66 2% 4R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software, [doi: 10.13328/j.cnki.jos.000000] http://www.jos.org.cn
O [E B} 2% Bt A FL R RROBURRT A Tel: +86-10-62562563

EFSMBHITHR RN SN RN B SE
BiE B KIEY #F%! KigE‘

Y PE R REAERL 5 bk e b, 1L 78 AKJE 030006)
2LPE R HENSE R EARSE, ILPE KJE 030006)
(g /R Tk oK% HBRAIF Fibe, BB K 401151)

bR PR I B A BR 2 ® L AE 5 100070)
BINEH: 54, E-mail: jinchengqyh@sxu.edu.cn

W OB BUCZEUNEEEAIRERESRAE SRR AR AT LI BRRA T 2o HERATRLY

KE MBI RE AT ARETR GO ERFTEROMASFREE T EH LI 2K 2L
ha Tk R I T A FARIE T 69 KL = A T A BRI, R LR — A 5T 69522 BRI
Z A E 1 % ik GPLWS-Net, GPLWS-Net A U R M 250 Al 22 £ F M & AF T oA X E R ik =
W AR AT AT AP 2 W 4 S AT E AL 8 MO AR B AR K 5 O, 0 TRAN BLA AL
ST EMBENSE ALNTT —4 2R EMAN =% F 2 K3 E(Micro 3D), 247 & 3 3 A A % 48 24 3 8k
ST XFEBRG T E M R R, AL B4 GPLWS-Net B 25 AT ARIEE 45 %, HLA =
WMNTFHABEEF LT AR LR FTESF D Fk-FHHENEMRK 39.15%, £ Micro 3D £ 3% E F F 308 44K
50.55%, Ak 4% 52 L 5 e UL R 69 I = BT A,

KR MRS E B AT 2 R 4 AT
FEES S TP391

sl M B R R B A R IR 3E R T oy A AT I R A S I O = 4R T B U R B A
#%,2023,32(7). http://www.jos.org.cn/1000-9825/0000.htm

5| F#%30: Yan T, Gao HX, Zhang JF, Qian YH, Zhang LY. A lightweight real-time microscopic 3D shape reconstruction
method based on group parallelism. Ruan Jian Xue Bao/Journal of Software, 2023 (in  Chinese).
http://www.jos.org.cn/1000-9825/0000.htm

A lightweight real-time microscopic 3D shape reconstruction method based on group
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Abstract: Microscopic three-dimensional (3D) shape reconstruction is a crucial step in the field of precision manufacturing. The
reconstruction process relies on the acquisition of high-resolution and dense images. However, in the face of high efficiency requirements
in complex application scenarios, inputting high-resolution dense images will result in geometrically increased computation and
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complexity, making it difficult to achieve efficient and low-latency real-time microscopic 3D shape reconstruction. In response to this
situation, this paper proposes a grouping parallelism lightweight real-time microscopic 3D shape reconstruction method GPLWS-Net. The
GPLWS-Net constructs a lightweight backbone network based on a U-shaped network and accelerates the 3D shape reconstruction process
with parallel group-querying. In addition, the neural network structure is re-parameterized to avoid the accuracy loss of reconstructing the
microstructure. Furthermore, to supplement the lack of existing microscopic 3D reconstruction datasets, this article publicly releases a set
of multi-focus microscopic 3D reconstruction datasets called Micro 3D. The label data uses multi-modal data fusion to obtain a
high-precision 3D structure of the scene. The results show that the GPLWS-Net network can not only guarantee the reconstruction
accuracy, but also reduce the average time of 39.15% in the three groups of public datasets and 50.55% in the Micro 3D dataset compared
with the other five types of deep learning-based methods, which can achieve real-time 3D shape reconstruction of complex microscopic
scenes.

Key words: microscopic 3D shape reconstruction; lightweight neural network; group parallelism
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BRI EIE g FRUEZE o MR NATIE Ty CURARE IS 0 T ERZ A — A2 )8 T 2 12 5. 18 L AE HE
B ] & 06— S B AR BB 2 T BB E T URR AW =Wy /o MEFADb=(b—u)yla i
LW h 22 0y SCEE R AL BN 22 1 PR AL 25 () A M) T P2 40 = 4R T30 s el i R R B R

4 WS

41 SLRFE
AR Micro 3D SR 4E 488 4H 20 5k KNy 256 X 256 111 2 iR oW G 7 71, I Ji it 58 %ﬁ;%ﬂﬂﬂ =<3
FIEVIGRIEE . BO6IE S RIS AN F T8 5 e 5618 B 250 I A bR HE I = 48 2 30 TRV R B35

EEP*‘IK%%NE%E%E&D@ 7 Bios.
‘ l 7 E \ C’ c ﬂ
- W

E rAINR N

K7 Micro 3D %4 & 4 $i e

AR SCAHE FH 382 4H 2 TR AEROW BUR T 51 I S5 I 2 AR Y 1 S5 ok R A P MG e 5 A el n DA e X 3
BT HHREG) Jr 2 RAEEUR T S a0 5 R R B N, = 4R T8 35 R D I 2 A R (1 B A R 7E 106 ZH %K
P AT MR, FL AT 720 VAR AN ZRAE VN GRid A2 oA Adam HE46 38 4146 %% ) %2150 B 04 0.001, #HAb B RN B
NAKRBEE NS HL ZIKSUE)EH Pytorch HE 42 #4 7 W4 £ 15 84 K H] TITAN XP GPU Il 25 3338 GPLWS-Net
5O Al 2% B R ) PR BE . Micro 3D 4 S AN 2% B L GPLWS-Net A A #£  GitHub:
https://github.com/jiangfeng-Z/MuIti-focus_Microscopic_3D_reconstruction_Datasets.
4.2 HEAEL

Rk — B IR AIE A S GPLWS-Net [ 23 A5 50 45 14 (1 & 31, v fib 2 36 v 3 22400 F 4 2L 835 48 4D Light Field®3
X T A R 4T 58 CRAIE, WA TR P RE(MSE) « B S BORISE IR BEAT 22 A1 BE 0 Mt D B S B2 4% 11 5 550 0 g sl x5
56 45 FL AR 50,V R S BGAE [ — PR R AU UE 50 (RIF U S IIME. LR 40 0 ARk R S kR . S 40T
AT 254 B 2 A =AM A R R TT

WA U B 3 0 255 b [F) ROBERFAE R 12 07 U AN 18], 20 Sl A HF e X7 ORI R A “ A =07 5k 22
BERRBEAT XL, 2 1 45 AL T B R A B 22 e T M 5 T IR S i R ) M (I K 2 R ) D % A SR
B E AT BRERERE, i T BEERIE L 2 5 W4 A 85 5 G MU S O N A5 1542 550 58 Y - 50 o0 4% N0 e ) 448 .

1 REEESPEOERH RS 45 R

i RS HUA SEIR /s MSE
B KB 546321 2.419 0.0275
B 25 540273 0.437 0.0275

I L IFAT L BT R SE 8 N 3R 2 B MRS U Y 00 2 WA SRR S AR B 1) B U7 AN R RT3 D9
7R AR S B G AR L TR BT 2 B G AR 23 4 B AT S L TR 3R AR B 7N 4R B SR
61 R RY 1 N R TR 4 08 LU AT R AN R 7 AN OUA B T SR TR RS 2 0 HL AT BRI I 4 T SE IR
R 4 RIS RIAERY 5 0f L W] R B2 /] 20 3 6 ARUR B ] DARR RN 28 2 808 (H i T 0 A0 2 S BN A7)
T 0 5 30 T 5 30 ) 5% 9000 AT K 360 Y R R Y 6 R R A 2R 6 30 b w2 2L O AT AR (U B 0 A7k 2 T,
{ELRT A R0 AR 1) 2% S0E S, - ORUIE 190 2% TREUA 52 . IRT wbb, AR SR PV R R 6 v 7 20 - AT BB B AR I 3 4 5 5K
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R 2 UDIHATIRBOHE e 45 R

JH A FER AR A S HuA FEIR /s MR P G MSE g
1 Iyl 1213872 0.457 0.0516
2 VRPETT 4 B R 200400 0.463 0.0473 P
3 G L IFAT R 444048 0.399 0.0534
4 A 754020 0.353 0.0468
5 VRRETT 43 B 00 106344 0.394 0.0479 g
6 I3 AT I 260853 0.350 0.0372

S E SR RTE RS IR R AN 3 P, (8 A 55 41 BRI BOM (R0 B 102 368 25 112 4K 8 45 4 B S B p e
B, 25 BRI A B AR A R I DR A5 P 5 4 A0 T 2 B A R 2 B SR ek e R
R 3 HHESHNSFE G PIE RIS R

BT BB S HUA GEIR[s MSE
N E SR 540273 0.437 0.0275
AR 540936 0.437 0.0339

4.3 SIS

ARG B 3% 51 10 ZE 5 o o B SRS | V2 Ak SRS R S B ST G = 2 A N A [R) = 4 T 5 E VR AT
SE 0T EUR T M 43 A, FG rh et b sz B 3 a2 L0 B 2 = 56 X 2 B [ A 280 2 AN S B T B AR SO 3
5 5 A T A0 34 ) 06 B A T AAE B S 3 DU R B A R B 8 AR R A S B L 7 ) B

A5 FEF kP 4D Light Filed®. DefocusNetl”). FlyingThing3d[33l, Middlebury[3If1 4 32 f) Micro 3D %1
P A 14T DU X8 Tk % b Sl b AR 2 1 v 2% = o T 4 BB A AR K RDFISIRN RRILE JEF 1% J8 2% 5 (1 = 4 TR 30 =
@15 %(DDFFI), DefocusNetl”l, AiFDepthNet®, FVNetlsl, DFVNet[5))3F 4 4 323 1 H4 45 Micro 3D %4
£EFT GPLWS-Net 5% )14 §8.F 7 4D Light Field B4R E A& T 25 M E Ik 5, FE A T MR 40 25
15 59 8088 KOG T R 1 55 1% % ; DefocusNet #4804 @ 1% s R FE A5 B, £ BEIR TR M 45 U0 T 5 s 1
LA 1% I ;Flying Thing3D %4 42 4L A 4 1000 4 = 437 55 Hdis .

S R 2575 % 2 MSE(mean squared error). T334 % % % MAE(mean absolute error). 35 R 1% %
RMSE(root mean squared error). #i%} 455 £ %1 AbsRel(absolute relative error). ~FJ7 #1 %} 1% % SqRel(square
relative error). Hfif% 14 (bumpiness) 0 i 2 8] (secs) fi b 7€ VA GPLWS-Net &5 o fth = 4 712 3 5 @ 45 20 1)
TR,

43.1 LRI AT

A GPLWS-Net 5 B0 If IR FE 2% 5] 28 = 48 T 30 80 @ 7 VEEAT X Eb, D i DR S0 285 SR 1 A IR W, AR
72N SLH U5 4 4D Light Field 55 DefocusNet b33 47 0 25 45 280 () 4 i 0 A L4 S8 B 8 A o EL I3k 4 Fios JL v
ER4 KR ke B W 833 f R 4 AT AR SCHR Y GPLWS-Net #6875 5 R B0 45 48 b 0 55 RS B B 35 A T oAt
S (e e R IR FH ALt ol = b 3, o AR O € A - A b )

F 4 4D Light Field ¥ #5421 DefocusNet %5 4E (1) i & 3

atasets/Metrics 4D Light Field[3?! DefocusNet []
Methods MSE RMSE Bump MSE MAE AbsRel
FVNet!®] 0.0301 0.1537 - 0.0189 - 0.1400
DFVNetl! 0.0317 0.1549 - 0.0205 - 0.1300
DDFFL] 0.1150 0.3310 2.95 0.0440 0.1312 0.3556
DefocusNet!”! 0.0593 0.2355 2.69 0.0175 0.0637 0.1386
AiFDepthNetl8] 0.0472 0.2014 1.58 0.0127 0.0549 0.1115
GPLWS-Net 0.0275 0.1442 2.49 0.0106 0.0534 0.1394

4D Light Field 7T 36 1iE #4455 B4 6 K 21 45 4 i) — 4 2 55 55 78 fh /] 8 AT :DDFF #52Y Fl DefocusNet 45 14X
B 70 137 55 B RE O R B2, T vk BB 2 4 5 N AR 4011 45 149 ATF DepthNet B2 G0 A% DR 455 R 12 T D T 5 400 35 R 5
5 845 5 UR i DFVNet B 8URT FVNet BEBST T 37 50 9 & SO T St BN AR A4 tH 1) GPLWS-Net BE2Y 75 K
S 23 ) P 2 3 R 5 X 3 %) 4 W T R L R 4 A 3 S — M 4R 5 RN 3 S I R
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DefocusNet AiFDepthNet DFVNet FVNet GPLWS-Net FRitETR 1
K18 4D Light Field %i#s 4 i 52 M L
3 5 ATLLE H, A K GPLWS-Net f&77E FlyingThing3d ##E4 -5 FVNet. DFVNet. DDFF F1
AiFDepthNet #H ELTE Fr G P4 48 47 5 TS A B 5+, Ho - AiFDepthNet 72 % T8 A7 15 31 T 35 R 45
(BT DefocusNet A2 A7 F Il 2B B A0 25 AR HG, Rl 1 T 471348 B2 p AR B1) HH 122 0 465 1) o V1A 45 21 DA 2 T
B

25 FlyingThing3d ¥4 4 & P44

ataset/Metrics FlyingThings3D
Methods MAE RMSE AbsRel SqRel
FVNetl] 27.442 35.406 2.388 78.952
DFVNetl®! 27.951 36.098 2.334 79.705
DDFFIf] 17.182 27.077 1.654 45.132
AiFDepthNet[®] 6.838 12.247 0.666 8.788
GPLWS-Net 6.053 11.045 0.631 7.575

FlyingThing3D 4 4 1T 36 1IF &1 B4t T 52 J+ 3437 R i) =4 B 4 gt i /] 9 mI 71, DDFF A5 BN Ak 43 9%
W S W AT G 08 R, O35 5L G O R, B 5 R AR A HL M DFVNet. FVNet 1 AiFDepthNet 155 81 A] K14 3%
SR R R AR IX A5 R SRR FE A Z 80K, B EH IR B N = & M2 KAE B, 1A 3C Y GPLWS-Net %Y
TE = Y8 T 50 1300 S5 AR 0 R I 24 B 8 IX S8 T 4 1 R AR

I‘I‘“ Al ML

5t DDFF DFVNet FVNet AiFDepthNet GPLWS-Net bRk R L

K9 A GPLWS-Net 5 HAth UK M 24 7E FlyingThing3D ¥4 4 b i3 B T
4.3.2 ZUSE o

K5 f# F FlyingThings3D ¥ 42 1)1 25 748 SC GPLWS-Net 5 HoAth DU Fh i B 2 ST 878 3676 Middlebury %4
DefocusNet #4411 4D Light Field £dfa 4 Btk 47 Mk, H Lo & 20 A A SCREAY (1032 A PE . N3k 6 BT BRAE
DefocusNet &4+ () AbsRel F1 SqRel #5475 4h, 4% ST GPLWS-Net #58 £E = K132 4 o {1 B A 6 b 15 A% 1% 355
Ly

X6 EAFEIEEN T RS R

(e HEE pigEES MAE MSE RMSE AbsRel SqRel
FVNetB! 11.276 177.649 13.147 0.360 5.011
DFVNetls! 11.407 183.267 13.302 0.344 4711
DDFFL! FlyingThings3d Middlebury 32.499 1480.444 37.544 1.197 52.169
AiFDepthNet!e! 3.825 58.570 5.936 0.165 3.039
GPLWS-Net 2.539 17.497 4.062 0.100 0.642
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FVNetP] 0.271 0.144 0.353 0.555 0.198
DFVNetl] 0.271 0.152 0.360 0.529 0.204
DDFFL FlyingThings3d DefocusNet 89.351 9305.360 95.214 331.124 3357.152
AiFDepthNet!®! 0.183 0.080 0.261 0.725 0.404
GPLWS-Net 0.126 0.053 0.234 2.011 1.826
FVNetl] 1.485 3.053 1.704 2421 5.676
DFVNetl 1.352 2432 1.552 1.780 3.377
DDFFL FlyingThings3d | 4D Light Field 94.106 9806.356 95.715 77.899 7464.454
AiFDepthNet!®! 0.205 0.106 0.313 0.198 0.151
GPLWS-Net 0.021 0.042 0.036 0.010 0.036

10 ff Fi A SCAFF 1) Micro 3D BT 4R, A8 ENR B 5 (R IA TR 3¢ Micro 3D %4 48) 36
TE 72 Ab 1, B 35 BE A SR E 4 1 06 M ANZ A oA RR AiFDepthNet 1 FVNet J5 1% 5) 5% B O 75 T4,
Sof -3 5 B A S0 A8 1k 5UR%; RDFDDFF A DFVNet J5 15 %5 B 44 X7 It 75 (40 T30 B 7 (B0 B 3 S AR 45 R4k

) AFDepthNet DFVNet FVNet GPLWS-Net
10 RV SR B % ) 3507 1 DA R A S ) GPLWS-Net 78 = 20 fa W BN AR H5 48 45 T 192 Ab M %ot L
4.3.3 HERTSZIE 4R

A K B S TR B A 2 3 2R R0 SR AT 28 A 50 36 T % 5 R A R BB A R R R ik 58 256 X 256, 512X
512, 600X 800 #1540 X 960 iz #5178 (14 JLJ8E M4k i, SR A A7 %6 D 2 AN 5-100 5 [1] B 4 1F #5458 7R 7E AN [F) SR A 24
ERE. e 7 w7 LUF H oA BG T AR 5 Do) 4 A5 780 A SR HH (¥ GPLWS-Net B3 HL A I 38 1)l 3 A 34 oK Skl
1T GPU Jinis A e B AR S S ), LA T M4k S FH S = 4 R 3 B I AR 1

R 7 GPLWS-Net 5 H fth [ 45 75 AN [F] 43 #F 28 T 1 4L BF X B
Eipa
WA R 2 £ I it AT (5) FEACE CPU
HERR

FVNetl®! 3.100 15.56%
DFVNetl® 3.020 13.34%
DDFFIel 4.491 41.73%
DefocusNet 5 256256 DefocusNet! 5.906 55.69%
AiFDepthNet(8] 4.405 40.60%

GPLWS-Net 2.617 /
FVNetl®! 14.330 33.71%
DFVNetl® 13.850 31.42%
. . DDFFI€l 23.489 59.57%

4D Light Field 10 512X512 DefocusNet!”! 18.624 46.59% Isr}tlizlle(rRiz)i%o&(DRB

AiFDepthNet(8] 11.987 20.77%

GPLWS-Net 9.498 /
FVNetl®! 42.614 28.56%
DFVNetl® 42.776 28.83%
. . DDFFIel 79.165 61.55%
FlyingThings3d 15 540X 960 DefocusNetl”! 70,076 56.57%
AiFDepthNetl8] 64.441 52.77%

GPLWS-Net 30.440 /
Micro3D Dataset 10 600X 800 FVNetl®] 39.580 55.02%
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DFVNetl® 36.980 51.87%
DDFFI®l 38.780 54.11%
DefocusNetl’] 34.328 48.15%
AiFDepthNetl8] 31.567 43.62%
GPLWS-Net 17.800 /

+
5 IEI\ gl:l

TRV = 24 T2 350 B J A1 DAy ol ) 20 3 Al 3t 26 0 A2 0o B, T X 0 2 ) e AU 0 i S B 77 i om 1 DA i 4%
] 4 22 2 A T SR M O B T B AT 1K = 48 T 350 B S 5 vk T T I R AROU 3 5 v ) v 2 % R e 0 1 AR B 5 s
I Al = 2 T2 350 S 3 e R B R AR SO 22 TR A BB BRF AT 10 5 i ol A S P ot O, 20— SR SR B
PEEAT 2 73 SOIFAT I 1L I 45 G5 4 () 2 2 B0 O o 2S5 52, T 2SI O 1) % ) 200 5500 T2, D Rl W = 4 T 3 2
ST IR IR 22 Sy B R N IR (e DR SEL BR e 2 A AR SO T I ROW = 4R T KL £ Micro 3D, T A7 R AR B
BAROUE 008 K R SR 2 PR 0 A, g 8 v 20 PR TR ) % 5 (R M0 R il R SR TE e 1 2 AR 25 4l 1 1 s A i A
Tl = 4 e 7 AR F) BT 5 T T
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