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Efficient Multi-view Stereo Reconstruction Based on Multi-granularity Feature Aggregation and
Binary Search

XU Lijun,ZHAO Yujie,ZHAO Min,MA Weixuan and CHEN Kansong
School of Computer Science, Hubei University, Wuhan 430062, China

Abstract In deep learning-based multi-view stereo(MVS) reconstruction,cost volume construction faces challenges of high com-
putational complexity and memory consumption. Existing studies often employ cascade architectures or iterative optimization
methods to reduce memory usage. However, the coarse-to-fine sampling strategy in cascade structures may lead to the loss of fine-
grained details, weakening the perception of critical features. To address this,this paper proposes a novel multi-view stereo net-
work framework based on a cascade structure with binary search and multi-granularity feature aggregation. The proposed frame-
work reduces memory overhead through a cascade architecture while employing a binary search strategy to partition the depth
range into multiple candidate regions. A discrete classification method is introduced to compress the depth search space.improving
depth retrieval efficiency and lowering memory requirements. Furthermore, this paper proposes a multi-granularity feature aggre-
gation strategy that embeds coarse-grained global semantic information into fine-grained cost volume construction while preser-
ving attention to fine-grained local texture details. By fusing multi-level feature representations and incorporating intra-view adap-
tive aggregation and view-wise adaptive weighting strategies in the aggregation module, the proposed model enhances the percep-
tion of both global structures and local detailed features. Experimental results on the DTU and Tanks & Temples benchmark
datasets demonstrate that the proposed method achieves superior point cloud reconstruction quality while maintaining low memo-
ry consumption.

Keywords Multi-view stereo,Binary search strategy, Multi-granularity feature aggregation
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Fig.5 Flowchart of binary search strategy
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Table 1 Training parameters settings
. wE
H AR AN 640 X512
ERMANEGREE 5
REBZHKE 18,32,8
R R E 4.2,1
EE XA E [425,935] mm
%R L P 192
I % 8l # 16
Learning rate 0.001
Batch size 4

4.2.2 HAEAEMNFF &

R T VEAG AR 300 gk B oAt o B ok B R 2R o
FE Bk GPU A7 b (Mem ) #E4T T G5 3, H B ok
MB, Mem. £ cost volume ¥ &, 3D CNN &b 3 & 3
Il A AR B (4 5 L BB T BT B N AR T SR . 7 DTU Ui
AR AR HE I IR WA T, O R AE R A R SE A batch size
(batch=4), 3% F nvidia-smi T. E SZ 150 NVIDIA RTX
3090 85 Y S AR RS AR AST T n 4% 8 R R R i o 4 AR
Y S A7 W AR A B 2 Mem. . &7 205 MVSNet 83
W R B RO T SIS R T L M A B
4.3 IfHbxIE
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ST IR A SO R B A R AR RO [ 28 A g B
FrifE X DTU B4 £ #4752 8 . ook, g DTU B
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Table 2 Experimental comparison results on DTU dataset
A i 3 AR
Acc. Comp. Overall Mem. /MB
R-MVSNet[?) 0. 385 0. 459 0.422 9384
CasMVSNet!3] 0.325 0.385 0.355 14591
AA-RMVSNet16] 0.376 0.339 0.357 11973
Patchmatchnet!12 0.427 0.277 0.352 1629
UniMVSNetH!7] 0.352 0.278 0.315 4057
GBi-Netlt] 0.327 0.268 0.298 2108
CT-MVSNETL18] 0.341 0.264 0. 302 5623
DMVSNETL19] 0.338 0.272 0.305 3126
AXHEA 0.322 0. 265 0.294 2102

N 2 AT LAAS T, A OB B AR AR e B R Bk L (H
RAERIRVERE M ER G B LU LS5 2R . AR SURE T A o8 e
3 T UniMVSNet B 0. 278 42 7F 21 T 0. 265, S AR &
CT-MVSNet (528 B2 T 0. 001 AHJRTELES B LR A 7
WP IR . S A R AR OB R R I B 2SR AR IR
JEGR TAC AR B9 RN AR T 3R 2 B . e Ah L AR SCps 4 )
FH 22067 B FRAE A5 I8 3R B 5K W N s e AN [R) s B2 A 80 4 R A, 348
TRARAE(E B RN TR S B LR L R R RE AT 2R B
X R E 4T,

AR ST PR AE AR D B A I LR s R T Y
Uik, 5 R-MVSNet M Lk, WA K HB AT 77. 6%, 5
CasMVSNet # 32> T 54. 2% . 5 AA-RMVSNet #f I 3 2>
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T 82.4% .5 CT-MVSNet M LIk 2> T 62. 6% , 5 DMVSNet
AT 32.8% ., 5 GBi-Net AHH W 229 0. 3%, BALK
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Visual comparison result diagrams of Scene 33,Scene 10,and Scene 49
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B AR S AT AL (Y & B M RVZ KRR ), A /N 15 AE Tanks and
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R R FHEAM PG T LA LI LR a3k 3 53 4 3|
GE—2 HBRIR B A TR%EERTR,

Tanks and Temples HE 5 1 2 7 5 52 56 45 R x5t Lo

Table 3 Experimental comparison results on the medium subdataset of the Tanks and Temples dataset
2Rt S Mean Family Francis Horse Light-huse Mé60 Panther  Playground Train
R-MVSNetl2] 50. 14 73.41 54,46 43.63 43.43 46. 83 46. 69 50. 53 45,22
CasMVSNet!3] 56.55 76.01 58. 46 46. 42 55. 88 56. 82 54.69 58. 87 46.25
Patchmatchnett!1] 53.42 66. 36 52.54 43.20 54.53 52.11 49,02 54,17 50. 56
AA-RMVSNet16] 61.15 77.99 59. 64 51. 24 64. 87 64.05 59. 54 60. 21 55.81
EPP-MVSNet!20] 56.51 72.66 51.53 51.53 58.05 58.63 56. 47 57.85 49.50
TransMVSNet-7] 63.88 80.21 65.02 56.78 62.63 61.37 60. 21 60.07 51.89
GBi-Netl) 61.42 79.77 67.69 51.81 61.25 60. 37 55. 87 60.67 53. 89
MFE-MVSNel21] 60. 02 79.28 62.23 49.47 61.43 61.46 57.34 57.45 51.49
R A 63.31 82.10 67. 69 51.58 61.25 63.08 65.07 60. 83 54. 89

# 4 Tanks and Temples %4 45 & 90 1 5 010 25 I X} L

Table 4 Experimental comparison results on the advanced subdataset of the Tanks and Temples dataset

% 7 % Mean Auditorium Ballroom Courtroom Museum Palace Temple
R-MVSNet[2) 29. 45 20. 04 31.05 29. 56 42.33 22.85 30. 99
CasMVSNet!3] 31.08 19. 88 38.52 29.43 143.56 27.33 28.32

Patchmatchnett11) 32.11 23.07 37.46 30. 10 41.87 28. 36 32.11
AA-RMVSNet-16] 33.31 20. 69 40.73 32.04 46. 80 29.31 32.71
EPP-MVSNet-21] 34,53 20. 96 42,15 33.05 45.01 29. 28 35.71
TransMVSNet!7] 37.39 24.22 44.39 34,77 46.08 34.69 36.09
GBi-Netl1] 37.32 29.77 42.12 36. 30 47.69 31.11 36.93
MFE-MVSNet-21] 36. 04 24.16 41,13 33.47 48. 64 32. 10 36.72
A XA 37.76 29.75 42.20 36.31 47.49 31.69 39.12
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Fig. 7 3D reconstruction visualization results of Tanks and Temples
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Table 5 Experimental comparison results of search strategies

. A AR
Ace. Comp. Owerall Mem. /MB
No-All 0.396 0. 386 0.462 6886
No-G 0. 354 0.287 0.332 6884
Dense LS 0.398 0.530 0. 482 9562
Dense C2F 0.346 0.396 0.362 5238
KA 0.322 0.265 0.294 2102

AR 5 AT LAWLZR B, AR SC 45 98 2R g A R B T BE A
T2 5 EAET Dense LS il Dense C2F, X F8 0B iE T Ar 42 11
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C2F #R FI Il JH Iy =X Ak 2 088 88 (L 0 Mg o R0 S5 {0 808, T —
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0.121 1 0. 159,
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Table 6 SF and TF ablation results in cost volume construction

ZRERERBRAKS Acc. Comp. Overall
No-All 0.396 0. 386 0.462

No-M 0.367 0.332 0. 365

SF 0.322 0.272 0.314

TF 0.338 0.268 0.304

SF+TF 0.322 0.265 0.294

MR 6 1T LIRS 5], 24458 005 o 2ok B AR AR A B R AR
W AlA SF A1 TF B, M AE R BLE T 50 ff F§ SF Al TF B9
PERE . JREAE T 20k B FRAE AT B R A SRl SF M TF 47
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B WG S FRR 7 DATI 42 T T VR BB A T 0 o o e A

MR No-M H 2 5 = A S ERT T No-All A9 ERG JE | 58
45 B N LE A B AR AR A BT 0.029,0. 054 1 0. 097,

LRI FRAE AR B R A RS BB 8 Al & & R I SUAE BORUR
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HoReHE— SR EE N SRS,
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Table 7 Experimental comparison results

A1 A Ace. Comp. Overall
baseline 0.342 0. 265 3.03

baseline-PAA 0.337 0.271 0.300

baseline- WAA 0.338 0.269 0.299

baselinePAA-WAA 0.322 0.265 0.294
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