5 45% 51 8 ] BT 5 fF B % ik Vol. 45No. 8
202348 H Journal of Electronics & Information Technology Aug. 2023

MR ERAREENH

BEAY ek mAEC 2 49 Fga
CosEMmERE ME  264001)
QEFEFHLE LT 100850)

OAFFERF A ZHFEEFIBARELERE LT 100875)

Dk EAER B HLFLFT T 100190)

B AL NI WAL BE24E BB E AN T34EMUI) HE AR T B, RAERMIEIZ N E B ML
2730 eI EEOR @K e 7RIS TR],  BEFE A OGHAR ICHR IR B 2 ST RO AR I S AR R R e, et
SRIPEREAT B TARKARTE, (EANSRAE KRR R IR 1) A o, HERR . D ELARMRFRDOG T 5 H AT AR 2 — A
AT PR NE (ORI AT AT AT FE R BT SARy — F IR 5 AR B AR, HHOREE R A7 B A5G
FRBAALSS LI L EENFE RN R TH IR KR L HBAR R Rt 2, M IS R
FOVEER A ERBORBE LA, B85 T EARR R R P AER E RS kSR, HENG TR KTTE
SRR 0 A, BT SR BR S KA R B AR bR, I R EE R TR R EOR I BN A5, IS

JE BIBARTT AT T 2.
KA THEHSE: R R SRk
FESES: TN919.8; TP391.41 SCERRRIRAD: A MEHS: 1009-5896(2023)08-2710-12

DOI: 10.11999/JEIT221418

Visual Optical Flow Computing: Algorithms and Applications

CUI Yibo® TANG Rendong® XING Dajun® WANG Juan® LI Shangsheng®

®(Ncwal Aviation University, Yantai 264001, China)
C@(Academy of Military Medical Sciences, Beijing 100850, China)
®(State Key Laboratory of Cognitive Neuroscience and Learning, Beijing 100875, China)
@([nstitute of Automation, Chinese Academy of Sciences, Beijing 100190, China)

Abstract: Visual optical flow calculation is an important technique for computer vision to move from processing
2D images to processing 3D videos, and is the main way of describing visual motion information. The optical
flow calculation technique has been developed for a long time. With the rapid development of related
technologies, especially deep learning technology in recent years, the performance of optical flow calculation has
been greatly improved. However, there are still many limitations that have not been solved. Accurate, fast, and
robust optical flow calculation is still a challenging research field and a hot topic in the industry. As a low-level
visual information processing technology, the implementation of related high-level visual tasks will also be
contributed by the technological advances of optical flow calculation. In this paper, the development path of
optical flow calculation based on computer vision is mainly introduced. The important theories, methods, and
models generated during the technological development process from the two mainstream technology paths of
classical algorithms and deep learning algorithms are summarized, the core ideas of various methods and models
are being introduced and the various datasets and performance indicators are explained, the main application
scenarios of optical flow calculation technology are briefly introduced, and the future technical directions are
also prospected.
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