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Depth Map based Multi -View Stereo

ψ

Depth Map Estimation Depth Map Fusion

Å Two -Step Pipeline

Characteristics : (a) Scalable; (b) Easily Parallelizable .

Multi -View Stereo ɇDepth Map Estimation



ÅPatchMatch in 3D Scene Space

Given a pair of calibrated images χ ,

Plane Parameter χ
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Multi -View Stereo ɇDepth Map Estimation

Patch

Match? NCC

Â The metric of two -view photo -consistency

SSD (Sum of Squared Differences)

” ὪȟὫ ȿȿὪ Ὣȿȿ

” ὪȟὫ ȿȿὪ Ὣȿȿ

SAD (Sum of Absolute Differences)

NCC (Normalized Cross Correlation)
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ÅPatchMatch in 3D Scene Space

Given a pair of calibrated images χ ,

Plane Parameter χ

0|P K Iè ø= ê ú
' ' |P K R tè ø= ê ú

( , )T Tn dp=

Corresponding Homography (                 ) is :'x Hx=
1'( )

Tn
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Reference I0

Neibor. I1

Neibor. I2

Neibor. I3

Neibor. I4

Neibor. I5

Neibor. I6

Multi -View Stereo ɇDepth Map Estimation

Patch

Match? NCC



PatchMatch MVS

Global Image Selection Random Initialization

Randomly generatea hypothesis

(including depth and normal) to

build a 3D plane for eachpixel in

thereferenceimage

Initial normal mapInitial depth map

Reference image I0

Neibor. image I1

Neibor. image I2

Neibor. image I3

Neibor. image I4

Neibor. image I5

Neibor. image I6

Reference Image + Source 
Image

Reference Image 

+ Source Images

Random Initialization

Sampling and 

Propagation

View Selection

Refinement

Depth Map

MVS Pipeline

Multi -View Stereo ɇDepth Map Estimation



ÅSampling and Propagation σTo generate hypothesis candidates

Sequential Propagation   

[COLMAP 14, 16]
Checkerboard Propagation

[Gipuma15]

ACMH ɇAdaptive Checkerboard Sampling

Adaptive Checkerboard

[ACMH]

Parallelism : Proportional to
Columns / Rows of the image

Parallelism : Proportional to Half of the pixels in
the image

ACMH ɇAdaptive Checkerboard Sampling

ÉQingshanXu, Wenbing Tao*, Multi-ScaleGeometricConsistencyGuidedMulti-ViewStereo, CVPR2019
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Non -occluded Pixel Occluded Pixel

Pixelwise View Selection

ÉQingshanXu, Wenbing Tao*, Multi-ScaleGeometricConsistencyGuidedMulti-ViewStereo, CVPR2019
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É Gipuma É ACMH

Only consider row dimension Consider both dimensions
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Determine credible views and compute the

weights for them
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É Definition of credible views

É Definition of good matching cost subsets and bad
matching cost subsets

É Weight for each credible view

Multi -View Aggregated Photo -metric Consistency Cost
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Graphical Model of View Selection

ÉQingshanXu, WenbingTao*, PlanarPriorAssistedPatchMatchMulti -View Stereo,AAAI 2020.

ACMH+ ɇProbabilistic View Selection

É According to Bayesian rule :

É The likelihood : photometric consistency

É The prior : the smoothness of view selection
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Multi -Hypothesis Joint View Selection
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ACMH

ACMH

ACMH

Scale = 2

Scale = 1

Scale = 0

ACMH

ACMH

Upsampling

Upsampling

Downsampling

Downsampling

ÉQingshanXu, WenbingTao*, Multi -ScaleGeometricConsistencyGuidedMulti -View Stereo,CVPR2019.

Texture richness is relative 

Multi -Scale 3D Reconstruction

Image ACMH ACMH for downsampledimages

Multi -Scale ACMH -ACMM

ACMH ACMM



Graphical Model of Planar Prior
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É According to Bayesian rule :

É The likelihood : photometric consistency

É The prior : planar priors
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É Maximum a-posteriori estimate of the hypothesis :*q
src src* arg max ( | , , )

i i p
Pq q q= X Z

É The planar prior assisted aggregated matching cost

Triangulation Planar Prior ModelACMH Reliable Points

ÉQingshanXu, WenbingTao*, PlanarPriorAssistedPatchMatchMulti -View Stereo,AAAI 2020.

ACMPɇPlanar Prior MVS

p
q : priori planar hypothesis

src

i
X : observations of all source images at

src
Z : the visibility of all source images

i
q

Target:

: the optimal hypothesis
*q

Given:

ACMP

Planar Prior Probabilistic Inference 

Reference Image



ACMMP ɇCombine ACMM with ACMP

Q. Xu, W. Kong,W. Tao*, M. Pollefeys, Multi-Scale Geometric Consistency Guided and Planar Prior Assisted Multi-View Stereo, TPAMI, 2022. 

Using ACMP instead of ACMH 
except for scale=0

https://github.com/GhiXu/ACMH, 

https://github.com/GhiXu/ACMM, 

https://github.com/GhiXu/ACMP, 

https://github.com/GhiXu/ACMMP.



Experiments ɇAblation Study and Runtime



Experiments ɇETH3D Benchmark



Experiments ɇETH3D vs Intel Tanks and Temples

Intel Tanks and Temples

ETH3D



˓ Extract the depth map from the Cost

Ὠὼȟώ ὥὶὫάὭὲὅὼȟώȟὨ

˒ Cost function

ὅὼȟώȟὨ

ЎȟЎ ᶰ

ȿὍ ὼ Ўὼȟώ Ўώ ‍ Ὅὼ Ўὼȟώ Ўώȿ

Dissimilarity measure using SAD

N source images

ː determine a family of depth hypotheses 

ὨȟὨȟȣȟὨȟȣ

ˑ Homographymatrix

╗(Ὠ) = ὑ ϊὙ ϊὑ ὴ ὌὨ ὴ

Winner-take-all

Deep Learning Based MVS ɇMotivation

ÉR. T. Collins,A Space-SweepApproachto TrueMulti -ImageMatching,CVPR1996

ÅPlane -Sweeping Stereo[Collins CVPR96]

Referene

Source 1 Source 2

Ƙ ƙ Winner



Deep Learning Based MVS ɇMVSNet

ÅThe Pipeline of MVSNet

Feature Extraction Cost Volume Construction Regularization Depth Inference

Core ideas :

ÉYaoYao,et al., MVSNet: DepthInferencefor UnstructuredMulti -View Stereo,ECCV2018

Plane Sweeping Stereo Deep Features Deep Regularization



Å The Pipeline of CIDER

Ὠ ὨὨ

ÉQingshanXu, WenbingTao* , LearningInverseDepthRegressionfor Multi -View Stereowith CorrelationCostVolume,AAAI 2020.

C
, , ,

1
4 C

Reference 
feature

Source
feature

Group-wise Correlation

Feature similarity

C

Å Lightweight Correlation Cost Volume

Å Inverse Depth Ordinal Regression

Reference Source

Reference Source

CIDERɇLearning Inverse Depth Regression for MVS



Problems of Existing Learning -Based Methods

ÅProblems of Existing Learning -Based Methods
É Variance Metric (MVSNet , R-MVSNet , Point -MVSNet , CasMVSNet etc )

É Mean Operation (CIDER, P-MVSNet etc )

Reference feature 
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Lack of Pixelwise Visibility Selection

Treating each source 

image equally

Tailored for datasets with slight viewpoint changes, e.g., DTU and Tanks and Temples

Reference image I0 Source image I1 Source image I2 Source image I3 Source image I4 R-MVSNet CIDER Colmap

ETH3D



PVSNet ɇ Pixelwise Visibility -Aware MVS Network

3D 

CNN

3D 

CNN

2D Visibility 

Map

3D 

CNN

2D Visibility 

Map

Tow-view 
Cost Volume

Tow-view 
Cost Volume

Aggregated 

Cost Volume

...

Weight   Sharing

Weight   Sharing
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Probability 

Volume

...

Cost Volume Filtering and Depth Inference

Depth 
Prediction

GT Depth 

Multiplication

Addition

Loss

Multi -Scale Feature Extraction. Pixelwise Visibility-Aware Cost Volume Construction. 

...

Tow-view Cost Volume

M M2D Visibility 

Map

3D Conv + BN + ReLU

3D Deconv + BN + ReLU

3D Conv + Sigmoid

Addition

Max Pooling

Truncation

(a)
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ÅPixelwise Visibility Network (PV)

É Visibility Map

É Modified Visibility Map

Pixelwise Visibility -Aware Cost Volume
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Visibility Estimation

Q. Xu, W. Su,Y. Qi, W. Tao*, M. Pollefeys, PVSNet, InternationalJournalof ComputerVision, 2022.



ÅAnti -Noise Training Strategy (AN)

Reference image Source image 1 Source image 2 Source image 19 Source image 20

S
c
a

n
 2

S
c
a

n
 6

Original Training View Set 

Anti -Noise Training View Set 

Two best neighboring views Two worst neighboring views

Slight viewpoint changes Strong viewpoint changes

Introduce More Negatives

PVSNet ɇ Pixelwise Visibility -Aware MVS Network

Q. Xu, W. Su,Y. Qi, W. Tao*, M. Pollefeys, PVSNet, InternationalJournalof ComputerVision, 2022.



Visualization Analysis of Visibility Maps

Reference image

Source image 1 Source image 10 Source image 15 Source image 20Source image 4

Visibility map 1 Visibility map 4 Visibility map 10 Visibility map 15 Visibility map 20

Prediction of CIDER

Prediction of PVSNet

Reference image

Source image 1 Source image 9 Source image 16 Source image 20Source image 4

Visibility map 1 Visibility map 4 Visibility map 9 Visibility map 16 Visibility map 20

Prediction of CIDER

Prediction of PVSNet

c
o

u
rt

y
a

rd
d

e
li
v
e

ry
_

a
re

a

Q. Xu, W. Su,Y. Qi, W. Tao*, M. Pollefeys, PVSNet, InternationalJournalof ComputerVision, 2022.



Experiments

ÅVerification of PV and AN

Optimal Values:

Note: CIDER+PV: 4.580 MAE at 5 input views

Strategy Optimal MAE Input Views

CIDER 5.154 5

CIDER+PV 4.503 7

CIDER+PV+T 4.411 9

CIDER+PV+AN 4.237 15

CIDER+PV+AN+T 4.121 13

DTU validation set

Q. Xu, W. Su,Y. Qi, W. Tao*, M. Pollefeys, PVSNet, InternationalJournalof ComputerVision, 2022.



Comparisons with the SOTA
Å ETH3D high-res benchmarkÅ Tanks and Temples datasetÅ DTU evaluation set

(1280 x 1920)

(2000 x 3000)

(1280 x 1920)

Q. Xu, W. Su,Y. Qi, W. Tao*, M. Pollefeys, PVSNet, InternationalJournalof ComputerVision, 2022.






























































































