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Surface Reconstruction
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Structure from Motion-Camera Pose

Texture Mapping
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Texture Mapping

Multi-View Stereo-Dense Reconstruction

Surface Reconstruction




ACMH, ACMM (CVvPR19) ACMP (AAAI20) ; ACMMP (TPAMI22);
CIDER (AAAI20) ; PVSNet(JCv22 ; EPNet (AAAI23) ;

SSRNet(CVPR20, TCVG22) DeepDT (AAAI2L);

Geo-Neus(NeurlPS22spotlight);



Structure from Motion-Camera Pose
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ACMH, ACMM (CVPR19) ACMP (AAAI20); ACMMP (TPAM
CIDER (AAAI20) ; PVSNet(1JcVv22) ; EPNet (AAAI23) ;
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Multi-View Stereo-Dense Reconstructi

SSRNet(CVPR20, TCVG22) DeepDT (AAAI21);
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Geo-Neus(NeurlPS22spotlight);




Multi -View Stereo ¢ Depth Map Estimation

A Two -Step Pipeline

L ————

oS T S S N R R R N N N N R R N N R Ny,

__________________________________________________________________________________

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




Multi -View Stereo ¢ Depth Map Estimation

A PatchMatch in 3D Scene Space
Given a pair of calibrated images X P = Kgl| 0 , P =K gR| t

Plane Parameter x p =(n', d '
. n. . .
Corresponding Homography (X' = HX)is: H = K(R -tF) K

T =0w,d) A The metric of two -view photo -consistency

SSD (Sum of Squared Differences)

(@0 <O @
SAD (Sum of Absolute Differences)
X -~{_, Patch X' C(HQ §Q Gs
?& % NCC (Normalized Cross Correlation)
\/ '

Matct? 11> (NCC) @9 p (g 2@
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Multi -View Stereo ¢ Depth Map Estimation

A PatchMatch in 3D Scene Space
Given a pair of calibrated images X P = Kgl| 0 , P =K gR| t

Plane Parameterx p =(n", § '

. n',
Corresponding Homography (X' = HX)is: H = K(R 'tF)Kl

r=,d’

Neibot I ~— ~ Neiborls

X _- X
\_y Patch « _— Referencd, -
N > = B
' : '
C \/ C Neibor |4 Neibor |6

Matct? (15> -

Neibor |




Multi -View Stereo ¢ Depth Map Estimation

Global Image Selection Random Initialization MVS Pipeline

Reference Image
+ Source Images

Randomly generatea hypothess

— | (including depth and normal) to ) L 2
. Neibor imagel, 5 i . : WONTET
u | . build a 3D plane for eachpixel in Random Initialization
Neibor imagel—_ _~ Neibor imagels thereferencamage J
Sampling and
Propagation

¥

[ View Selection ]

v

[ Refinement

L
Depth Map ]

i _— Reference imagh,

N
=

Neibor imagelg
Neibor imagel

Neibor imagel ,

Initial depth map  Initial normal map

Reference Image + Source
Image




ACMH ¢ Adaptive Checkerboard Sampling

A Sampling and Propagation o To generate hypothesis candidates

Sequential Propagation
[COLMAP 14, 14
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Parallelism: Proportional
Columns / Rows of the image

to

Checkerboard Propagation
[Gipumal5]
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Adaptive Checkerboard
[ACMH]
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Parallelism : Proportional
the image

to Half of the pixels in




ACMH ¢ Heuristics View Selection

Pixelwise View Selection

(?nll m, - My 9

e u

M = ?mz,l m, - My u
- e : . . U
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g, M, - My Y

Only consider row dimension

:g\ﬂl M2 -..

MN

Consider both dimensions

Determine credible views and compute the
weights for them
oo ={1, 1] =1..N]

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

Source image set :

ngd(j) = {ml.,j. | m € M A m < r(t)}

S,..(J) = {mz.,j m e M Am, > z']},j =1..N

E Definition of credible views

o = {51 Bk k| >0 BN 9

E Weight for each credible view
m

4 Cm where qm) =e?
"\,ki Spood B ’

1
Sgom( K

Multi -View Aggregated Photo -metric Consistency Cost
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Myad @) = 2 a--Om
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ACMH+ ¢ Probabllistic View Selection

2[111 rqz qu g Ml
A D . M ~ éK:1 2 )
w = € M b e ang M - A
z = '
g, m, - My o M, Multi-Hypothesis Joint View Selection

E According to Bayesian rule :

Rz X! g 3 EePX )T RZ) 2,

_ E The likelihood : photometric consistency ,

M.

i i 9 g : . . =

Given RX'| 2) =sa,,PX 2Z)g RAX'| Z § =e>
g -the current hypothesis set E The prior : the smoothness of view selection " o
X1 :the observati fl. at ooy . o - f£h =09 Z! =Z
| e observations o Ja(] P(Z;l Z) _Wloﬂakimq(PZlq y,k P(Z(“ ZQ = | ? :<
Zr{ : the neighboring visibility on | i 1- h, Zq , L

Target E Weight for each source image :

Z(; : the current visibility on |j W ) U P Zj| X q Z.Jq




Multi -Scale ACMH -ACMM

Texture richness is relative

Downs@impling

Downg@mpling

Scale=2

nnm ACHIH

ACMH ACMM - TR WS e
E QingshanXu, WenbingTao*, Multi-ScaleGeometricConsistencyGuidedMulti -View StereoCVPR2019




Reference Image
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M =
Zsrc 9
P
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Graphical Model of Planar Prior
Given

qp . priori planar hypothesis
X observations of all source images at g

Z°° : the visibility of all source images
Target

{d :the optimal hypothesis

Reliable Points

Planar Prior Model

Planar Prior Probabilistic Inference
E According to Bayesian rule:

Rgl| X7 25 )geP X ) (# ) g,

E Maximum a-posteriori estimate of the hypothesis ¢ :
g = argmaxP(g| X, Z°¢ )6

E The likelihood : photometric consistency

Triangulation

_mphoto(qi)2
H XiSI‘Cl q — e b
E The prior : planar priors . (447  awoos 2Ty,
P(C/, | q — g_l_e 2/4 @ 2 4

E The planar prior assisted aggregated matching cost

2 d - d)2 arccos 2 n T
My 9) G@a? iy
phot 2/ 2 f,
M oto- £ ) fogf g € ¢ eO “"]

E QingshanXu, WenbingTao*, PlanarPrior AssistedPatchMatchviulti-View Stereo AAAI 2020




ACMMP ¢ Combine ACMM with ACMP

ACMH with Geometric Consistency

scam Acwm Using ACMP instead of ACMFhcum
except for scale=0 ——

"_____________"_"__"___I{.;:m;ﬁ;g_ __________________________ { @ Detail Restorer

B IN “a y 1} https://github.com/GhiXu/ACMH,
https://github.com/GhiXu/ACMM,
ACMH https://github.com/GhiXu/ACMP,
o [l. hh BRE T BRY R https://github.com/GhiXu/ACMMP.
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ACMH
with GC




Experiments ¢ Ablation Study and Runtime

Model Settings ETH3D train.

BWNCC RC AC MH MH+ GC MM PP[2em  10em

Gipuma 285 37.0
Gipuma+\RC| Vv 631 733
Gipuma+ v v 647 748
ACMH\MH v v 7 66.6 76.8
ACMH v v v Y 68.5 79.1
ACMH+ v v 7 v 69.2 79.0
ACMM v v v Y v oV 80.5 90.7
ACMM+ v v 7 v vV 81.4 90.8
ACMP\GC v v V v v 1729 851
ACMP v v v v oV v |81.9 90.6
ACMMP v v v v Vv Vv V|83 920

Runtime (in second) of depth map generation for different methods on
Strecha dataset.

dataset #images Gipuma COLMAP ACMH ACMM ACMP ACMMP
Fountain 11 235.58 1046.88 173.55 321.66 345.69 395.48
HerzJesu 8 13434 709.14 88.85 141.26 212.52 248.28




Experiments ¢ ETH3D Benchmark




Experiments ¢ ETH3D vs Intel Tanks and Temples

ETH3D
method 2em 10em
PMVS [1] 90.08/31.84/44.16 | 96.71/45.67/58.58
Gipuma [2] 84.44/34.91/45.18 | 98.07/54.77/67.86
LTVRE [54] 93.04/66.27/76.25 | 99.18/84.59/90.99
COLMAP [8] | 91.97/62.98/73.01 | 98.25/84.54/90.40
TAPA-MVS [32] | 85.71/74.94/79.15 | 94.93/90.35/92.30
all CLD-MVS [55] | 83.18/82.73/82.31 | 95.47/91.06/92.98
MG-MVS [33] | 80.32/87.11/83.41 | 94.08/97.24/95.61
ACMH 89.34/68.62/75.89 | 98.44/84.60/90.53
ACMM 90.65/74.34/80.78 | 98.05/88.77/92.96
ACMP 90.54/75.58/81.51 | 97.47/88.71/92.62
ACMMP 91.91/82.10/85.89 | 98.05/94.67/96.27
Intel Tanks and Temples
_— . . Intermediate . . Advanced
mean | Family Francis Horse Lighth. M60 Panther Playg. Train|mean|Audit. Ballroom Court. Museum Palace Temple
COLMAP [8] 4214 | 5041 2225 25,63 56.43 4483 4697 4853 42.04(27.24|16.02 2523 3470 4151 18.05 2794
PLC [57] 5456 | 70.09 50.30 4194 59.04 49.19 55.53 56.41 54.13|34.44|23.02 3095 4250 49.61 26.09 3446
PCE-MVS [58] [55.88| 70.99 49.60 40.34 63.44 57.79 5891 56.59 49.40(34.59| 2687 31.53 44.70 4739 2405 3297
R-MVSNet [59] |48.40| 69.96 46.65 3259 4295 51.88 4880 52.00 42.38(2491| 1255 29.09 2506 38.68 19.14 2496
CIDER [60] 46.76 | 56.79 3239 29.89 54.67 5346 5351 5048 42.85(23.12( 1277 2494 2501 33.64 19.18 23.15
PatchMatchNet [61]|53.15| 66.99 52.64 4324 54.87 5287 4954 5421 50.81(3231|23.69 3773 30.04 4180 2831 3229
CasMVSNet [62] |56.84| 76.37 58.45 4626 55.81 56.11 54.06 58.18 49.51|31.12| 19.81 3846 29.10 43.87 27.36 28.11
ACMH 54821 69.99 4945 4512 59.04 52.64 5237 5834 51.61(33.73|21.69 3256 40.62 4727 2404 36.17
ACMM 57.27 | 69.24 5145 4697 63.20 55.07 57.64 60.08 54.48|34.02| 2341 3291 41.17 48.13 2387 34.60
ACMP 58.41| 70.30 54.06 5411 61.65 5416 57.60 58.12 57.25|37.44|30.12 3468 4458 50.64 2720 3743
ACMMP 59.38| 70.93 55.39 51.80 63.83 5594 59.47 59.51 58.20(37.84| 30.05 3536 4451 5095 2743 38.73




Deep Learning Based MVS ¢ Motivation

A Plane -Sweeping Stereo[Collins CVPR96]

determine a family of depth hypotheses . Referene

QRQ B FQB
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Homographymatrix
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Deep Learning Based MVS ¢ MVSNet
A The Pipeline of MVSNet

| s Conv + BN + ReLU, Stride=1 |

| W= Conv + BN + ReLU, Stride=2 !
| e Conv, stride = 1 I
_,l, i © Concatenation :
.\ @ Addition !
_______________________________

%"
§ I Shared Weights
-
=
A
4 I -
I Shared Weights
&
E
S
E - Variance
‘% - Metric [ i
~ Refined Depth Map

Core ideas:

[Plane Sweeping Stere% + [ Deep Features ] + [ Deep Regularization]




Deep Feature Extraction

Cost Volume Construction

Cost Volume Filtering
|

Y

€ 101

¥

sion
L)
Regression g 2
.

l] 2D Conv |:| 2D Conv, stride 2 ' 3D Conv

A Lightweight

Reference
feature

' 3D Conv, stride 2 ' 3D Deconv

Correlation Cost Volume

C
Source PR
feature I I II
C

Group-wise Correlation

Feature similarity

2 (
O

|

Reference

j

Source

Reference

Source




Problems of Existing Learning -Based Methods

A Problems of Existing Learning -Based Methods ———————

. _ _ MVE B carning | -
E Variance Metric (MVSNet , R-MVSNet , Point -MVSNet , CasMVSNet etc) Gipuma I ocometric | |
1N AN PIvS
ot _’Cagg = N a F -(N aF)° comap (low)
Reference feature ~ Warped source ~ Warped source Warped source i=0 i 9
volumeF, feature volumés,  feature volumé=, feature volumdy. Colmap 67.667

) MVSNet
E Mean Operation (CIDER, P-MVSNet etc)

ETH3D

UCSNet
Reference feature =~ Warped source ~ Warped source Warped source
volurinleFo feature volumd-, feature=volumeF2 feature Ivolume{CN_l CasMVSNet
v v v VA-Point-MVSNet
N-1 .
— _ 1 Vis-MVSNet
Can =@ G
Two-view cost Two-view cost ~ Two-view cost N-1 i=1 Qurs 67.48-

volumeC; volumeC, volumeCy.;

b

Reference imagk Source imagé, Source imagé, Source imagé; Source imagé, ‘- R-VSNét -

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



PVSNet ¢ Pixelwise Visibility -Aware MVS Network

A Pixelwise Visibility Network (PV)

| |

|(a)8 e T : I

| 8% = (<2 | _ " || Visibility Estimation

| & Weight{ Sharin |T’ == ! o, s

' 75 00mmn 1|9 2] Tow-view ) I Aggregated Probabilty Depth || E VISIbI|Ity Map

I 9 H I . Cost Volume : I Prediction |

Y I : 1 Cost Volume Volume | .

g |5 : '-OSS@ | V|( F) - max{ ﬁ J ):I

= haring 1 = i I

| g H”_Tbgg > — . : J = ON _]}

(VR o= F || ! <o CTOW\-)/ileW . ! : |

| ost Volume ' i - e ey ers

ISttt R ! o cToepth || E Modified Visibility Map
Pixelwise Visibility-Aware Cost Volume Construction Cost Volume Filtering and Depth Inferenq
ﬁ 3D Conv+ BN +ReLU €D Addition : V .( p _ ‘|e\/|( D If \( p >
| i - .

' 3D Deconv+ BN + ReLU () Max Pooling ! i O otherwise
ﬁ 3D Conv+ Sigmoid @) Truncation :

e e e e e e e e e e e e e e e e o o - - - e e e e - - ——— ——— ——— ——— ——— —— e e e - ——— —— —— —— —— —— —— —— —— — — — —— —— — — — — —

Pixelwise Visibility -Aware Cost Volume

Cagg( p = . N-1




PVSNet ¢ Pixelwise Visibility -Aware MVS Network

A Anti -Noise Training Strategy (AN)

Anti -Noise Training View Set

b ,
Reference image Source imagé Source image

\ J | )
1 ||
Two best neighboring views Two worst neighboring views
Introduce More Negatives 4 s
Slight viewpoint changes Strong viewpoint changes



Visualization Analysis of Visibility Maps

courtyard

Source imagéd Source imag®

delivery area

Reference image  Visibility map1  Visibility map4  Visibility map9  Visibility map 16

Q. Xu, W. Su,Y. Qi, W. Tao*, M. Pollefeys PVSNet Internationallournalof Computeision, 2022

Source imagé6

Source image0

Visibility map 20  Prediction of PVSNe



Experiments

A Verification
DTU validation set

9

B5F

8k

7.5F

MAE (mm)

&
T

35

of PV and AN

- C|DER
- C|DER+ PV

—a— CIDER+PV+T
—»— C|IDER+PV+AN
=4 CIDER+PV+AN+T

o
T

‘*\q“':

L

.H—_—'-_.—I.——-—’—v

2 3 4 5 6

7 8
Number of input images

9 10 11 12 13 14 15 16 17 18 19 20 21 22

Optimal Values:

Strategy Optimal MAE | Input Views

CIDER
CIDER+PV
CIDER+PV+T
CIDER+PV+AN
CIDER+PV+AN+T

5.154
4.503
4.411
4.237
4.121

5
7
9
15
13

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



Comparisons with the SOTA

A DTU evaluation set

A Tanks and Temples dataset

A ETH3D high-res benchmark

Method Training Test
o MVE [12] 2047  30.37
£ Gipuma [14] 36.38  45.18
= PMVS [13] 46.06  44.16
€ Colmap (low) (280 x 192050.54 -
© Colmap [41)(2000 x 3000) 67.66  73.01
VA-Point-MVSNet [7] 18.13 -
MVSNet [53] 25.23 -
0 CIDER [49] 41.56 -
2 CVP-MVSNet [52] 32.66 -
£ UCSNet [9] 40.46 -
—  CasMVSNet [15] 51.18 -
Vis-MVSNet [57] 60.85

[Ours (1280 x 1920) 67.48  72.08 |














































































































































