H 2 %
ACTA AUTOMATICA SINICA

F50E FoM
2024 £ 9 A

Vol. 50, No. 9
September, 2024

ETn5 % RE LT XX EIRFIIEIEESRN

ook KRz OME &5 RS

B OF A AERIMEZ SRR AL R 3 BT I8 S e I A HE R TR S R R e A, SR — AR TR S 2 R B R S IR
BT IS ZE AT T35, o, Wt T RERME RE L 0E B R G WS, il &5 512 RUE B R SOE B RECE
RS R ARAE; 2R, SRR 7 B M 2 T 22 RUBE BT 3045 it Py i 281 i 328 8l JUE G 00 X 2 28 ) DIt D A AR
W32 2 A1 K AL F% DX SR S8 SR N 505 25 S, MG 3k 138 3014 25 1A I 288 0 1 45 0 bR B, 30 BB Tl 1) 128 230 3 4
L5 535K MPI-Sintel A1 KITT i #0846 pir 42 77 72 15 BUA ORI VA BEAT S 000 EL 55 70 . SEIR 45 SRR, BT
R T7 15 RE NS A5 AR v 8 B A5G DI P A T A R R, LA AR WIS S AN AL RS 45 DR M3 S5 TR R A B £ G A )
PRI

XEEIE  BEFA, ERR I, YRS, 2 RUE BRI, RRITEIZS)

SIAR W, ki, MR, 2, BB RS 2 RE LN S EGR SEshiE S el B s eeE ik, 2024, 50(9):
1854-1865

DOI 10.16383/j.aas.c210324

Occlusion Detection Based on Optical Flow and Multiscale Context

FENG Cheng' ZHANG Cong-Xuan"? CHEN Zhen' LI Bing® LI Ming®

Abstract In order to improve the accuracy and robustness of occlusion detection under non-rigid motion and large
displacements, we propose an occlusion detection method of image sequence motion based on optical flow and
multiscale context. First, we design a multiscale context information aggregation network based on dilated convolu-
tion which obtains a wider range of image features through multiscale context information of image sequence. Then,
we construct an end-to-end motion occlusion detection network model based on multiscale context and optical flow
using feature pyramid, utilize the optical flow to optimize the performance of occlusion detection in areas of non-ri-
gid motion and large displacements region. Finally, we present a novel motion edge training loss function to obtain
the accurate motion occlusion boundary. We compare and analysis our method with the existing representative ap-
proaches by using the MPI-Sintel datasets and KITTI datasets, respectively. The experimental results show that
the proposed method can effectively improve the accuracy and robustness of motion occlusion detection, especially
gains the better occlusion detection robustness under non-rigid motion and large displacements.
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Table 1  Comparison of average F1 score on
MPI-Sintel dataset

X B i E4U Bt} clean final
Unflow?! L4771 0.28 0.27
Back2Future®! v T 0.49 0.44
MaskFlownet*” T B2 0.37 0.36
IRR-PWCH i) 0.71 0.67
AICTT i BE ] 0.75 0.72
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ambush 2. market 6 1 temple 2 %5147 513t
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# 2 MPI-Sintel a4 FE IR F 50T LA R (%)
Table 2

Comparison of average omission rate and
false rate on MPI-Sintel dataset (%)

. clean final
o B i
OR FR OR FR

Unflow! 1.96 18.32 1.94 20.51
Back2Future® 5.03 2.75 5.08 2.96
MaskFlownet /" 5.77 1.37 5.76 1.72
IRR-PWC™ 1.98 0.96 2.84 1.29
RLT5 1.85 0.83 2.31 1.08
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Fig.7 Comparison results of occlusion detection between non-rigid motion and large displacement sequences on
MPI-Sintel dataset. From left to right are alley 2, ambush 2, market 6, and temple 2 sequence
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Table 3  Comparison of average F1 scores of motion occlusion detection between non-rigid motion and
large displacement image sequences
clean final
XF Tk
alley 2 ambush_ 2 market 6 temple_ 2 alley 2 ambush_ 2 market 6 temple 2
Unflow™! 0.414 9 0.431 3 0.433 0 0.324 3 0.405 7 0.392 0 0.449 9 0.312 0
Back2Future® 0.681 6 0.588 8 0.629 0 0.271 2 0.675 6 0.519 9 0.623 9 0.268 3
MaskFlownet/*” 0.505 7 0.540 3 0.466 0 0.383 8 0.503 9 0.408 5 0.473 5 0.350 8
IRR-PWC 0.870 9 0.917 2 0.815 5 0.740 4 0.877 0 0.780 9 0.802 3 0.690 5
AICTTiE 0.881 1 0.921 6 0.830 4 0.774 7 0.876 4 0.795 9 0.810 6 0.710 3
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Fig.8 Comparison of occlusion detection results of each occlusion detection method on KITTI dataset. From left to right
are the input image, Unflow, Back2Future, MaskFlownet, IRR-PWC and our method
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Table 4 Comparison of time consumption of Table 5  Comparison of average F1 scores of
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Examples of motion occlusion mask generated by

Fig.9
ground truth of optical flow (N = 3)
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Table 6 Comparison of average F1 scores of whole image sequence in
different motion boundary regions on MPI-Sintel
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