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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. Nevertheless, in the face of high efficiency

requirements in complex application scenarios, inputting high-resolution dense images will result in geometrically increased computation
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and complexity, making it difficult to achieve efficient and low-latency real-time microscopic 3D shape reconstruction. In response to this
situation, this study 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 study publicly releases a set
of multi-focus microscopic 3D reconstruction dataset 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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T AL WA G0 P AE DT A BRL B, AR SCHE ISR SR 22 70 S A K, HE BRI R 22 70 A B o B0 52
giky, LS ES B SIS TN, BRI X T BN K ERZTN S, A EIE
YERERE Cyy 0 ST VL FE AL e WAV KT 21 1 1T LA IR 9 7 € RO o™ i 05 ' e RP. VA —1k,
FEHAE RRE R SME L. bR oM B4R 7y K B A. T BREME— LR )R T Ltz
5, IULTE S ] & 06— A HTERURIE. R ERUZ S, BB ETURRN W =Wy /a, WEHH
b=(b— )y a. FHEI % % 4y S 4 M 2L PR 1K) 2 A4 B R IE 25 1R 5 R T 3908 = 46 T 590 o 5 A R R 4R AL

3 WS

3.1 SLWIRE

A Micro 3D HIEAE L R4 488 4 20 5K K/NK 256x256 12 FHRBMOR BME 51, 3138 i S8 FE T30 i &
FIBEWIIGTEER . WO 2 S AL SR AN T TS 3% 550 36 R B 5520 IR A ibr e ) = SR E R IR BHE B,

EEP *‘B%iﬂlﬁf%ﬂ’%ﬁﬁﬂ@ 7 Fi7R.
‘ I 7 9 \ " (- ﬂ
& ¥ i

F t!'lrlrtm

Kl 7 Micro 3D $4E 42 FR 3 o

ASCAEFH 382 2 A G P SN G 45 458, IR0 72 468 P SR e« 3 el . S 78 e [X
WEBISHARENT TR, ZREEGTIIE NS MN, =450 BERN MBI i85 S, 75 106
HEHEFAT IR, AT 720 DOEARINZR. NSRS TR Adam fRALAS, WI4A%5 S 3% E 8 0.001, HEab3
KBB4, HRBEERBRINSH. &0 Pytorch HEZR$EE &R K TITAN XP GPU Il & 3:-30
3 GPLWS-Net 5 H i % 25 #5554 ) P it . Micro 3D % 42 Al 48 #5181 GPLWS-Net A AR #E GitHub:
https://github.com/jiangfeng-Z/Multi-focus_Microscopic_3D reconstruction Datasets.

3.2 jHELSEIR

i — UG UE A SC GPLWS-Net I 45455 710 25 1 [ & B, 7 Al s 40 o = 240 A A 3L 84 48 4D Light
Field o} ¥4 Rl B4 1k 47 58 X6 TIE, MR B 1 6 (MSE) . A5 84 S R ISR AT 22 1 BE A0 . il 4% E B
BN SR A IR, WRLSEIGTE R —FREE R E R IE 50 ORI, LU R E T B S kRS
. D IHFATHRI S S ESHAIX 3 DM AR T

R U B 3 W45 ol 5] RBERFAE R4 7 R R, 3 Sl A B 4 20 1) Bk R e 3 AT Al n =0 1) Bk 22 3
FERAT XL, R 1 A R R BRI B ANk 22 B T P 4 07 SOF AN s ma A R () MR (R R 25 R B 11 Y 4%
IR B E R T RS, BT BREREZ FM SR T 5 ERZSEIE M, 1518 5 W8 5 500 2 0 i (&)
Hom.

I3 IFAT LI Bl S B8 a0 2 R, AR U 24 W 28 W AR AR R AN sk A B R 4 T SR ), W A e dit
FAMA M, oA X A E G R 4 EERUN 4 AE AR AT X b, kI A 3] 6 A% bk
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B VR 1 ANV RS 4 LR AT MIE R DT AN OCA B TSR TR RORS EE, Ty HL T A 0 2% T AE
By TERLBERY 4 M RS 5 X EE AT PREERT 2> BB UL AT DL R % S 4R, Hii T AR £ S5
PR I B, 3 T - 5 o0 4 M P A Y R R S R RS TR 6 ok BRI RN 2 I AT R BR AU A A
FEfd A 1], (E ) A R PR R 48 SR, ORI P9 28 TN 5. DRIk, A SCRATH AR AL 6 3 413 AT B H A A
g 77

K1 BRZEEESBRRE R Mg g5 R

ERH R R SH) SEIR (s) MSE
I SNCERA 546 321 2.419 0.027 5
W2 540 273 0.437 0.027 5

K2 P HIFAT BRI A S g AR
T8 R it e BABH(D) FER(s)  BIMEAE MSE R

1 H A 1213872 0.457 0.051 6
2 REET] 7 B A 200 400 0.463 0.047 3 Eiison
3 Sy 4 AT IR 444 048 0.399 0.053 4
4 H A 754 020 0.353 0.046 8
5 R 5 B AT 106 344 0.394 0.047 9 A0
6 4y UL IEAT R 260 853 0.350 0.037 2

St ESHA R RS IG5 R LR 3, AT 5 B B BOM R C B 0 6 AR 2 O S5 i S J e i e
LR AR R AERREILT, S ES RS HE AR, R

R3 AMEZHAS WS BH g 45 R

BT BASH()  HER(s) MSE
g E S H 540273 0.437 0.027 5
A 540 936 0.437 0.0339

3.3 EWOH

AT ARYE B 3 5 2 e o KT B SR . 2 A SEIR RN AE I SRR X 3 8, 40 I AR R = 4 T S0 A U
HEAT 58 BN LG ATSE 1 40 A, Herb, 0 Bl S e 36 e 24 S S04 £ 2 = 56 E X £ AR 1) R, V2 Ak SR T B
TE AR SCHOHR SR 7E SO A0S B H 10 00 BE M, T S I 56 D) R B A %o L % AT 7 SR R FH 3 5 IR KR

A EEEFE 4D Light Filed™), DefocusNet!”), FlyingsThing3DP*!, Middlebury*!#1 7 3 ) Micro 3D %
Yo B AT MR, 8T L Sk R 5 28 = o S 5 R @ B A RDFUSTRT RRUPVS 3108 B 2 5] [ = 4E 30
@ 4% (DDFF!Y, DefocusNet!”), AiFDepthNet'®), FVNet'™, DEVNet®!) 34t A 57 4% tH #1048 £ Micro 3D $iE &
F1 GPLWS-Net BiE R fe. H A 4D Light Field $#g £ R A& T 25 FE L5, FEA TS 404
5 55808 T 6 R Y, DefocusNet BIREM EIF R HREE R, EEBIFM BRI T 5% 5
14045 1% L; FlyingThings3D ##E & 3L A AN 1 000 4H =417 5t 404

SEIG A 4 35 77 1% 2 MSE (mean squared error). “F3 445} % 2 MAE (mean absolute error). 3377 #2 i% 22
RMSE (root mean squared error). 4%} #H 5% 5 %L AbsRel (absolute relative error). “FJ7 #HX] 1% Z SqRel (square
relative error). Hi 1% (bumpiness) FIHEEL B (8] (secs)FE A5 & VAl GPLWS-Net 5 HAth = 4 50 & @A 1)
T fE.
3.3.1  XELSEEG 4B

AT K GPLWS-Net S5 HLUA R BE 2 S R =40 S0 E @ 0 kit AT e b, AR Seie g R A IR, A9
TE A JLE 5 4E 4D Light Field 55 DefocusNet 347 P48 45 2L (1 M B2 40 . BAR 8 = bR Xt He sk 4 fow, Hdp
4> HudE ok [ SCHR[8,33]. B 4 AIAN, ASCHEHK) GPLWS-Net 55784 75 4 2 404 4 b (1 g kg i 3 A T 3L
LN=R7 3
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# 4 4D Light Field #4542 Al DefocusNet F45% 4 1 & 2 1F M

4D Light Field™ DefocusNet '
Methods

MSE RMSE Bump | MSE MAE  AbsRel
FVNet"! 0.0301 0.1537 - 0.0189 - 0.140 0
DFVNet! 0.0317 0.1549 - 0.020 5 - 0.130 0
DDFF!! 0.1150 03310 295 | 0.0440 0.1312 0.3556
DefocusNet” | 0.0593 0.2355  2.69 | 0.0175 0.0637 0.1386
AiFDepthNet®! | 0.0472 02014 1.58 | 0.0127 0.0549 0.1115
GPLWS-Net | 0.0275 0.1442 249 | 0.0106 0.0534 0.1394

4D Light Field AT 3 3E £ 15E BU6 FRE AN 45/ 0 = 4E g s .t &l 8 Fizr: DDFF # 5 I DefocusNet £& 71
IBE T P S AHXT B R, Tk E @ 5N WA 4514, AiFDepthNet A58 T0 ik A7 ROOR K7 I 5 B 130 G40,
IRPEAS B 5 97 L, DFVNet £ HT FVNet BRI T 37 5t N & SO AR BN EE. A SCHR ) GPLWS-Net 5
T TN A 485 1) 1) 22 T8 0 5 4 DX S 1 B 7 TR TR R, 91l i3 5t — I SR 45 3% 35t ) 5

T W T T
| | - |

o[ m
e Lo o @

sl DDFF DefocusNet AiFDepthNet DFVNet FVNet GPLWS-Net PR REE

8 4D Light Field $#5 4 1) & M L
M 5 ATLLEH: A GPLWS-Net #RZE FlyingsThings3D ¥#fi#E E 5 FVNet, DEVNet, DDFF il
AiFDepthNet # L, 7EFTHIFM 4845 7 TR BRI T, H 1, AiFDepthNet 76 & Wifa4n R3] T 28 01K
SZER (A HHT DefocusNet oA A A F I ZRAH BRI W 25 A0, Rtk T 21 3 B2 o oA )t 12 o0 6% 1) o VP 45 SR DL 2
T ).
# 5 FlyingsThings3D £ # 4 & 2 1T

FlyingThings3D
Methods MAE RMSE  AbsRel  SqRel
FVNet™ 27.442 35406 2388  78.952
DFVNet™ 27951 36.098 2334  79.705
DDFFL® 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

FlyingsThings3D ${ 5 4 Al W6 AIF &5 HE U6 T 42 ZR 3 437 B = 4 SR . /& 9 7] 40: DDFF A B g 4>
PR E R R, TERNGFNIE LR, HS kEFEH; DFVNet, FVNet fll AiFDepthNet 45 %4 1] &
BRI KR, B2 RSEE RN T, LEMENFEEWZERE S, MAZH GPLWS-Net 5
TUTE = S T30 (00100 G 0 1 AN 34 2 38 [X 00 e i 110 L O

! . a ,"' e a

b7bc] DDFF DFVNet FVNet AiFDepthNet GPLWS-Net PRI TE 1E]

K9 A GPLWS-Net 5 HAth 4 2K 2% 7E FlyingThing3D ¥4 4 b 11 B TR0
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A5 5y b
A5 4§ ] FlyingThings3D #3545 I 254 L GPLWS-Net 5 Al 4 PR B % SR, JE4E Middlebury 045
#£ | DefocusNet $4E 4 M1 4D Light Field £t 45 _EREATINR, FCUE B0 A OB (32 AL PERE. 02K 6 FTw:
FR1E DefocusNet 24545 (1) AbsRel Fl SqRel #EAR4l, 4L GPLWS-Net £ 57E 3 i 48 Hh (¥ 2 At 5 b 35
TREF R AT RE.

332

®o6 EAFRBIRENE RS R

TR IEES MR MAE MSE RMSE  AbsRel SqRel
FVNet™ 11276  177.649  13.147  0.360 5.011
DFVNet!”! 11.407  183.267  13.302  0.344 4711
DDFF FlyingThings3D  Middlebury ~ 32.499 1480.444 37.544  1.197 52.169
AiFDepthNet!®! 3.825 58.570 5.936 0.165 3.039
GPLWS-Net 2.539 17.497 4.062 0.100 0.642
FVNet"! 0.271 0.144 0.353 0.555 0.198
DFVNet!”! 0.271 0.152 0.360 0.529 0.204
DDFFL FlyingThings3D ~ DefocusNet ~ 89.351 9305.360 95214 331.124 3 357.152
AiFDepthNet!*! 0.183 0.080 0.261 0.725 0.404
GPLWS-Net 0.126 0.053 0.234 2.011 1.826
FVNet"! 1.485 3.053 1.704 2.421 5.676
DFVNet!”! 1.352 2.432 1.552 1.780 3.377
DDFFL FlyingThings3D 4D Light Field 94.106 9 806.356 95.715  77.899 7 464.454
AiFDepthNet!*! 0.205 0.106 0.313 0.198 0.151
GPLWS-Net 0.021 0.042 0.036 0.010 0.036

B 10 £ AT A TT (9 Micro 3D s SR 3EAT I 2%, I AE ENRR IO 5t (A A T-ASCH) Micro 3D #idia 42) %6

IEHEZ A, Bt A e R S B A2 4 v, HiP: RR, AiFDepthNet F1 FVNet 75 3% 5 % 25 i 75 1
R, 6T 35 B A S0 AR 4k RS RDF, DDFF I DFVNet 7775 #8 B 45 %t g 25 (Bt 4068 J1, IR B b 2 10
A MASSCEEH 19 Micro 3D #U#E4E  GPLWS-Net #18 F] A #5068 M A M 7 5, B R I %A

e

AintNet . v %”ﬁ’il&l{%
B 10 BEAL T 5 R B 2 o) 2807 VA DL R AR SCIF) GPLWS-Net 7E 3 4O BV AR B4 45 K (72 A Xt Lk

3.3.3  LEWSEIR AT

AW BT [ R 53 1T 22 R0 SRAFE 028 (W 500 30 F S B B I 3 2. R FREE Ik 8 256%256, 512x512,
600x800 F1 540x960 Wl % 1L AL ff) REEVERE, RALAZR U A2 A 5100 55 8] [ 38 UF #- BB AE AN [F) KA A2 1)
RE. HIER 7 AT LLE H: M LG T L AUR B AR, AR SR HE ) GPLWS-Net 5851 BG B35 1l L3, Kokl
It GPU i ] K B ARE S IR], B 7 Tl A0S S i = 4 50 3 3 (K 2%

DFVNet

GPLWS-Net
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27 GPLWS-Net 5 HAth /¥ 2% 75 A5 [7] 43 95 R N ) SE i 5 b
ik

R HHE 2 EEER 0E s BFIRlGs) BRI 9 (%) CPU
FVNet™ 3.100 15.56
DFVNet”) 3.020 13.34
16]
e s aease oL MM 4
AiFDepthNet®!  4.405 40.60
GPLWS-Net 2.617 .
FVNet™! 14.330 33.71
DFVNet!”! 13.850 31.42
[6]

DR 0 s ML, B 0
AiFDepthNet!®  11.987 20.77

GPLWS-Net 9.498 - Intel(R) Xeon(R)

FVNet™ 42.614 28.56 Silver 4210 CPU
DFVNet!”! 42776 28.83
. . DDFF 79.165 61.55
FlyingThings3D 15 540x960 DefocusNet!” 70.076 56.57
AiFDepthNet™®  64.441 52.77
GPLWS-Net 30.440 -
FVNet™ 39.580 55.02
DFVNet!”! 36.980 51.87
. DDFF!! 38.780 54.11
Micro 3D W 600800 nyopocusNet” 34328 48.15
AiFDepthNet™®  31.567 43.62

GPLWS-Net 17.800 —

4 B %

T = 2 7% 350 2 2 A D9 ol A0 0 S A 46 RO AZ Lo AR, TR 3 ) 36 AT il e AL 7 it i T DA K% o
PR 2B SRR T AR AL ORI 0 B 0 = 4 T 350 T 3 77 925 T 325 IS0 0 R0 47 5% o 8 v 2 0 5 A a0 ) b B
25 SN U = o TS B A R B, A SO R BT SR AT 0 SR AR i A SR R S R, e
SRBAE AT 2 ) SOMT, B K S E S A R bR R L, R RG24 R SRS, O
S HETRRE @ T 2 3 S A N AR R BB BRIL b, ASTA T R ROU = 4T 3 # £ Micro 3D AT
A R e B B A A3 K R SR 4 T A, D BT R R ) 2% 4 S R . ORORIT T T B AR 2R 2
I 19 B B bR TE AROW = 2 5 R 1 v D i T
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