Camas nydwuasi nekuus.
PekoHcTpyKkumna 3D mogenu
N3 KapT rMyounHbl.
(BapmaunoOHHbIMKU MeTOO4aMMU)

doTtorpammetpus. Jlekumsa 10

- Denoising

- Super resolution

- 2.5D model reconstruction
- 3D model reconstruction

- 3D Out-of-Core model reconstruction

MongapHbIn Hukonawn
polarnick239@gmail.com
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[TyCTb eCTb LUyMHOE n3obpaxxeHme

- [ayccoBbin WYM N0 BCEN NOBEPXHOCTU N30OpaKeHUs
- Salt-and-pepper wym Ha npaBon YacT N306paKeHus




ROF Image Denoising (TV-L2)

Rudin-Osher-Fatemi model (ROF):
: A 2
min, || Vx || +5 [l x— f

[ne

f - Habniogaemoe nsobpaxeHue ¢ LyMoMm

X - ICKOMOE O4ULLEHHOE OT LUyMa U30bpaxkeHne

|| V x || - nonHasi Bapuaums (perynsipusauus)

| x—f ||2 - L“ TaroTeHune Kk aaHHbIM (Habniogaemomy f)
A - napameTp perynspusauum

Kak HanTtn X7
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Primal-Dual algorithm (TV-L2, ROF)

Primal-Dual anroputm MmnHmMmmnsaumm B obuiem Buae peLlaer:
min, F(Kx)+ G(x)
roe: I G- BbINYKrble PyHKLNK, K - nuHeitHbINn onepaTop.

Torga ntepatnBHasa cxema (Moaensb - Bbinyknas):

Pu+1=+060F) " (p,+0Kxy) (I+60F") (p) = projecty(p)
A - = X+ At
X, +1=+170G) l(xn — KT Py 1.1) (I +70Gror) 1(x) = 1++ ,“f

VAN AN
xn+1=xn+1+9(xn+1_xn)

’ _ p
projectp(p) = max( || p I, 1)
lel — Vxll
T —
K Pi +15 V' Py 41

MoapobHee: IPython notebook with ROF and TVL1 denoising (with math!)



https://github.com/znah/notebooks/blob/master/TV_denoise.ipynb

ROF Image Denoising (TV-L2)

Rudin-Osher-Fatemi model (ROF):

: A 2
miny || Vx || +5 | x — f i




Image Denoising (TV-L1)

TV-L1 model:
miny || Vx || + A x— f ||

T.e. TAroTeHne K Wymam ropasgo criabee.
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Primal-Dual algorithm (TV-L1)

Primal-Dual anroputm MmnHmMmmnsaumm B obuiem Buae peLlaer:
min, F(Kx)+ G(x)

roe: I G- BbINYKrble PyHKLNK, K - nuHeitHbINn onepaTop.

Torga ntepatnBHasa cxema (Moaensb - Bbinyknas):

Pus1=(+00F") (p,+0Kx))  (I+c0F)7(p) = projecty(p)
Qn 1= +70 G)_l(x,, —tKTp, ) (I+70Gpy _ ;) (x) =shrink(x, f, A7)

VAN AN
xn+1=xn+1+9(xn+1_xn)

) _ p
projecty(p) = max( || p . 1)

x—Ac x>f+ Ao KX;1=Vxn
shrink(x, f, i) =< x+ 10 x<f—-1lo T
f lx — fI< Ao K Pn+1=V'Py 41

MoapobHee: IPython notebook with ROF and TVL1 denoising (with math!)



https://github.com/znah/notebooks/blob/master/TV_denoise.ipynb

Image Denoising (TV-L1)

TV-L1 model:

miny || Vx || + 4]l x— f




Image Denoising (TV-L1, mMHOro HabnrogeHun)

TV-L1 model:

miny || Vx || + ﬂzi | x—f;l 5 O4YeHb I.IJyMHbIX Ha6mop,el-mu

MogpobHee: |Python notebook with ROF and TVL1 denmsmq (W|th math') |



https://github.com/znah/notebooks/blob/master/TV_denoise.ipynb

CcbInku

- An introduction to Total Variation for Image Analysis, Chambolle et al., 2009

- IPython notebook with ROF and TVL1 denoising (with math!)

- Google Scholar: Thomas Pock (lots of research with Primal Dual method)



https://hal.archives-ouvertes.fr/file/index/docid/437581/filename/preprint.pdf
https://github.com/znah/notebooks/blob/master/TV_denoise.ipynb
https://scholar.google.ru/citations?user=FwNaHxQAAAAJ&hl=en&oi=ao

Image super resolution from multiple images
TV-L2, TV-L1

}

Real world Motion Down sampling

scene

input L2 superresolution

L' superresolution L' superresolution

MoaopobHee: Video Super Resolution using Duality Based TV-L1 Optical Flow,
Mitzel et al., 2009



https://vision.cs.tum.edu/_media/spezial/bib/mitzel_et_al_dagm09.pdf
https://vision.cs.tum.edu/_media/spezial/bib/mitzel_et_al_dagm09.pdf

Huber loss

Ut




Image super resolution from multiple images

Huber model:
min, || Vx |["+ 4] x = £ |"

16 input images Super-resolution

e
-

MoapobHee: A Convex Approach for Variational Super-Resolution, Unger et al., 2010



https://graz.pure.elsevier.com/en/publications/a-convex-approach-for-variational-super-resolution

Digital Surface Model reconstruction

B image super resolution:

- MHOro wyMHbIX HabN4EeHUN - MHOIO LWWYMHbIX KAPTUHOK
- HyxHO HanTn ogHy Hanbonee NpaBAoONOA0OHYIO - YETKYHO YUCTYH KAPTUHKY

B cny4dae 2.5D peKkoHCTpyKuMn noBepxHOCTM naHgwadgta (DSM):

- MHoro wymHbIX HabnaeHnn - WyMHble MHOXecTBa 2.5D Tovek
(Ha Kaxabln ckaHep/doTorpaduio - CBOe MHOXECTBO TOYEK)
- HyxHo HanTn ogHy Hanbornee npaBaonogodHyto - 2.5D KapTy BbICOT
(T.e. KaK KapTUHKA, HO B KaXXOOM MUKcere - BbicoTa NaHawadyta B 3TOM TOYKE)



DSM (Digital Surface Model, 2.5D height map)

Gussian noise + outliers



DSM from 5 observations (from 5 noisy height maps)

A W
%

rage

(c) Av

(a) Ground truth




TV-L1 -> Huber model -> TGV-Huber model

K
TV -L! model: min{a/ |Vu|d:£—|—Z/ |u—fl|d:13}
% 7 " S

K
Huber model: min{a/ |Vu|€dx—|—2/ |U_fl|5d=’17}
o 12 —1 Y1

TGV ?model: min {a1 IVu —vlde + ag | |E(v)|dx + Z lu — fils dw}
P [0,

2 2 —1

T.e. perynspusauusi BTOPOro nopsiaka:

a1 | |Vu—wvldz => v=Vu
2

o |E(v)|dz - nonHas Bapuaums v = nonHas sapuauma Vo
0



Real-world examples

(c)Huber model

TGV-Fusion, Pock et al., 2011



https://link.springer.com/chapter/10.1007%2F978-3-642-19391-0_18

(c) Hut;er model d) TGV?

TGV-Fusion, Pock et al., 2011



https://link.springer.com/chapter/10.1007%2F978-3-642-19391-0_18

TV-L1 for 3D model

Surface
Camera
line-of-sight
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A Globally Optimal Algorithm for Robust TV-L1 Range Imaqge Integration, Zach et al., 2007



http://www.cs.jhu.edu/~misha/ReadingSeminar/Papers/Zach07.pdf

A Globally Optimal Algorithm for Robust TV-L1 Range Imaqge Integration, Zach et al., 2007



http://www.cs.jhu.edu/~misha/ReadingSeminar/Papers/Zach07.pdf

3D Model reconstruction

Kak ybpaTtb noTpebHOCTb AepXaTb B BUAEONAMSATN BCe HabnogeHus ans
obpabaTbiBaeMoro permoHa?

MOXXHO coxpaHuUTb peneBaHTHY UHpopmauuno 060 Bcex HabMOEHUSIX B KaXXa0M
Kybuke perynsapHoun peweTtke (Bokcene).

Kak aTto caenatb? [Mctorpammamu: @ —
line-of-sight &
-l S

Fast and High Quality Fusion of Depth Maps, Zach, 2008



https://www.cc.gatech.edu/conferences/3DPVT08/Program/Papers/paper196.pdf

3D Model reconstruction (gna munnuapaoa To4ek)

1) AganTMBHOE OKTOOEPEBO:

»

Global, Dense Multiscale Reconstruction for a Billion Points, Ummenhofer et al., 2017



https://lmb.informatik.uni-freiburg.de/people/ummenhof/multiscalefusion/

3D Model reconstruction (gna munnuapaoa To4ek)

1) AganTMBHOE OKTOOEPEBO:

Global, Dense Multiscale Reconstr



https://lmb.informatik.uni-freiburg.de/people/ummenhof/multiscalefusion/

3D Model reconstruction (ana munnmapaoa To4vek)

1) ApanTuBHOE OKTOOEepeBO:
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Global>Dense Multiscale Reconét\r'u\'ctidn for a Billion Points,-Ummenhofer et. al

. 2017


https://lmb.informatik.uni-freiburg.de/Publications/2017/UB17/ummenhofer2017Global.pdf

3D Model reconstruction (ana munnmapaoa To4vek)
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Figure 11. Reconstruction of a plane with three regions, each with a different uniform point density. The scale
value assigned to the points corresponds to the sampling density of the central region. Gaussian white noise was
added to the points’ position and normal. Top left: Input point cloud. FSSR: With increasing density, FSSR
effectively cancels out noise. In the low density region it suffers from a too sparse sampling. SSD: SSD adapts the
scale to the point density and therefore models the noise in the high density region. In the low density region noise
is suppressed by using a coarser scale for reconstruction. Ours: Our reconstruction looks more even in the high
density region than that of the other methods. The high density leads to a strong data term but is also effective to
cancel out noise. In the low density region the smoothness term dominates and the reconstruction looks smoother
than with SSD.

Global, Dense Multiscale Reconstruction for a Billion Points, Ummenhofer et. al., 2017



https://lmb.informatik.uni-freiburg.de/Publications/2017/UB17/ummenhofer2017Global.pdf

3D Model reconstruction (ana munnmapaa ToYek)

1) COGanaHcupoBaHHOe aganTUBHOE OKTOO4EPEBO

2|2
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4

2|2
8 | 8 | 4
2|2
2[2[a]4
8 8
2B 4|4
4)ala]a
4 | 4
alalala
4 4
(b)

............

...........
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Figure 3. (a) Quadtree before balancing. Each node stores the scale. (b) Quadtree
after balancing. The difference of the quadtree level of adjacent nodes is limited to
1 by recursive splitting of nodes. (¢) Balanced quadtree (dashed) and its

corresponding dual structure (solid red).

Global, Dense Multiscale Reconstruction for a Billion Points, Ummenhofer et al., 2017



https://lmb.informatik.uni-freiburg.de/people/ummenhof/multiscalefusion/

3D Model reconstruction (gna munnuapaoa To4ek)

1) CbanaHcmpoBaHHOE aganTUBHOE OKTOOAEPEBO
2) [wucTtarpamMmmbl HOpManem:

P D
‘3 5

point cloud with scale octree with histograms

signed distance field
with surface orientation

Figure 2. Method overview. The input data is a point cloud with scale and normal
information. First, we generate an octree based on the scale information in the
point cloud and aggregate the information into orientation and distance histograms
(with compact support). Second, the implicit representation is computed, which is
a signed distance function and a vector field describing the surface orientation.

Global, Dense Multiscale Reconstruction for a Billion Points, Ummenhofer et al., 2017



https://lmb.informatik.uni-freiburg.de/people/ummenhof/multiscalefusion/

3D Model reconstruction (gna munnuapaoa To4ek)

1) CbanaHcmpoBaHHOE aganTUBHOE OKTOOAEPEBO FSSR s
2) TuctarpaMmbl HopManeii A -
3) Breisach dataset (1.5 munnunapga Tto4dek): ,

Duration
Density estimatio 74.6 min
Octree generation Balancing 7.9 min

Histograms 782.4 min| b |

Dual grid generation 19.9 min
Surface comp. Energy minimization |3678.0 min
Dual contouri}g’ 16.3 min

Other m 23.5 min _

Total 4602.9 min

Table 1. Runtime breakdown for the Breisach data set.

Global, Dense Multiscale Reconstruction for a Billior



https://lmb.informatik.uni-freiburg.de/people/ummenhof/multiscalefusion/

3D Model reconstruction (gnsa munnuapana To4ek)

1) CbanaHcmpoBaHHOE aganTUBHOE OKTOO4EPEBO
[McTarpammbl HOpMmarsewn
Breisach dataset (1.5 munnnapga To4ek)
Citywall dataset (256 MWSTTIMOHOB Toqu):

=T Y I Ty

: W o

Global, Dense Multiscale Reconstruction for a Billion Points, Ummenhofer et al., 2017



https://lmb.informatik.uni-freiburg.de/people/ummenhof/multiscalefusion/

3D Model reconstruction (gns noboro yncna To4ek)

1) Kak noctpouTb agantuBHoe okTtoaepeso out-of-core?

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro yncna To4ek)

1) Kak noctpouTb agantuBHoe okTtoaepeso out-of-core?
Ecnu BBeCcTH nopaaokK Ha KyOukax (Kaxgbl Kyouk npeacraBum YMCIIoM), TO
OCTaHeTCs NULb Hay4YnTbcs genatb out-of-core merge sort. Morton Code!

o //_ Z
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|

Figure 7. Z-curve example on a balanced 2D quadtree. Note that
each cube has a limited number of neighbors (two or less) over
each edge. In a balanced 3D octree, each cube has four or fewer

neighbors over each cube’s face.
Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro yncna To4ek)

1) CTpoum aganTMBHOE OKTOOAEPEBO.
2) Kak cbanaHcupoBaTbk NOCTPOEHHOE aepeBo out-of-core?

» B

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro yncna To4ek)

1) CTpoum aganTMBHOE OKTOOAEPEBO.
2) Kak cbanaHcupoBaTbk NOCTPOEHHOE aepeBo out-of-core?

S B o

»

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro yncna To4ek)

1) CTpoum aganTMBHOE OKTOOAEPEBO.
2) Kak cbanaHcupoBaTbk NOCTPOEHHOE aepeBo out-of-core?

b B
b=l =2
L 7 L

»

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro yncna To4ek)

1) CTpoum aganTMBHOE OKTOOAEPEBO.

2) banaHcupyem oKToaepeBo.
3) Kak noctponte SDF ructorpammbl ana cbanaHcMpoBaHHOIO gepeBa C y4eTOM

BCEX KapT rmybuHbI?

4
z ]
r (x)
1

A

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro yncna To4ek)

1) CTpoum aganTMBHOE OKTOOAEPEBO.
2) banaHcupyem oKToaepeBo.

3) Kak noctponte SDF ructorpammbl ana cbanaHcMpoBaHHOIO gepeBa C y4eTOM
BCEX KapT rmybuHbI?

4) Kak genatb primal-dual ntepauun?

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro yncna To4ek)

1) CTpoum aganTMBHOE OKTOOAEPEBO.

2) banaHcupyem oKToaepeBo.

3) Kak noctponte SDF ructorpammbl ana cbanaHcMpoBaHHOIO gepeBa C y4eTOM
BCEX KapT rmybuHbI?

4) Kak genatb primal-dual ntepauun?

5) Kak BblgenaTb NOBEPXHOCTb anroputMomM marching cubes?

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro yncna To4ek)

1) CTpoum aganTMBHOE OKTOOAEPEBO.
2) banaHcupyem oKToaepeBo.
3) CTpoum MHAEKCUPOBaHHYIO BepXYLUKy AepeBa!

We build independent treetops for all
linear balanced octree parts, and then
merge those treetops into a global
one. At this stage, we can easily save
indices of all covered relevant cubes
for each treetop leaf. Moreover, these
indices are consecutive due to
Z-curve ordering of Morton codes —
see Fig. 9. Hence, we only need to

N A\ APA LS save two indices with each treetop
N & & _ leaf —indices of the first and the last
N N  Figure 9. Note that the Z- rgjevant cubes from the linear

Figure 8. Blue nodes are the curve enters and leaves cubes palanced octree. This gives us an
treetop leaves with less than (green circles) from each tree- ability to load cubes relevant for

NecubesPerTreetopLeaf cubes top leaf (blue boxes) exactly current treetop leaf from balanced
under each subtree. once. octree in |O-friendly consecutive way.

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro 4ncna To4yek)

1) CTpoum aganTMBHOE OKTOOAEPEBO.

2) banaHcupyem okToOepeEBO.

3) CTpoum nHOEeKCUpPOBaHHYIO BEPXYLLKY AepeBa.

4) Ctpoum SDF ructorpammel Anga KaXXgon YacTn oktoaepesa
(ANa KaXxgoro nucta B?pny_IKI/I). [GPU]

v ~

N AN &
N N  Figure 9. Note that the Z-
Figure 8. Blue nodes are the curve enters and leaves cubes
treetop leaves with less than (green circles) from each tree-

NecubesPerTreetopLea f Ccubes top leaf (blue boxes) exactly
under each subtree. once.

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gnsa nboro yncna To4ek)

1) CTpoum aganTMBHOE OKTOOAEPEBO.

2) banaHcupyem oKToaepeBo.

3) CTpoum nHOEeKCUpPOBaHHYIO BEPXYLLKY AepeBa.

4) Ctpoum SDF ructorpammbl Ans Kaxgonm YacTu oKToaepeBsa
(Ana kaxxgoro nucta BepxyLwkn). [GPU]

5) [lporpeccmBHO NoO ypoBHAM (coarse-to-fine) BeinonHaem primal-dual ntepaunu
(oNATb NO YacTaMm, Mo SIMCTbaM BepxyLwkn). [GPU]




3D Model reconstruction (gns noboro yncna To4ek)

1)
2)
3)
4)

5)

6)

CTpoum aganTuUBHOE OKTOOEPEBO.

BanaHcupyem okToaepeso.

CTpoum MHOEKCUPOBAHHYO BEPXYLLKY OepeBa.

Ctpoum SDF ructorpammbl Ana KaXXaon YacTu oKkToaepesa

(onsa kaxgoro nucta sepxyLwkn). [GPU]

[MporpeccuBHO No ypoBHAM (coarse-to-fine) BoinonHsem primal-dual ntepaunu
(onaTb NO YacTaMm, No NMCTbaM BepxyLikn). [GPU]

3Bnekaem pesynbsrart - NOBEPXHOCTb U3 TPEYroribHMKOB anropntMomM marching
cubes (ONATb MO YacTAM, MO FIMCTbAM BEPXYLLKW).

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro yncna To4ek)

1)
2)
3)
4)
5)
6)

7)

CTpoum aganTuUBHOE OKTOOEPEBO.

BanaHcupyem okToaepeso.

CTpoum MHOEKCUPOBAHHYO BEPXYLLKY OepeBa.

Ctpoum SDF ructorpammbl Ans Kaxxaow Yactu oktogepesa

(onsa kaxgoro nucta sepxyLwkn). [GPU]

[MporpeccuBHO No ypoBHAM (coarse-to-fine) BoinonHsem primal-dual ntepaunu
(onaTb NO YacTaMm, No NMCTbaM BepxyLikn). [GPU]

3Bnekaem pesynbsrart - NOBEPXHOCTb U3 TPEYroribHMKOB anropntMomM marching
cubes (oNATb MO YacTaAM, MO INCTbAM BEPXYLLKHN).

B camom KOHLE noarpy»aem Bce 4YacTu NMOBEPXHOCTU U CKINeMBaeM Ux B OgHY

CBA3HYHO reoMeTpunto-pesyrbrar.
Table 1. Breakdown of Breisach dataset processing: 2111 photos,

2642 million cubes from input depth maps, 4 hours 20 minutes of
processing on a computer with an 8-core CPU and a GeForce GTX
1080 GPU with the peak RAM usage 10.07 GB.

Processing stage Time Time in %
Linear octree + merge 30+ 11 min | 11% +4%
Balance octree + merge 7+ 11 min 3% + 4%
Index treetop 8 min 3%
Histograms (GPU) 49 min 19%
Primal-dual method (GPU) 88 min 34%
Marching cubes 59 min 22%

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gns noboro 4ncna To4yek)

Table 2. List of presented datasets. For depthmaps estimation speedup, we downscaled original photos for some datasets before running
SGM-based [ 1 6] depthmap reconstruction. For example, original 2111 photos in Breisach dataset had the resolution of 5184x3456, and
we downscaled them with x2 factor, down to 2592x1728 pixels. Note that the ’Initial cubes’ column can be interpreted as "the number of
non-empty depth pixels in depthmaps’, because each initial cube (before merging and octree balancing) corresponds to one sample from a

depthmap.
s resoluti .. : . ak '
Dattaset h:fztlf::l::r?st:l:lzn l([j‘l'ptl'lt lmtt)la‘l Mbearlgai(:::cllld 'Fa?fs aftetr) ‘ De;:'lma‘ted II:ZAM Protc.essmg
name {and downiscale Bictod) ata cubes ot marching cubes aces (GB) 1me
Citywall 2000x1500 564
[10] (x1) depth maps | 1205 mil | 404 mil 135 mil 15 mil 13.17 63 min
Breisach 2592x1728 2111
[27] (x2) depth maps | 2642 mil | 1457 mil 558 mil 57 mil 10.07 | 260 min
Tomb of
Tu Duc 42
(LIDAR) 8000x4000 LIDAR
[6] (x1) scans 661 mil 1304 mil 672 mil 48 mil 10.05 | 160 min
Palacio 1840x1228 (37%)
Tschudi 1500x1000 (63%) 13703
[7] (x4) depth maps | 16 billion | 6 billion 3159 mil 243 mil | 16.75 | 1213 min
Copenha- || 3368x2168 (26%)
gen city 2575x1925 (74%) 27472
[2] (x4) depth maps | 28 billion | 24 billion 7490 mil 267 mil | 13.35 | 1758 min
Dataset Input GDMR GDMR Our Our SSR SSR
name data Peak RAM time Peak RAM time Peak RAM time
564
Citywall || depth maps 75 GB 19h | 13.17GB | 63min | 32*89GB | 58h
2111
Breisach || depth maps | 64 GB 76 h | 10.07 GB | 260 min N/A N/A




3D Model reconstruction (gnsa nboro yncna To4ek)

Figure 4. Results on the Citywall dataset and comparison with GDMR [27] results. The results are comparable. Note that due to strong
visibility-based noise-filtering properties our method led to the cleaner basin of the fountain.

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021



https://www.polarnick.com/static/papers/poliarnyi2021.pdf

3D Model reconstruction (gnsa nboro yncna To4ek)

Figure 4. Results on the Citywall dataset and comparison with GDMR [27] results. The results are comparable. Note that due to strong
visibility-based noise-filtering properties our method led to the cleaner basin of the fountain.

Out-of-Core Surface Reconstruction via Global TGV Minimization, Poliarnyi, 2021
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Figure 1. Copenhagen dataset [|]: 500 processed green blocks are shown (outlined with a blue border). To the right, a corresonding google
map is shown [3].
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Figure 2. Our method can handle an arbitrary large scene — even 425 km’of the Copenhagen city. This polygonal
model, consisting of 267 million triangles with per-vertex colors, was reconstructed from depth maps of 27472
aerial photos in 29 hours.
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Figure 4. Frederiksberg Forsyning A/S closeup. Note that both pipes were reconstructed well.
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Figure 7. Airport closeup.

Figure 9. Christiansborg Palace closeup. Figure 10. Kastellet closeup.
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