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Generative model based unsupervised multi-view stereo network
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Abstract: Existing research on multi-view stereo scheme utilizes depth-estimation algorithms to achieve sterco
representation by establishing a mapping relationship between the physical and digital worlds. Supervised
learning-based neural networks have achieved accurate and high-fidelity 3D reconstruction results through training.
However, in-the-wild visual reconstruction remains challenging due to the lack of rendered depth priors and
wide-baseline characteristics of images. A novel system was proposed to obtain optimized depth for naturally
collected multi-view images without prior information by applying an unsupervised learning network and semantically
optimized Neural Radiation Field (NeRF) rendering. First, preliminary depth information for wild multi-view images
were produced without ground truth based on unsupervised deep learning. Subsequently, in a separate NeRF module, a
diffusion model was used to construct a surface semantic rendering loss, enabling a fine-grained volumetric
representation. Experimental results on the benchmark dataset validated the performance of the proposed system by
improving an average of 24.6% of the overall metrics, compared with other state-of-the-art schemes. A novel wild
wide-baseline dataset was also applied to verify the generalization performance, and the proposed system reduced the
reconstruction error by up to 40.8% compared with all methods.
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Scan 1
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Fig. 2 Point cloud results on DTU dataset ((a) Original data;
(b) Depth estimation result; (c) Reconstruction result)

*2 DTUHRIRE EMIERIERE

Table 2 Evaluation metrics on DTU dataset

kS MR SERENE JSREN =17

Colmap!"”! 0.400 0.664 0.532
MVSNet!?! 0.396 0.527 0.462
M3VSNet! 0.636 0.531 0.583
Unsup-MVS!” 0.881 1.073 0.977
RC-MVSNet?”! 0.396 0.295 0.345
CL-MVSNet!! 0375 0.283 0.329
RA-MVSNet?! 0.326 0.268 0.297
CT-MVSNet!"! 0.341 0.264 0.302
ColNeRF?* 0.384 0378 0.381
KNS 0.337 0.256 0.295

s IR R R R LA

1 0283, T Transformer [ CT-MVSNet'"'f
0.264 $EE FIA KRG 0.256, UL 1 A 28 7E fif 1k
S SERETRIN 7 T A R o R R AR R AR R A
APERE BRI, 52 B AL AR TR FR AL T 23 1) 43 2 I
&1 RA-MVSNet?'l,

BE— BT T OB R T ARSI, BOR T AR
SRR AHE = dE MRS EROIRTH. St AL
T 3 MBI O AR 3= K 1 G B R
WL, 0N Lps @A A AR ARSI %
MITEIBR S I, i8N LptLeys O T
NeRF It A 70 i B R 5 2 2] W 265, AR ST H 1Y)
SRR, 0N L and Lnerre € 845 1 ELE W,
% 3, SRRV 45 FLRAT e R R, 1IESE
TARERS A T B A R AT B

N E A R R AT R AT R IR g R, 1R
B3 At T B AS [ O LA 2 A DI 5 P Y
e, ATRLE R, ASCEME MVS 4% DL

FEAE 2 T S PR S THT V) 9 4%, NeRF xof HegE AT ezt
DA RAR 2 i 5 H A TR JBE 4538 BE o 5 #E 1Y)
Mo R E SR ARG S R AR H S R
MLBEA AR, B a5 R P R G s IR B 1 3R =0t
AR & LRSS SRR -
&3 DTUHIEE LHYERE SIS
Table 3 Ablation study on DTU dataset

ES HERR FEHEME SN EEA
Lp 0.432 0.349 0.391
Lp+Ley 0.391 0.285 0.338
L and Lyere 0.337 0.256 0.295

e B R R R UE -

Scan 1 Scan 2

3 DTU #dfa 4k b il 230 nT AL 45 2R ((a) Ly
(0) L+ Leys (¢) LAl Lyeges (d) BABHES H LR
Fig. 3 Visual results of ablation study on DTU dataset
((@) Lp; (b) Ly Lpy; (¢) L and Lyerr;
(d) Dataset baseline result)

3.2 Tanks and Temples #{#EEE

N T VARG R AT A AL RE 1, R 58
K4 Tanks and Temples H# 4P il 4 .
BT R = g B, B8 14 Mg,
BAHB “IHTE(Tank)” A1 “ K2 (Train) 7 XA &
SO SR . RS FEAEN R, Dy A B
BT E F 9 8U(F-score), HREAFID S T 03
5 i et 17 AT L.

£ DTU ¥ 46 b R AL R BEAT AR ROR
1% i, N 3T #% # Tanks and Temples Z4E 4 F, % [E 5]
Kol UL R RS ICE N 1 920x1 056, HA
BIGREE N=7, PRI EE R, £ 5L+
R A SCHR T MVS 928458 O B2 2 RO R AR 37 5%
R TREINR B2 Pl AT T 0 o DG B 20 PR T 2 A
() Y DG TG 5 2, o) 6 TN 1) A5 P2 A AT R0 B2
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Wedrzr. BARME, WEMIHAEMEIKT 031
BERGWIREREF . WA, RGoE TG SR %A
N TR R 45 5, %48 10 000 R H.
RIEATINGR, BT AR B %A FE AR B2 R e /N
W 2 4t EAT B A AL B . T NeRF (1 J LT 200R
T 2 AR — B, SARARAL AT EAS
—EUIR B W 3 o B K 2 A s B
MV R

% 4 7R T E Tanks and Temples $(4 5 _E 94X
RVEVPAHEE R . RRGEN L7 P U T fedE
B8, FESE AT VELE RS s A 2k e il
KRG T84y H M3VSNetP 53532 5 7 18.61 4,
EL RC-MVSNet? 57 6.78 3; 5 ColNeRF2! ey fit
Hutk 24 8% 2] N\ Transformer X 2% [#] CT-MVSNet!'!
FELE, Tl MVS MM 4% 5 NeRF 2H G ek
BHEZMA, FHRET 3.47 5. A, EHE
T EVEEIRE BN S E L BUE, RAERE A TG
Fl. nTLLER], RFEEJEHTE D=160 LI 1 fE 5
e, 2490 B kN SR T2 A R I TR AR

%< 4 Tanks and Temples Z{{E&E FHEZE 14

Table 4 Evaluation metrics on Tanks and
Temples dataset

Y Lighthouse Panther Train
Colmap!"”! 56.43 46.97 42.04
MVSNet!?! 50.79 50.86 34.69
M3VSNet?! 44.42 44.95 30.31

Unsup-MVS!”! 42.03 44.00 36.45
RC-MVSNet?”! 53.49 52.30 4937
CL-MVSNet!! 60.02 59.97 52.28
RA-MVSNet!*!! 64.78 65.60 58.08
CT-MVSNet!"! 62.60 64.83 58.68
ColNeRF! 60.23 59.46 52.57

ARSI

D=128 61.17 61.20 53.14
D=160 64.97 65.90 58.74
D=192 64.89 65.85 58.71

TE: IAEBR RN R, B GBT .

I~

¥
E

. 3 5
25 = A
o) ‘ 1
i ¥
(@ (b)

SEER, MRS RPUEZ RN G T —
A e s, PR RE ST s A B

K 4 Frnra LS RE E R T AR RS
£ 3 Dol b (I = 4E S RE ST o AH EEXT LU 3
2 7 5% o BT 2 1l 2 R RO RS o 3T M 4% (R AR K B
B, WED—DEEHIME M LI Redii, &
AR =4EFE TR 5] T NeRF FaKiE, #
A g1 N7 ] i SO AN B0, 00 G B I 246 1) 25
RBEAT T AME, LB E R REE . AR ES
BPRRAL ) 2 kg iz AL R e

JRCEIE] r«\u I (b)
Panther Train
4 Tanks and Temples £ 45 1) pi = B 45
() JRE; (b) HELR)
Fig. 4 Point cloud results on Tanks and Temples
((a) Original data; (b) Reconstruction result)

Lighthouse

3.3 NERULN #iiE&

M E SR 375 KA 19 NERULN HdE D im A 21
R SCHR T B R B 3T R 4% DA R B A S BE
M3VSNet™, RC-MVSNet?”F1 ColNeRF*%f Lt 77
RPERE, UHEERN =4 b s, BAdRES
N, BB B N B T 5 ) A A
W, AE SRR S FE R 1280960, FIA
BN N=5. ETGR AR RS FE S, A5 TR
T 025 BB ER. BRERE, PMEEE
MOREARRE . S BAT IS )R BT 75 () R G R

AT Uk B E PR B RS O 5 J@n 1 Rl —il E
TS R BTS2/ P05 (1 M3VSNet”!

(©

B %, \‘l'
(d

5 NERULN ##a4E EH) A 2 EE L R ((a) AT RGERIHN); (b) ASTHETT RO TR E MVS 4);
(c) ColNeRF; (d) RC-MVSNet; (e) M3VSNet)
Fig. 5 Point cloud results on NERULN dataset ((a) Proposed system (Full); (b) Ablation proposed system (L only);
(c) ColNeRF; (d) RC-MVSNet; (¢) M3VSNet)
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A RC-MVSNet? "V it %45 (19 K37 5 Bodfs h e
BESER AL i, ISR E AR AN
FEER LS 2, TINS5 i A B AT 25 B iX
WE. MR, KARGREW HEEH E s R, K
T NeRF P A B30 AT LK ik 0 60 8 Fr A0 i
G EAANE O B, A, WA RS
(AR g A 43 T LA 30 A6 1 1) B 5 1k 2 VI LE SR
FI2EALL NeRF fiAb 7732 () ColNeRFOTGH /by, = #f b
TUTE G5 10 2 R0 F i b V3, OF B BLA S 52881
SO .

FHEMERESIENE S, BFTRAEL
W MVS ML only)fil 5 42 A4) (Full) 1 7 Rl sz
gk . AT H B LA AR B 2 1 AR
M, B2 MEREMTERE AN S ES
T e B . IR AR = 2 MR A% 2 B
AR 22, AR SO S AR R () P B AR R AR
2934 0.168 px, 1fii M3VSNet® Y tH 1570 & #5515
F¥4 0284 px. 5 M3VSNet Mitt, ARG Hi%
ZEPEACT 40.8%. Gt BRI K, A RGAERN
KA B K it = 4k F 8 )y i 2> L 3E T NeRF
(] RC-MVSNet®WEgEmH 11.1%. EARAR RG00
ML 100 AN A AL FE RS (AN 3213 s, EE
RC-MVSNet K% 8.3%, {HAEPR#F 5 4 5 1 RE 1)
[F B 7 FEL K — P AT ST A T B2 1 . R R G
CoIlNeRF* IS T W 4T d 45 5, b 0.204 px
HIRZEK T 17.6%-

%= 5 NERULN HiB& FERE M
Table 5 Evaluation metrics on NERULN dataset

e aE B
- e
AR G TR s SURUMB

M3VSNet®! 519291 103854 0.284 3549 6320
RC-MVSNet® 504690 100574 0.189 2945 9189

ColNeRF*! 538372 119578 0204 3415 5964
A-Lonly 530249 118988 0202 2867 5970
A3C-Full 560560 130609 0.168 3213 8672
T MBI R R B SRR RO, E R
R [A) N ERLTo

ARG W A 1) SEARAL R T R TIN
HERSW— KA ER. TREMES
NeRF fif 48, 70 nll AHRHE SR IS A48 Je il 51,
37 M 240 B REAE BN AN = 4 E AR R il g
AN B E RN, R4 BAH RIFHZANA
AEJT, REREIE N7 BEZk (W DTU HdE4)Fl o B 4
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