= £l x CIR O S N N 547 % 416
ﬂﬁ%ﬂﬁ%ﬁw ELECTRONIC MEASUI{QEMi\IT TECHNOLOGY 2024 4F 8 A
DOI: 10. 19651/j. cnki. emt. 2416367

ETEEANFNSHMELERERZR L

hK A A EA LK R AHKT
(. HZHBEKRFEEE5ELEIEFR B 710054; 2. BEXHBKRFEA5HEH RS KR BL 710054)

W OE: X UE SR E @O ORI A AR WM R B A R T I R R 22 2 AL BRI R R Y[R
ARSCHRE T — A TR B AL A 2 S R AR A AR AR AR R IR B, 2 TR 1 SR R T R B AT A S S R 3
T ITHLE Y 22 FOBE F5 iF 4R RS B, 7 47 Sk 52 T 194 () Bsf 38 56 22 W0 11 i) 149 2 ) SRR AE 56 3R, NI B T+ 48 72 B 24 5 T 1
AE R RAL AR ) L) S B TE RS iR A AR AR DT C . 6 A M 0 TE AR B B, A5 SC 51 A T8 38 v B 0 LR >R B R R 1 A ) S G Y
FUTE s T80 T 2 A5 B X B RY T $ I 0 & 35 e M 7, AR FHBE R (92 fLBE J1 . 76 DTU a4 b AR SCR L 19 58
A R A R 23 0] g 0. 286 T 0. 334, 5 REMESL v CasMVSNet A H, 20 IR T T 25. 71% F1 5. 92% , 55 HiflL (4 state-
of-the-art (SOTA) B LML HEE P EE S NS W EMSEE . 7F Tanks and Temples H R H R4 b, T H#
M B G TR F-score 2 61. 493X R B A U B AR A & B R RNZ AL RE T .

KR C4EE A 2SR AL

hES S TP391.4; TNI11.73 XHRARIRED . A ERRAEZR LK 520. 6030

Multi-view stereo reconstruction algorithm based on attention mechanism
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Abstract: Aiming at the problems of poor reconstruction completeness and insufficient generalization ability of multi-
view stereo reconstruction in complex scenes such as uneven illumination, weak texture, and non-Lambertian surfaces,
this paper proposes a multi-view stereo reconstruction algorithm based on the attention mechanism. In the feature
extraction stage, the algorithm adopts a multi-scale feature extraction module based on depth-separable convolution and
self-attention mechanism, which enhances the spatial feature relationships among multiple views while expanding the
sensory field, thus improving the network’s ability to characterize features in complex scenes to achieve more accurate
feature matching. In the cost volume regularization stage, this paper introduces the channel attention mechanism to
adaptively adjust the weights of different channels, so as to reduce the interference of irrelevant information on the
model and filter the background noise to improve the generalization ability of the model. On the DTU dataset, the
completeness and overall metrics of this paper's algorithm are 0. 286 and 0. 334, respectively, which are improved by
25.71% and 5. 92% compared to the benchmark algorithm CasMVSNet. The structure of the reconstructed point cloud
is also more complete in complex scenes compared to other state-of-the-art (SOTA) algorithms. On the Tanks and
Temples intermediate dataset, the reconstructed point cloud composite index F-score is 61.49, indicating that the
algorithm in this paper has better robustness and generalization ability.
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Fig. 1 Overall architecture of the proposed network

P bR BT A i A R 2 AR AL REE L BT Pl s

X e [ ] 343 Suidel Conv L 16 5 A Fo i Y PO T AR L X AL T LU T B 3

L messnr A5 A1 L 6V R 0 80 6 T 4 0 1
o () sk R TR 191 55 A A 008 88 8 JH oL 5 e

} (+) #m hy it W T 7 L e (07 AR I SR g e T S 00 HE

G SR ) R, AR S5 A AT A > B R G i A B B )

B2 v R 45 A rh, LU S A B B9 25 E) S5 A AN AL E OC AR . E AL E

Fig. 2 The architecture of the attention module ij BIANLE ab € R WHXT BE B I 46 . 85 AH X BE 2 1) o

o O TN
X) Ak
+) A
S ) Softmax

T) Transpose

i
T

K3 AEENZENEY
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Table 1 Quantitative results for the DTU dataset
are presented

ViRiS Acc. /mm  Comp. /mm Overall/mm
Gipuma 0. 283 0. 873 0.578
Colmap 0. 400 0. 644 0.532
MVSNet 0. 396 0.527 0. 462
R-MVSNet 0. 385 0. 459 0.422
CasMVSNet 0. 325 0. 385 0. 355
AA-RMVSNet 0.376 0. 399 0. 357
P-MVSNet 0.406 0.434 0.420
PVA-MVSNet 0.379 0. 336 0. 357
CVP-MVSNet 0.296 0. 406 0. 351
UCS-Net 0. 338 0. 349 0. 344
MG-MVSNet 0.358 0.338 0. 348
DSC-MVSNet 0.316 0.372 0. 344
AT 0. 382 0. 286 0.334
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Table 2 Quantitative results for the Tanks and Temples intermediate dataset are presented

J7 ik Mean Family Francis Horse Lighthouse M60 Panther  Playground  Train
MVSNet 43. 48 55.99 28.55 25.07 50.79 53. 96 50. 86 47.90 34. 69
R-MVSNet 48. 40 69. 96 46. 65 32.59 42.95 51. 88 48. 80 52.00 42. 38
P-MVSNet 55.62 70. 04 44. 64 40. 22 65.20 55.08 55. 17 60. 37 54. 29
MG-MVSNet 57.58 73.82 52. 46 45. 53 57,57 61.00 59. 77 58. 18 52.13
PVA-MVSNet 54. 46 69. 36 46. 80 46. 01 55. 74 57.23 54. 75 56. 70 49. 06
CVP-MVSNet 54.03 76.50 47. 74 36. 34 55. 12 57.28 54. 28 57.43 47. 54
DSC-MVSNet 53.48 68. 06 47. 43 41. 60 54. 96 56. 73 53. 86 53. 46 51. 71
UCS-Net 54. 83 76.09 53. 16 43.03 54. 00 55. 60 51.49 57. 38 47. 89
CasMVSNet 56. 84 76.37 58.45 46. 26 55. 81 56. 11 54. 06 58. 18 49.51
RS 61.49 78.54 63.91 50. 64 60. 45 62.36 59.51 58.30 58.19
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Table 3 Comparative quantitative results of

ablation experiments

&9 Fik Acc.  Comp. Overall
(a) Baseline 0.325 0.385 0.355
(b) Baseline+FM 0.402  0.288  0.345
(o) Baseline+SaE 0.393  0.299  0.346

(d) Baseline+FM-+SaE  0.382 0.286 0.334
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