as algorithms must carefully balance
computational complexity with processing speed to maintain temporal accuracy. Furthermore, the field continues to grapple
with the need for standardized evaluation metrics and robust benchmarks that enable the fair comparison of different

approaches and spur further technological advancement. Looking forward, several promising research directions have
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emerged that could address these challenges and further advance the field: the development of next-generation event sen-

sors with enhanced resolution and improved noise characteristics, the exploration of specialized neural architectures opti-

mized for event processing, and the integration of event-based vision in emerging applications, such as augmented reality

and autonomous systems. The unique advantages of event cameras in temporal resolution and dynamic range, combined

with ongoing advancements in hardware capabilities and algorithmic innovations, position them as crucial components of

next-generation visual processing systems, particularly in challenging dynamic scenarios in which conventional cameras

face fundamental limitations. This survey looks into the theoretical principles and technical approaches of neuromorphic

spike vision imaging methods, which are represented by event cameras in video enhancement tasks. In particular, this

work summarizes and reviews the latest domestic and international developments in video enhancement algorithms that inte-

grate neuromorphic visual spikes. It also provides corresponding analysis and discussion on the bottlenecks and challenges

faced in this field, such as low data processing efficiency, poor performance under low-light conditions, and insufficient

spatial resolution.
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Fig. 5 Timelens frame interpolation framework

(Tulyakov et al. , 2021)
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R E A5 R iR AE RS OSSRl — N BT S
AR IT Y RS UGS , AH b RAT ] 5 47 f 3 38 1
RIS , oA B AY 07 B RS PG o o e, A R AR
HERF ST 5 10 4 Je

4) Rl A A RS USRI 5 . TESEBR Y
P, AR BB A Y TR O (e R R
GS MRS RTTRS) LA L gt 5 1 14 12 5y 1 B0 45
eI AT R iR T I E e RPN
TE AT S AL AT e s AH B & I AR A, #F— 25 sl
TSGR AT 55 AN E R . PR ps
6] 73 B3, ] DL L 7 2 AT 3 1 20 i) SO S
NE B, BRI 9 B AR B Wk s —AT 55 0 05 97
i ) Z2 Tl LA 5 St ) 3K 54 55 v, R SR A A
e b 3R 22 ol e BRSO AN S E R R, I 7
Frs

1599



1600

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 6,Jun. 2025

Bi-LSTM R

) f . T i
L
Vo
o
] GS2GS p W
ﬂ .N =T
ﬁ{\%?ﬁ @1%2%?% ow-Net
'I%I]IEH% (El‘ji) ,,,,,,,,,,,,,,,,,,,,,,

i i l
5-1 51
HERAE - ¥ ~ ComLST™ | [ >
TIREL - ComLST™M ¢ 5 i

"RS2GS

%ﬂ“‘ﬁ!ﬁﬂ’]ﬁiﬁ%iﬁ%ﬁﬁ% !

attn Fusion-Net

Log remduall 0 M |
Jimi
- "
! - =t
: ) i "
I

mmﬁﬂ}

I
1
1
I
I
I

% I
it ARt g )

RS2GS

I
flow-Net SR |
|

K6  EvUnroll [l 25 HEZE ( Zhou %5, 2022)
Fig. 6 EvUnroll network framework (Zhou et al. ,2022)

%‘Jﬁ‘fﬁﬁ'lb'

B RE S

AR ‘ﬁ%”“&m

FAH ST
B7 Rl e PR A 55 AT 55 26 7

Fig.7 Event-fused image/video enhancement tasks
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Fig. 9 Framework diagram of other image reconstruction related tasks

((a) image deocclusion; (b) dense optical flow estimation; (c) photometric stereoscopic vision; (d) feature tracking)
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) R AG T ) R i (B0 JELEES ) ALPIX R 1) 52
B (OmniVision) 1 OV60B10 25,85 Fr AR HAT B 1Y
23 B 3 BER (B AR R P i S A DAVIS &R 41
B ) 5 2) 38 ) 3 AR e AR B E 38 t ETS A
HUE IR GBS UG RS, I 5 BL Ak & B ) 25
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Table 1 Typical datasets for event-fused image/video enhancement tasks
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Fig. 10 Development trends of event-based imaging sensor chips (data until October 2024 )
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