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Large Displacement Optical Flow Estimation Jointing Depthwise Over-parameterized

Convolution and Cross Correlation Attention

WANG Zi-Ge"? GE Li-Yue"? CHEN Zhen"** ZHANG Cong-Xuan">* WANG Zi-Xu"? SHU Ming-Yi"?

Abstract To improve the computation accuracy and robustness of deep-learning based optical flow models under
large displacement scenes, we propose an optical flow estimation method jointing depthwise over-parameterized con-
volution and cross correlation attention. First, we construct a depthwise over-parameterized convolution model by
combining the common convolution and depthwise convolution, which extracts more features and accelerates the
convergence speed of optical flow network. This improves the optical flow accuracy without increasing computation
complexity. Second, we exploit a feature extraction encoder based on cross correlation attention network, which ex-
tracts multi-scale long distance context feature information by stack the attention layers to obtain a larger recept-
ive field. This improves the robustness of optical flow estimation under large displacement scenes. Finally, a pyram-
id residual iteration network by combing cross correlation attention and depthwise over-parameterized convolution
is presented to improve the overall performance of optical flow estimation. We compare our method with the exist-
ing representative approaches by using the MPI-Sintel and KITTI datasets. The experimental results demonstrate
that the proposed method achieves better computation accuracy and robustness, especially under large displace-
ment areas.
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Fig. 1

Structure diagram of large displacement optical flow estimation based on

depthwise over-parameterized convolution and cross correlation attention
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Table 1  Optical flow calculation results of image sequences in MPI-Sintel dataset (pixels)
Clean Final
POl e
All Matched Unmatched All Matched Unmatched

IRR-PWCM 3.844 1.472 23.220 4.579 2.154 24.355

PPAC-HD3® 4.589 1.507 29.751 4.599 2.116 24.852

LiteFlowNet 2! 3.483 1.383 20.637 4.686 2.248 24.571

IOFPL-ft® 4.394 1.611 27.128 4.224 1.956 22.704

PWC-Net?! 4.386 1.719 26.166 5.042 2.445 26.221

HMFlow™! 3.206 1.122 20.210 5.038 2.404 26.535

SegFlow1531! 4.151 1.246 27.855 6.191 2.940 32.682

SAMFL!" 4.477 1.763 26.643 4.765 2.282 25.008

AT 2.763 1.062 16.656 4.202 2.056 21.696

® 2 HUBEEIZHILG S RABIEIIT LS R (pixels)
Table 2  Comparison results of motion edge and large displacement index in MPI-Sintel dataset (pixels)
Clean Final
X bE 75

0-10 d10-60 deo-140 50-10 510-40 540+ do-10 d10-60 de0-140 50-10 510-40 sS40+
IRR-PWC!" 3.509 1.296 0.721 0.535 1.724 25.430 4.165 1.843 1.292 0.709 2.423 28.998
PPAC-HD3" 2.788 1.340 1.068 0.355 1.289 33.624 3.521 1.702 1.637 0.617 2.083 30.457
LiteFlowNet 2P 3.293 1.263 0.629 0.597 1.772 21.976 4.048 1.899 1.473 0.811 2.433 29.375
TIOFPL-ft 3.059 1.421 0.943 0.391 1.292 31.812 3.288 1.479 1.419 0.646 1.897 27.596
PWC-Net™ 4.282 1.657 0.674 0.606 2.070 28.793 4.636 2.087 1.475 0.799 2.986 31.070
HMFlow 2.786 0.957 0.584 0.467 1.693 20.470 4.582 2.213 1.465 0.926 3.170 29.974
SegFlow153! 3.072 1.143 0.656 0.486 2.000 27.563 4.969 2.492 2.119 1.201 3.865 36.570
SAMFL™ 3.946 1.623 0.811 0.618 1.860 29.995 4.208 1.846 1.449 0.893 2.587 29.232
ATy 2772 0.854 0.443 0.541 1.621 16.575  3.884 1.660 1.292 0.753  2.381  25.715
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(i) Partial enlargement and comparison of the label area
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Fig.8 Visualization of feature maps of different sequence in Clean and Final datasets (The red bounding

box contains edge feature information results with significant differences)
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Fig.9 Visualization of Feature maps at different scales under different layers of pyramid
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Flow field results of the comparable methods evaluated on some MPI-Sintel test datasets

# 3 KITTI2015 HIRETHELER (%)
Table 3  Calculation results in KITTI2015 dataset (%)
ROEIRFS Fl-bg Fl-fg Fl-all
IRR-PWC! 7.68 7.52 7.65
PPAC-HD3" 5.78 7.48 6.06
LiteFlowNet2!" 7.62 7.64 7.62
TIOFPL-ft — — 6.52
PWC-Net?®! 9.66 9.31 9.60
SegFlow153!"! 22.21 23.72 22.46
SAMFL™ 7.72 7.43 7.68
A5 7.43 6.65 7.30

#%:: PPAC-HD3. LiteFlowNet2. IRR-PWC £
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NS ISR B D U\E = e s R U N A R SN T S
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/N AE 000019 JP51, X KRALRE 18 3 VA 2 H A,
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BRI E AL TR, = AE b AU T PPAC-
HD3, Ui BHE X2 23 5 /N s KA iash B
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PEFHIVE R, ASSCHEAT 7 ST H 58 B B ks 06
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(a) Flow error maps of 000004 sequence and close-up views within the yellow squares of large displacement region

R L
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(b) Flow error maps of 000019 sequence and close-up views within the yellow squares of large displacement region
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Fig.11

# 4 Clean H¥i4E FiBRLTLIRZ RN L (pixels)
Table 4 Comparison of ablation experiment results in

Clean dataset (pixels)

T Fib Y All Matched Unmatched S10-40  Sa0+
Baseline 3.844 1.472 23.220 1.724  25.430
Baseline CS 2.892 1.070 17.765 1.662  17.460
Baseline _deconv  3.621 1.461 21.272 1.659  23.482
Full model 2.763 1.062 16.656 1.621 16.575

#* 5  KITTI2015 %44 Ly Aksnit gl Foxt b

Table 5 Comparison of ablation experiment results in
KITTI2015 dataset
Y o 7R Fl-bg (%) Fl-fg (%) Fl-all (%) 18] (min)
Baseline 7.68 7.52 7.65 621
Baseline  CS 7.74 7.58 7.71 690
Baseline_deconv 7.28 7.30 7.29 632
Full model 7.43 6.65 7.30 616
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FTAG T RCR. H EH M s10.40, sa04 TEARAT LA H,
T 43 RGN T A ORI B A SR R R X
W 28 FIVR FE B S G, 1T LA U KALR 18 3))

Flow error maps of the comparable methods tested on KITTI2015 datasets
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