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Introduction

 Stream of Depth Estimation and 3D reconstruction

1. Camera parameter & pose

- Structure-from—motion revisited. 2016. IEEE Conference on Computer Vision and Pattern

Recognition(CVPR)

2. Depth map
- Extreme View Synthesis.2019.IEEE/CVF International Conference on Computer

Vision(ICCV)
- DPSNet:End-to-end Deep Plane Sweep Stereo.2019.Computer Science

3. Both
- DeepSFM: Structure from motion via deep bundle adjustment. published in ECCV 2020
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Background

1. Stereo Image

Stereo camera

.
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E/ J\!
s Stereo vison system
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Different photos taken from different locations
are required to restore missing distance
information
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Background

Z axis
Disparity(A| X [ ‘e
« Disparity(A|XH 2

// | )

/ I

/, | | \\
j T
\
Left camera // | | \ Right camera
axis / | | \\ axis
- & -~
57 i \
\
// ' | \
/ | Pmalce(z) \
/
/ | \
/ x \
/
Left cnmen@r ——————— B 'L — O XA ht camera
center - \  center
/' | 1
p, | Focal length(/) |\
4 \
Image M hﬁ" Image
plane & F < plane
(xn )0 i Baseline(b) (X )7)

B.-f

zZ

disparity = x—x' =
The difference in position on the x-axis
Is called ‘disparity’
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Background

2. Stereo matching

Left image

Right image Depth map(right image-based)

By stereo matching, disparity is
computed.
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3. Multi-View Stereo

Stereo matching (2-view)
Input >= 3 images and camera poses
Output: Depth map to point cloud

Input views and cameras

9" -
SIS %"

Voxel Occupancy Point cloud
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Background

4. Rectification

Matching is too time consuming % 4
So, Use Epipolar constraint

Matching epipolar lines parallel is called
rectification

After Rectification, start stereo matching _ : :
It Matches y-axis and compute disparity

Piousa, 7 VDS




# SOGANG UNIVERSITY

Related Work Variance Cost Metric S (V; — v, )2

C=M(Vy,-- , Vy) ==

Prior research: MVSNet

Camera parameter is needed, output: Depth map

" 3D CNN U-net
, !
&
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Initial Depth Map

Argmin ‘ | ‘ | -
Refined Depth Map

Feature Differentiable Cost Volume
Extraction Homography Regularization

Depth Map
Refinement

Flexibly adapts arbitrary N-view inputs using a variance-based cost

metric that maps multiple features into one cost feature.
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Related Work . A
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Refined Depth Map

Feature Differentiable Cost Volume Depth Map
Extraction Homography Regularization Refinement
Softmax operation with 1-channel volume for Softmax operation with 1-channel volume for
probability normalization probability normalization
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Related Work
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1. Initial Depth map

dma:c 0.04
D= Y dxP() § - Lol T
d=d,in (d) Probability Map (c) Probabﬂlty dlstribution
2. Probability map 3. Depth map Refinement
Based on the initial depth map calculated above, the To restore the boundary information
probability sum of the four closest virtual planes 1s well, they apply a depth residual
calculated. learning network at the end of

MV SNet.

After that, thresholding is performed and outlier
filtering is performed.
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Related Work

4. Depth map Filtering

%
«

(¢) GT depth map

2 5L T

| (a) Inferred depth map (b) Filteréd de'pﬂ.tl ma;)' ~
5. Depth map Fusion

To integrate depth maps from different views to a unified

point cloud representation.
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Pape]‘ Cascaded MVS Cascade Cost Volume for High-

Resolution Multi-View Stereo and
e Contribution Stereo Matching.2020 CVPR

- MVSNet< low-resolutionO| 2= | ot

- 3D cost volume= T+ [If 0| 22|} HLEA[ZHO] BEO| =7| I 20| high-resolution
Output= F2

- 0|2 &2 =X E Sl Z

- 3D reconstruction 2 EE £0|= SA|0| AAMSE S 22| 2K S
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Paper Cascaded MVS

« Methodology Feature volume  cost volume Resolution 1
Using feature pyramid network to g
extract multi-scale features )\ Iy By Ve BT R A
: 7 & & § e
T L7 wlagaqla -1
p 1 /—/4 7 i »
A s W U ' U L Mb— - | a
. b | & . @ .'
- b W) Differentiable Homography Warping @ Cost Volume Hypothesis Plane Generation
M Variance Cost Metric ﬂ Feature Volume = 3D Convolutions

Figure 2: Network architecture of the proposed cascade cost volume on MVSNet [52], denoted as MVSNet+Ours.
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Paper Cascaded MVS

* Methodology

d LI

| Plane Num. | Plane Interv. | Spatial Res.

Multi-View Stereo

Efﬁciency| Negative | Positive | Negative

1. Back bone: MVSNet

Accuracy| Positive | Negative | Positive

t 3 1

Figure 3: Left: the standard cost volume. D is the number
of hypothesis planes, W x H is the spatial resolution and I is
the plane interval. Right: The influence factors of efficiency
(run-time and GPU memory) and accuracy.

2. Cost Volume Formulation
3. Camera parameter is needed

4. Output : Depth to point cloud
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Paper Cascaded MVS

* Methodology
1. Cascaded- cost Volume | Il
1 I,

" RY

- To resolve the problems aboye, . P— Stage 2
cascade cost volume formulation is needed

- HXW XDXF = 1600x1184x256%32

A. Hypothesis Range C. Number of Hypothesis Planes
By = B - wi Dy, = Ri/Ix

wg < 1 Reducing factor of hypothesis range
D. Spatial Resolution

W H
ON—Fk X ON —k

B. Hypothesis Plane Interval

Ir1 = Iy - pr,

pe <1 Reducing factor of hypothesis plane Interval N: total stage number of cascade cost volume

-
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Paper Cascaded MVS

* Methodology

i

predict

2. Feature pyramid predict

predict|

The standard cost volume is constructed

using the top level feature maps which =
contains high-level semantic features
but lacks low-level finer representations. (d) Feature Pyramid Network

3. Loss Function

N
Loss = Z)\k . LF
k=1
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Paper Cascaded MVS

* Methodology

Stereo Matching Multi-View Stereo

Backbone: PSMNet Backbone: MVSNet

C.(d)=X; —d “ Hi(d):Ki-Ri-(I—(tl_t;)'an).RlT.Kl—l

It 1s already rectified.

To build feature volumes,
Warp the feature maps of the right Cascaded redefining
view to the left view using only (tr—t;) - m T

translation along the x-axis Hi(d'+Ay,) = Ki-Ri-(I- A + AT

)‘RlT‘Kl_l

Cr(dkm + Akm+1) =X — (dkm + A"Ec'll

»
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Paper Cascaded MVS

« Experiment Results ablation

Reconstruction accuracy

Depth Num. Depth Interv. Acc. Comp.  Overall . .
| | | _ with cas3 1s the best
MVSNet | 192 | 1 | 04560 0.6460  0.5510 .
So N=3

MVSNet-Cass | 96, 96 | 2,1 ‘ 0.4352 04275 04314

MVSNet-Casg | 96, 48, 48 | 2,21 ‘ 04479  0.4141  0.4310

MVSNet-Casy | 96,48.24,24 | 2,2,2,1 ‘ 04354 04374 04364 Not sharing cascaded
MVSNet-Casg-share | 06, 48, 48 | 2.2.1 ‘ 0.4741 04282 04512 Stage parameter 1s better

Stages | Resosution =2mmi %) =8mmi(%)  Owerall (mm) GPU Mem. (MB)  Run-time (s)

1 1/4 x 1/4 0310 0.163 0.602 2373 0.081
2 1/2 % 1/2 0.208 0.084 0.401 l 4093 t 0.243 '
3 1 0.174 0.077 0.355 5345 0.492

Table 3: The statistical results of different stages in cascade
cost volume. The statistics are collected on the DTU evalu-
ation set [ | ] using MVSNet+Ours. The run-time is the sum
of the current and previous stages. The base of resolution
of input images in this experiment is 1152 x 864.
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Paper Cascaded MVS

« Experiment Results ablation

Methods cascade? upsample?  feature pyramid? | Acc. (mm) Comp. (mm)  Overall (mm)
MV SNet e * * 0.456 0.646 0.551
MVSNet-Cass "y b 4 * 0.450 0.455 0.453
MV SNet-Casg-Ups 'y v * 0.419 ().338 0.379
MVSNet+Ours "y b 4 v 0.325 (0.385 0.355

Cascaded MVS leads better results than just bilinear up-sampling feature map
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Paper Cascaded MVS

« Experiment Results multi-view stereo

|Rank Mean | Family  Francis Horse  Lighthouse @ M60  Panther Playground  Train

COLMAP [39,40] | 54.62 42.14 | 5041 2225 25.63 56.43 44 .83 46.97 48.53 42.04
R-MVSNet [53] 40.12 4840 | 69.96 46.65 32.59 42.95 51.88 48.80 52.00 42.38
Point-MVSNet [4] | 38.12  48.27 61.79 41.15 34.20 50.79 51.97 50.85 52.38 43.06
ACMH [47] 15.00 5482 | 69.99 49.45 45.12 59.04 52.64 52.37 58.34 51.61
P-MVSNet [29] 1225 55.62 | 70.04 44.64 40.22 65.20 55.08 5517 60.37 54.29
MVSNet [52] 52.00 4348 55.99 28.55 25.07 50.79 53.96 50.86 47.90 34.69
MVSNet+Ours 9.50 5642 | 76.36 58.45 46.20 55.53 56.11 54.02 58.17 46.56

Statistical& reconstruction results on the Tanks and Temples dataset of state-
of-the-art multi-view stereo and our methods

Figure 6: Point cloud results of MVSNet+Ours on the intermediate set of Tanks and Temples dataset [24].
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Paper Cascaded MVS

« Experiment Results multi-view stereo

Depth map

Error map

(a) GT&Ref Img (b) Stage; (c) Stageo (d) Stages
Figure 7: Reconstruction results of each stage. Top row:
Ground truth depth map and intermediate reconstructions.
Bottom row: Error maps of intermediate reconstructions.
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Paper Cascaded MVS

« Experiment Results multi-view stereo

(a) MVSNet [52] (b) R-MVSNet [53] (c) Point MVSNet [4] (d) MVSNet+Ours (e) Ground Truth
Figure 5: Multi-view stereo qualitative results of scan 10 on DTU dataset [1]. Top row: Generated point clouds of different
methods and ground truth point clouds. Bottom row: Zoomed local areas.
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Paper Cascaded MVS

« Experiment Results Stereo Matching

PSMNet

GWCNet

GWCNet+(Ours)

Figure 8: Qualitative results on the test set of KITTI2015 [32]. Top row: Input images, Second row: Results of PSMNet [3].
Third row: Results of GwcNet [!5]. Bottom row: Results of GwcNet with cascade cost volume (GwcNet+Ours).
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Paper Cascaded MVS

« Experiment Results Stereo Matching

All (%) Noc (%)

-. >1px | >2px. | >3px | EPE | Mem. Methods Dihg DIy DIal [ DI%g Dify Dial
PSMNet [] 9.46 5.19 3.80 | 0.887 | 6871 DispNetC [30] 432 441 434 | 411 372 405
PSMNet+Ours 744 4.61 3.50 0.721 4124 GC-Net [22) 221 6.16 287 2.02 5.58 261
GweNet [15] 8.03 447 330 | 0.765 | 7277 CRL ] 248 339 267 | 232 312 245
GweNet+0urs 746 4.16 3.04 | 0.649 | 4585 iResNet-i2e2[27] | 214 345 236 194 320 215
GANetl1 [50] _ N _ 0.95 6631 SegStereo [Y] 1.88 407 225 .76 370 208
PSMNet [ 1] 186 462 232 171 431 24
GANetl1+Ours | 110 | 597 | 428 | 030 | 5032 GweNet[15] | 174 393 211 | 161 349 192
GweNet+Ours 159 403 200 | 143 355 178

Table 4: Quantitative results of different stereo matching
methods with and without cascade cost volume on Scene Table 5: Comparison of different stereo matching methods
Flow dataset [30]. Accuracy, GPU memory consumption on KITTI2015 benchmark [572].

and run-time are included for comparisons.

D1: Percentage of stereo disparity outliers

EPE: End point error in first frame.

Disparity outlier percentage(%)

-
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DTU evaluation set DTU evaluation set
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2. Decompose the single cost volume into Fiiricey s BOGGTEOY SHive s sooiinics

a cascade formulation of multiple stages
3. Narrow the depth range of each stage and reduce the total number of hypothesis planes

by utilizing the depth map from the previous stage

4. Use the cost volumes of higher spatial resolution to generate the outputs with finer details.

« Limitations
- There is no clear difference between reconstruction picture compared to other techniques.

- But you can see that they are absolutely superior in numerical figure.
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