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Multi-view 3D Reconstruction Method Based on Curvature and Epipolar Iteration

WANG Ruolan

(Department of Intelligence and Information Engineering , Taiyuan University, Taiyuan 030032, China)

Abstract: Learning—based multi—view stereo (MVS) has achieved notable progress, yet remains challenged by textureless regions, severe oc-

clusions, and complex geometric structures. To tackle these limitations, this paper introduces SM-MVS, a novel framework that synergistical-

ly integrates curvature—guided feature enhancement with epipolar geometry—based iterative refinement. The proposed approach consists of two

key components: a multi-scale curvature—aware network that adaptively modulates convolutional kernels using geometric priors to reinforce

edge features while suppressing noise, and an epipolar optimization module that progressively refines depth estimation through dynamic sam-

pling and cross—view attention. Comprehensive evaluations on the DTU dataset demonstrate that SM=MVS achieves a 22.1% improvement in

completeness and an 11.5% increase in overall score compared to MVSNet, while maintaining competitive computational efficiency. These re-

sults validate the framework’s robustness and practical utility for high—fidelity 3D reconstruction in complex scenarios.
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Fig.2 Multi-scale curvature—aware network
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Fig. 3 Epipolar geometry attention module
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Table 1 Experimental environment
F1 ZWIRE
2 ] HRF A
h_, £ BIERS Ubuntu 20.04
" = CPU Intel Core i9-9900k
Tanh ik %
: Sigmoid > _’ GPU NVIDIA RTX TITAN
GPUO IAF/M 24212
GRU GPUL NFF/M 24220
Fig.4 GRU unit 2.2 MR
E4 GRUET FE = YE T AU D, )Y AER B (Accuracy) VB HE
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Network , LSTM) i 73 25 (14352 511 5 g AT 1 B9 A [6] 22 Ak
T :GRU il i 5. — B BB ] (update gate) SEEE T X Jj 51
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h,=(1 -2z,)Oh, , +z,0h, (9)
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2 AAIOITEAE DTU B A 45 0 . it al
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Table 2 Experimental results of different models on the DTU dataset

R2 AEEBEDTUHIEE EHIHRER

ik Ace Comp F-score
MVSNet's! 0.396 0.527 0.462
CasMVSNe!”! 0.325 0.385 0.355
PVA-MVSNet!®! 0.379 0.336 0.357
CVP-MVSNet!'®! 0.296 0.406 0.351
EGF-MVSNet' ) 0.343 0.351 0.347
k[ 12] 0.363 0.289 0.326
DSC-MVSNet ') 0316 0.372 0.344
k[ 15] 0.364 0.354 0.359
3Cik[19] 0.355 0.301 0.328
CHk[20] 0.351 0.287 0319
Ours 0.324 0.310 0.317

TEDTU %5t 12 b, AU %5 CVA-MVSNet ) 5 =
FEAEELE A SR . BT L, AR SO % 5 Y
RTINS T 2 T S R B A AR B AR O sk 2
SRR HAE AR S X I R A T R AR SO v
MY RO A) AR L T R B AR
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Fig. 5 Comparison of point cloud results on DTU scenario 12
5 DTUHZR 12 EMARERER

R T AT ARTEAR R DTU $icdls 48 1 I 545 21 (A5
BT #4 & Tanks and Temples Fo VY Intermediate 82 3047
M, NS 3 v zn o iRl 78 5 2 R IR EE 2 ) JT R T
BN AR SCITEAE Francis 55 275 FHIUS 1 8 B g

CVA-MVSNet

Scanl3
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Fig. 6 Comparison of point cloud results on DTU scans 13 and 34
El6 DTUHZ13.34 LHRZERILEK

FWE T, R ARG N RE ) R 4F . ] 78 Tanks and
Temples B E P 2 Mg s p SO . Bk L, prig
FEAY BRI H R I 7 5 W B AR 54 S A0 2K, = A
WEHES EERASE T AARBRMEER . R
SR, Jr B DX Bl A 7 /D S i s B R MR P (AN S ) A
(8 JLAAT— Stk

Table 3 Result of Tanks and Temples dataset index
&3 Tanks and Temples #{{E &R E R

Tk Mean Family Francis Horse Light—house M60 Panther Play-ground Train
MVSNet'! 43.48 55.99 28.55 25.07 50.79 53.96 50.86 47.90 34.69
CasMVSNet”) 56.42 76.36 58.45 46.20 55.53 56.11 54.02 58.17 46.56
AA-RMVSNet'?! 61.51 77.77 59.53 51.53 64.02 64.05 59.47 60.85 54.90
SCHik[12] 60.31 79.68 62.33 53.60 56.86 61.06 57.66 56.48 54.85
mkl15] 60.53 77.18 57.96 52.55 60.03 60.73 61.23 60.28 54.26
Vis—MVSNet 2! 60.03 77.40 60.23 47.07 63.44 62.21 57.28 60.54 52.07
A3 62.17 79.01 63.42 51.70 60.75 59.62 57.27 57.36 54.76

Fig.7 Family scene visualization
7 Family 5= A4
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AR S S T R S 5 g T it AR OB S R
A HLE DARE S 4 U Al T R I BT . B
Sy, B4 A HA R Y255 5 (scanl (scand  scan9 |
scan10) F1 2 MR 3 5t (scanl1 scan12) #4171 fill 52 49 .
AR F TR T R A T PR p s . RSk
5 T T 2 BN B A R T R B T AR, S5 A LA
F-score HE17J@ 7~ . LTI AL, 7830 S AL BT 1fT, B 3 70

7 i ORI TR AT A ST i ROR B
TEm T S Bk #7333 BRI 0=1.5 S EREITT
FRAE R TR L ARG E , 171 A RO S R b 22 1 2 5
BERE TR

Table 4 Performance comparison of boundary filling schemes

R4 MFIRFTHTRMEELLER

IS WiRiN Acc Comp F-score
ESi S 0.347 0.335 0.341
GRS 0.339 0.327 0.333
Bl (R 30) 0.336 0.319 0.328

Table 5 Performance comparison of Gaussian smoothing parameters

®5 SHTBESHEELE

RS o=1.0 o=1.5
3x3 0.336 0.328
5x5 0.345 0.349

TEGRIE AL BE, A SCHEHT T 56T GRU Bk AUEE R
HMg o Ry T M IO B S R BRI, 122,46
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I FRAR T B ] S A 5 B, 25 L4
UCEAAENG BE 58RI WA 1 R A, PRI R T 4 0K
GRU KR T IR 2505

Table 6 Performance comparison of GRU iteration times

#6 GRUBERXEIERELE

AR Acc Comp F-score
2% 0.345 0.329 0.337
4K 0.336 0.319 0.328
6 X 0.330 0.322 0.326

WA, 3 Ao 9 il S5 3 3 A A 4R 07 1 v S B AL Y
DUHFIAT RN, R FIRS JE 15 58 BRI 5 4 , L ELAR
22 I 1 3 TR R 245 A R LA SR A AR A A 28, e 7
Jr7s o AT R, 22 RUBE it 3R IR0 19 2% A 4k L AT 22 AR
ettt 2 R T S bR, AR TR B R OR

Table 7 Results of ablation experiment on DTU dataset

®7 ZEDTUHIEE LHHEBIHRER

Multi-Scale Curva-  Epipolar Geometry
Acc Comp F-score
ture—Aware Network  Attention Module
N x 0.312 0.347 0.330
x N 0.323 0.321 0.322
N v 0.310 0.369 0.345
3 &iE

RS SM=MVS Z WA SE AR BLGE T5 35, ik T 554
B EER K E AU s R DR FECRS BE AN SRR IR . 2007 vk
FLAE 375 AT - R 22 KU il 3R BRI 2%, R
ity 2505 5 20 2 08 ) 2 AR A iR AL T GRRAE IR 5 @i
THARE AT A PSR, 455 X0 W 29 o 15 1 WL PR
S IR R B SR DD DRI 1R 25 @R JHHE T GRU (1
R IR AU A SR TR L TR 5 22 , (DR E NG JEE 4[] 15 AP
i

SLHERW, SM-MVS 7 = 4k f i 5 B B 5 405 YR &2 7
LT 2R BRIk, UHA S S0 5 B 225k 5 o
R N AT kG B = dEm e it 1 e
AR B IR R A BAE S A AR BT, AT B S
BUAT I LT AL A5 &, FUTRR R G0 UE B AR
FEL DCEC PRI EA T BRI 203K, 2 B P B it ) 1 L —
JUAAT P[] PERCAHESE o
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