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MR SupervisedStereoMatching
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@ SupervisedstereoMatching
Related Work
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A Digances: L1, L2

: . A Correlation NCC ZNCC
MatChmg Cost Computatlon A Non-parametric measures: rarand census

transforms

A Square window

: A Gaussian
CostAggregation A 3D aggregation

A Shiftable window

A Localmethods winnertake-all (WTA)
A Global methodsan energy minimization framework

Disparity Computation A dynamic programmingmaxflow andgraph-cut

A cooperative algorithms

A Subpixel enhancement: iteratigradientdescent,
curve fitting

Disparity Refinement A Median filter
A Bilateralfilter

Scharstein & Szeliski. A taxonomy and evaluation of dense two-frame stereo correspondence algorithms. IJCV, 2002, 47, 7-42
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MR SupervisedStereoMatching

Related Work
DL for Depth Estimation
C Matching Cost Computation Matching Cost Computation
C Gb o n& laecun, CVPR 2015 & JMLR 2016
C Luo et al, CVPR 2016 Cost Aggregation

¢ Shaked & Wolf, CVPR 2016

Disparity Computation

.I‘I.I

Disparity Refinement




MR SupervisedStereoMatching

Related Work
DL for Depth Estimation - N
¢ Matching Cost Computation
C Gb o n& laecun, CVPR 2015 & JMLR 2016 It
C Luo et al, CVPR 2016
C Shaked & Wolf, CVPR 2016 ]
C 3-In-1 CNN: for Matching Cost Computation, Cost
aggregation, and Disparity Computation \ — J

C Mayer et al. CVPR 2016
C Kendall et al. CVPR 2017

Disparity Refinement




MR SupervisedStereoMatching
Related Work

DL for Depth Estimation

C Matching Cost Computation
C Gb o n& laecun, CVPR 2015 & JMLR 2016
C Luo et al, CVPR 2016
C Shaked & Wolf, CVPR 2016

C 3-In-1 CNN: for Matching Cost Computation, Cost
aggregation, and Disparity Computation
C Mayer et al. CVPR 2016
C Kendall et al. CVPR 2017

C Additional CNN for Disparity Refinement
C Gidaris & Komodakis, CVPR 2017
C Pang et al. ICCVW 2017
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Matching Cost Computation

Cost Aggregation

Disparity Computation
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MR SupervisedStereoMatching
Our work

C All-In-One: Integrate All Steps of Stereo Matching into One Network
¢ Improve Accuracy
C Improve Efficiency

C Residual Learning: Integrate Disparity Refinement into CNN
C Traditional Methods
C left-right check: find correct, mismatched and occluded regions
C Interpolation, sub-pixel enhancement, filtering

C hard to be modelled by CNN
C Residual Learning

C use initial disparity djsp, to reconstruct left image from right image

Z. Liang,Y. Guo*, et al. Stereo Matching Using Multilevel Cost Volume andMulti-scale FeatureConstancy. IEEE TPAMI 2019.
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Overall Architecture
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MR SupervisedStereoMatching
Overall Architecture

convZa up_la2a

Multi-Scale

edcorr 2a

Correlation

convla

Wlll"_ . i

I, - — — —

Initial

Sharedl Weights

convlb

cdcarr_zb ) | Feature in left image

.

convZ2b up_1b2b

Multi-Scale

[nput Images Shared Features

Disparity Estimation



SupervisedStereoMatching
Overall Architecture
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MR SupervisedStereoMatching
Results orsceneFlow

Model > lpx | > 3px | >5px | EPE | Params. | Time (ms)
DES-net (without disparity refinement) 16.78 | 6.49 431 (2.81) 42.76M 61
DES-net + DRS-net without feature correlation fcand re | 15.65 | 6.12 | 4.11 | 2.72 | 43.30M 100
DES-net + DRS-net without reconstruction error re 15.54 | 6.10 4.10 ((2.70 ) 43.34M 111
DES-net + DRS-net without feature correlation fc 11.13 | 5.32 3.79 | 2.56 | 43.31M 103
DES-net + DRS-net without initial disparity disp; 11.64 | 5.37 3.81 | 2.61 | 43.34M 114
DES-net + DRS-net (1IResNet) 10.24 4.93 3.54 (2.50 ) 43.34M 114
Refinement x 2 (iResNet-12) 9.42 4.64 3.37 | 2.46 | 43.34M 131
Refinement x 3 (iResNet-i3) 9.28 4.57 332 | 245 | 43.34M 148

A The EPE can be significantly reduced with disparity refinement using feature correlation and
reconstruction error

A Feature reconstruction error plays the major role in performance improvement

Z. Liang,Y. Guo*, et al. Stereo Matching Using Multilevel Cost Volume andMulti-scale FeatureConstancy. IEEE TPAMI 2019.



MR SupervisedStereoMatching
Results orsceneFlow

Model > lpx | > 3px | >5px | EPE | Params. | Time (ms)
DES-net (without disparity refinement) 16.78 | 6.49 431 | 2.81 | 42.76M 61
DES-net + DRS-net without feature correlation fcand re | 15.65 | 6.12 | 4.11 | 2.72 | 43.30M 100
DES-net + DRS-net without reconstruction error re 15.54 | 6.10 4.10 | 2.70 | 43.34M 111
DES-net + DRS-net without feature correlation fc 11.13 | 5.32 3.79 | 2.56 | 43.31M 103
DES-net + DRS-net without initial disparity disp; 11.64 | 5.37 3.81 | 2.61 | 43.34M 114
DES-net + DRS-net (iResNet) 10.24 493 3.54 ((2.50 ) 43.34M 114
Refinement x 2 (iResNet-12) 9.42 4.64 3.37 |(2.46 ) 43.34M 131
Refinement x 3 (iResNet-13) 9.28 4.57 3.32 |(2.45 ) 43.34M 148

A The EPE can be significantly reduced with disparity refinement using feature correlation and
reconstruction error

A Feature reconstruction error plays the major role in performance improvement

A lterative refinement helps to further improve the performance

Z. Liang,Y. Guo*, et al. Stereo Matching Using Multilevel Cost Volume andMulti-scale FeatureConstancy. IEEE TPAMI 2019.



MR SupervisedStereoMatching
Results on KITTI 2015

All Pixels Non-Occluded Pixels Runtime
DI-bg DI-fg Dl-all | DI-bg DIl-fg DlI-all ()
CRL [19] 248 359 Q67| 232 312 245 | (047
GC-NET [12] 2.21 6.16 2.87 2.02 5.58 2.61 0.9
DRR [4] 2.58 6.04 3.16 2.34 4.87 2.76 0.4
SsSMnet [35] 2.70 6.92 3.40 2.46 6.13 3.06 0.8
[L-ResMatch [28]] 2.72 6.95 3.42 2.35 5.74 291 48
Displets v2 [3] 3.00 5.56 3.43 2.73 4.95 3.09 265
SGM-Net [27] 2.66 8.64 3.66 2.23 7.44 3.09 67
MC-CNN-acrt [32] 2.89 8.88 3.88 2.48 7.64 3.33 67
DispNetC [17] 4.32 4.41 4.34 4.11 3.72 4.05 0.06
iResNet-i2e2 (ours) | 2.10  3.64 (236) | 1.94 320 215 | (0.25)

Z. Liang,Y. Guo*, et al. Stereo Matching Using Multilevel Cost Volume and Multiscale Feature Constancy. IEEE TPAMI 2019.



SupervisedStereoMatching
CVPR 2018 Robust Vision Challenge

Middlebury KITTI ETH3D
{Detailed subrankings) {Detailed subrankings) {Detailed subrankings)

Method

1 iIResNet_ROB 6 2 2

Learning for Disparity Estimation through Feature Constancy [Project page] - Submitted by Zhengfa Liang (Mational University of Defenze Technology)

2 DMN-C55_ROEB 3 T 1

Submitted by Tonmoy Saikia (University of Freiburg)

3 DLCB_ROB 5 4 3

Submitted by Sebastien Drouyer (CMLA - ENS Cachan)

4 NaN_ROB 2 5 9

Submitted by Yao Lu [Australian National University)

4 PSMNet_ROB 10 1 5

Pyramid Stereo Matching Network [Froject page] - Submitted by Hzizo-Chien Yang (Mational Chiao Tung University (NCTU])

6 NOSS5_ROB 1 16 4

Submitted by Ancnymous
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) Unsupervised Stereo Correspondence Learning
Objectives

A Good Flexibility and Scalability to Different Disparities
Disparities between stereo images can vary significantly
C different baselines
C different focal lengths
C different depths
C different resolutions

A Low Computational and Memory Cost
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) Unsupervised Stereo Correspondence Learning
Parallaxattention Module (PAM)

A PAM to Capture Stereo Correspondence

C Achieve global receptive field along the epipolar line to handle different
stereo images with large disparity variations

C Improve efficiency
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(a) self-attention (b) parallax-attention

L. Wang,Y.Gud", etal. Parallax Attention for Unsupervised Stereo Correspondence LedEkitfy TPAMI, 2020



Unsupervised Stereo Correspondence Learning
Parallaxattention Module (PAM)
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A Overview
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L. Wang,Y.Gud", et al.Parallax Attention for Unsupervised Stereo Correspondence LedEkitfy TPAMI, 2020



Unsupervised Stereo Correspondence Learning
Parallaxattention Module (PAM)
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A Overview parallax-attention maps
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) Unsupervised Stereo Correspondence Learning
Parallaxattention Module (PAM)

A How PAM Works?

sum-to-1
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left image right image
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L. Wang,Y.Gud", et al.Parallax Attention for Unsupervised Stereo Correspondence LedEkitfy TPAMI, 2020



Unsupervised Stereo Correspondence Learning
Parallaxattention Module (PAM)
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A Geometry-Aware Matrix Multiplication as Warping
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L. Wang,Y.Gud", et al.Parallax Attention for Unsupervised Stereo Correspondence LedEkitfy TPAMI, 2020



