559 i N FooE Vol.48 No.9
2020 49 H ACTA ELECTRONICA SINICA Sep. 2020

TR IE =4 ) S i i R BRI 5 a0t

g A R B A R R s % 2
(1. 78 B fias KFTCHA I AR 2B B A 5L %, VTV RS B 330063 ; 2. H E R Fe A sh 78 T, L 5T 100190)

i OE: BB IDCRITT AR EGAE B TR AL S5 G 0 E T 1) R RS > R B PR S
AR R 22 I 245 A QSR I TR L 27 > BEAE -5 07 15 O G TS H AR S ) R AR S 2 SRR BE 2 ST OGS H AR B
FEATERR SN G T A R o T 2 > R B 2 2D OGR4 0 5 )1 S, SR ) B i B3R I
B 1A 28 BRI AL T 75 BT X TSR B PRAG TR L, 2351 A 27 T Middlebury \MPL-Sintel 1 KITTI 4545 1% &
PO REUE , I E XA R I R TRE 25 > FAL G 7 eI A B AT XS LU 5 0 . R, Al 1 TR BE 2 DD T 3 R AR Y
SARBESZACNE SERAGTHE AR INEAS N SRR S5 D5 T SCHEOR R, 48 T T BE AR DR T 8 5 F 5 S8

KER:  OCRITE: WEE; BRMEME; NIZRMN; k; TFr ki

hESES: TP391 SCHERARINAD A NERS: 03722112 (2020)09-1841-09
HFZF3# URL: http://www. ejournal. org. cn DOI: 10.3969/j. issn. 0372-2112.2020. 09. 023

Research Progress of Deep Learning Based Optical
Flow Computation Technology

ZHANG Cong-xuan'?,ZHOU Zhong-kai' ,CHEN Zhen',GE Li-yue' ,LI Ming' ,JIANG Shao-feng' , CHEN Hao'

(1. Key Laboratory of Nondestructive Testing , Ministry of Education ,Nanchang Hangkong University , Nanchang , Jiangxi 330063 , China ;
2. Institute of Automation , Chinese Academy of Sciences, Beijing 100190 , China )

Abstract: Optical flow computation is an important research direction in image processing and computer vision. With
the rapid development of the deep learning technology, the convolutional neural network based deep learning theories and
methodologies have been the research focus of optical flow computation. This article mainly reviews the research progress of
the deep learning based optical flow estimation technologies. First, the typical models and training strategies of the optical
flow computing networks with supervised learning, unsupervised learning and semi-supervised learning are introduced. Sec-
ond, the optimization methods of various network models are described and analyzed. Third, the evaluation benchmarks of
Middlebury , MPI-Sintel and KITTI databases are summarized,and the experimental comparison results and analysis between
the different deep-learning and variational optical flow methods are conducted. Finally, we discuss some issues of the deep
learning based optical flow computation technology including the model complexity and generalization, the robustness of op-
tical flow estimation and the accuracy of the small sample training. Afterwards, we point out several possible solutions and
research ideas to address the above mentioned issues.
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