%310 H F ¥ M Vol. 51 No.3
2023 43 H ACTA ELECTRONICA SINICA Mar. 2023

I AP R 5 25 R A 4 R e 5
Iyt

SRR TR KREE R O EL AR )
(1. F BALZS FEF TP B AR Z0F HB B S S 00 2, VIV S & 3300635 2. HPERFE5E H shAEWF5E i, Lt 100190)

WOE: EOEUE R O AR RS S PR R LR A s T IR TR T S ) A, AR S
P — B A P 2 o AR 25 A ME I RRIE & RO VA . G M 1S T R AR A O T 2 R 3 o T
WEPYHEASTRRAE B0 ) AR T RAAE A 2 05 , Ta Mz sl £ X ) UGS G I 8. SRS , R FHARRAE T AR T S ms 4 7
FETHRHIEASTE 0 G Ak 25 A MR , R R Hesy: 3 3 A0 % 22 6 I A AL SR R Y6 I 3 | B R B2 3 IX Sl A e i 48
RO . B, SR AR 4 - S HE S B 5 B0 24 B 5 3 2 M G IR T T8 R 2 ABE TR, S T R A7 % R Bl 5 4
BSGCTRTTERE . 4551 2R FH MPI-Sintel (Max-Planck Institute and Sintel) Il KITTI (Karlsruhe Institute of Technology and
Toyota Technological Institute ) §UHE FE XA SO A AR AL GO i3 Jrids (R BE 2% 2D It 3 ik AT 455 % L 4
BT, S 36 235 SR 3R WA SO YR AR T A 5 VA BB A R T R B FLZ Sl P s B DB R B S et

KB G IR A R E M  RRE A IS 2 5 IR 24 2] s sh AR 4

EE&WE: EFARRFHES (No.61866026, No.61866025) ; TLIUA PEHRIAIE A AT (No.20165BCB19007) ;
TLPEE ARG 51 IR H (No.20212AEI91005) 5 VLG4 H ARl 45 4 5 5300 H (No.20202ACB214007) 5 fii=s
BlF3E4 (No.2018ZC56008) 5 HiE -1 5 R34 (No.2019M650894) ; TIPHA #H FTRFAHAM S H (No.GJJ210910) ;
VLG4 G A 3 A R S i S0 30 8 TP AR 4 B B (No.ET202104413)

FESES: TP391 XEAPRIRAD: A MEHS: 0372-2112(2023)03-0648-10

HF %R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20211052

Feature Pyramid Optical Flow Estimation Method Jointing Occlusion
Constraint and Residual Compensation

FAN Bing-bing', HE Ting-jian', ZHANG Cong-xuan'?, CHEN Zhen', LI Ming'
(1. Key Laboratory of Nondestructive Testing , Ministry of Education, Nanchang Hangkong University , Nanchang , Jiangxt 330063, China;
2. Institute of Automation , Chinese Academy of Sciences, Beijing 100190, China)

Abstract: To improve the accuracy and robustness of the deep-learning based optical flow estimation under motion
occlusions and large displacements, we propose a feature pyramid optical flow computation method by jointing the occlu-
sion constraint with residual compensation. First, an optical flow constraint module is designed based on the learning occlu-
sion mask. The proposed constraint module predicts the occlusion feature map to restrain the edge artifacts of the warping
features, which is able to overcome the issue of edge blurring in the motion occlusion areas. Second, a residual compensa-
tion module is constructed by using the feature map warping strategy, and the residual optical flows learned from the pre-
sented module are employed to refine the original flow fields. Third, the proposed occlusion constraint model and residual
compensation module are incorporated into a feature pyramid framework to construct an optical flow estimation network.
Finally, the MPI-Sintel (Max-Planck Institute and Sintel) and KITTI (Karlsruhe Institute of Technology and Toyota Techno-
logical Institute) datasets are employed to conduct a comprehensive comparison between the proposed method and the repre-
sentative traditional optical flow methods, deep-learning optical flow methods. The experimental results demonstrate that
the presented method significantly improves the accuracy and robustness of optical flow estimation under large displace-
ments and motionocclusions.
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