B
OEE |
4

£ & 143

Opto-Electronic Engineering

Article
2026 £4 B, 53%, F4 1

Conv-BN-

S AR A = 4 i
BREIESERSE S

. ~(HH,
koS, HABRET, BRI R B! il
Conv- Conv
U E R R AR R IR S AR A B, W BN 3100185 RelU l—l' HW,1]
R R AR B AT BRA 7L W O 310018 “WMI | |
>l >
13 14 15

THE: AHEMA RGBT EERAETRT RGN ELEHLRGFAL, Rb—MFakd SREMAL ZHESH
IREFRT k. RRAMBHEIXZBEBRWERL, ASRELELSRELBAAKRSMAN, 5INSRAESERREE
EENESR, AW TIRE, AR REI A SR ARSMK DI, FRAREWHELLERENR KA.
BENEEMARETFE, B RFZLEALE SIS 50 2 ERTISHEIE. ZREY, F505 BEBAEE
fERILRAL 7 dB, ZHMAAMEAEHKRS E 0.96, ¥ HTRIEEEIRLY 61.6%; E=HFTELRER, RI@HHTHiE
EEARAY 4T 1%, B=FERERI 43.6%. %7 ERBEWH ZREFQRNASRFLEM SN L4, BERF=HT
EmE.

KRR MR E; KR, SRS, REFD, =g kT4

The English title and abstract appear at the end of the paper.

Lal4lg
1 2 3

DOI: 10.12086/0ee.2026.250272 | CSTR: 32245.14.0ee.2026.250272 | HESHES: TH741 | XHEAFIRES: A
TRALF, SHBEE, W0, A E A M NSO S g BUS LA [J]. JGH TR, 2026, 53(4): 250272

Zhang L P, Hu X F, Pan F W, et al. Multi-modal denoising method for structured light 3D reconstruction under composite noise[J].

Opto-Electron Eng, 2026, 53(4): 250272

il

1 35l

W& Tolk A Zh ik 5wk AR N TR BRI I, 46
e = e B ORI | AR A A )
P, TERTICAEAGIN . HUBCE PRI U AT 2z
R ORI T A SRR AR B, i AR L
A 5 LT S IR RO S 1) — A g™ o AT,
TESEPR TAL IR, SREUEIR Y % Z IR T4, S8
MO B R AR W R R, R T
I AR e P S

SR =Y B HAP IR R . SOV gD SRS, M

4
&

BLIRLERAEATE 28074 | SRBOT L AR,
FABUAR 15 “TERHBIL” R S AR (1 3 = 2k AL b 1
R, SN =R o PRI, SRR
ERARIMENE R | B IR R AR TR, X
SeF P e AL B AR g BB, 5 UL |
AL iR B, L, FERIAL R 2 i T
RIS 250, R ORUEI R 1) G HE

A TR RS g I (Rl e E) 5
g (LT /NgE, )™, TSR B
TEARME P 26 1F T RERS A AR BERLIE A, (B R ZR o
M7 7 AL S BRSO LR W3 TR, 401 SUHAs

s HER: 2025-09-10; £[EIHHA: 2026-01-12; FAHHR: 2026-01-16; MLEHARHER: 2026-04-25
EEUH: EFRARPAIETINH (U24A20134, 52475576); WivLARMHHIEH “RE" W EBOEHHIE 4% BT H (2023C01061)

“BIE1EE: WIIE, 12B0202094@cjlu.edu.cn
WA B ©2026 1 [E R4 B o B AR 5T

250272 (Page 1 of 19)


https://doi.org/10.12086/oee.2026.250272
https://cstr.cn/32245.14.oee.2026.250272
mailto:12b0202094@cjlu.edu.cn

BT, 45 e T, 2026, 53(4): 250272

https://doi.org/10.12086/0ee.2026.250272

Wi, BT BGA A BAATEAR T e . ok, X2k
5 38 O [ (R I A SR, MELL A 3 N X £
TR RS AR . AR, B TIREE R I B ERE )
BRIz e, Hop B U 2 N 2% (convolutional
neural network, CNN) 7£ 2 M AT 55 rh e 80 B e,
Blan, FrIZRaE Lt i W 4 HUE A (trainable nonlinear
reaction diffusion, TNRD)"*! FlI%E T4 2% 2% > iy 2 Ik 45
fh 28 W 4% (denoising convolutional neural network,
DnCNN)" 78 [ SR UG e b S T i SR Bifs, B
FEFARI T ARG, B, 5IAZ RIERHE
il 5 Bk 2 9 4 3% 12 1) 5k 22 95 4 X 45 (residual dense
network, RDN)"" - LK 45 5 TR S 06 1) RV AR R FH 25 Mt
HrHEAE (plug-and-play, PP)"™, 75 1% M58 Al W 7 3R 15
TR H R A R S B, AR, XEETTRE
XA SRR, B3R H T A A s AT i
SURHIE S AOLAE B2 S R )

BEXTEEA USRS s W R R M PR R, AR
BT LB LM, I, BT ARG M SE Y
FI 38 I IE 5%/ 4% 5% U8 0 11 T AR R A SC B S I R S
FEA A AW 7 T PR, (BRSSP X 5 7 A 2%
SUOVAE SNGER, MRS N A R T EM
P2 N2 I E AR 1) S S B A AR BB RS A A Bl Ok
AREC. PRFEBIETFROWIR, SRR AR R A0 5
SRR ZE XA G B, A LR IR
F it 2% (DAE) KM A SR P AR e 55 40 07 -1 8
PR ESE, AT RN RIBEALME R, BAER B dnfid s 2K &
M, AETE A R i ) i XU, A S5 AR %2
B s T UREE 2% ) B B SR SO ARG R 7 i i i 2]
Ui O 4% S B 25 S0 R ) L 3 1 25 M S AR PR, SR T
VM SR EAR LR B RN, M EANZ
TRETIA R, AAETENS B N R AU 5 1o [ A A r
) U-Net JEBER I 7k al FEAR A5 e b5 P 41 R AR
FEPEH LED IR HE, FE G L2 ) Se il = 4 f &
flitt, AU RSO A g 22 R AR, LA
T A5 80 5 40 s FE T swin-UNet AP 20 AH
PR R e TE BN 7 14 i f AR ) T 1
PEIFAR- AR, PRGN LA o 32, X
FLSLE AW Iz AGBE T A B s 55T UMNet 9574
SRR A 27 iR Tt 22 OB AR v 4 AR (v K
SORGRE, DTG X RUER R A B4 I RE T, SRy
)37 ST A AR, X S S G M O S B ) M 7 3 o e

Ao IR, B T ETERON B J Tl IR T 1 2%
SEBEW AT SRR R, AN B DR ET
ERERNZ AR T TR 2 > D7 ik,

BT BRI, AR SCHE H—Fh Rl & 2 A 5 45
FAPRIFAIL T A0 R B D MRS TR 7y 30k 5 e 1) WG 1 4
ZEBZ MY (DnCNN), KRG & 4208 5 2 B
BRI LG P A, DRy PR BR S e rsamdl.
2 AGEIE R AL (SE), & VIR S A sk
PEM DG OCHEAR 5, TRITUARARE s IR G 52 B
5K GG ARG UK R, 5 AL S [ s
PREFZREOT MM S SRR . 50U g i LA 5
GEMGHANE], 20T AR AT ER P B, AT 5 22 A
RO 22 R A B AT AL, 8 SRR TR P X A v 1R 2
FERE BRI =4 RS S e .

2 FHIN=HNERGSREFERSH

21 WEHHXRG =N E[RTE

ARSCR A H 25006 = e R 5E, 25
A0, ZeA ToARBL, dEimcs FA Tolgisk . RGRER .,
WHAHLGE ST G A, HBARLS e 1 FR™,
Horr, R —BAm BM P R B i e — 8075, oA
FHALIRIE RAEIFAE G — o A b 2R T 58 B — 4 3 5 il
A, JR TR AR A - XML W H Z5H Y R G %
RGEEL AR E S G — U R R, A4 FDLE 2
HATEF —S bR RN HAERLG , ToRe AN HE

R G5 3 F M A7 W & 48 B R (phase measuring
profilometry, PMP) JFH#™ | 313 5T 2 41 WO 4%
SR, FRHADSUE AL R AR S T A8 TP 45 8L
PG . A A B SHiMe e MRe, A SCR =4
MBI E = A RUR ), T 4 5
IRAHRS IE TR A0, AR Nkn/2, k=0,1,2,3, PiHAHH
PLIRIL RAE 12 I8BT4 80750 . AELL P ARG AR 5 =
et B, (o) R AILEROT IR R AR,
B | LA SRR SR T S AR A AR AT
B o HEAT o XA MR £ N AR TS, AR
VLR LT R ARLLES (xy), TR B AL R
Hl7E (—mm), TFiE— s . AR SCRHZ 2
AR A5 SOR 67 38 05 | 3 o 5 e SRR 67 S T, S
VBT 300 v A ) AR A, A5 BR324 X A 7
¢, ()0 ABEARNIMLE MR AUR R bR, o B vt

250272 (Page 2 of 19)


https://doi.org/10.12086/oee.2026.250272

B OF, 4. JHL TR, 2026, 53(4): 250272

https://doi.org/10.12086/0ee.2026.250272

Binocular structured light

Image processing and

| | 1
| | | |
| acquisition system | Image | 3D reconstruction |
| | acquisition | system |
| | card | |
I I : |
| ® ! Phase |
< Projector [<—
| o " | I unwrapp !
| Left Right | : Image :
: camera o camera | i proces- |
a0 | . 3D
| £ | | sing |
| & | | & < recohstruc |
| 5 | | -tion |
| O '
| o | : recons- |
| | truction I
| Target | PC : Point cloud | !
: object : | < process :
[ | s —
B 1 ZL4EAREMA

Fig. 1 Schematic diagram of the overall system architecture
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Fig. 2 Schematic of workflow of the structured light 3D measurement system.

(a) Fringe images; (b) Wrapped phase map; (c) Unwrapped phase map; (d) 3D

surface point cloud

2.2 RIFIRESBRERBDHRER
TESEPRE e =4E i rh, SRS R AR S e
I AR PN ] G A7 B RGN R R 25 S IR
IR, SECAREON HRE AR5 WEUAR (37 2 B fi . 3
AORRE P o Do T i i o T YR 5 i M 7 AR

250272 (Page 3 of 19)


https://doi.org/10.12086/oee.2026.250272

BT, 45 e T, 2026, 53(4): 250272

https://doi.org/10.12086/0ee.2026.250272

ARSCHHIN 3 AP 1) REVERRIRZE CRIFTE |
AAREMLIE), FAEHPLS BB Lk e 5 5 2iR
25 OEBUR T IR A S) (R . BRIIARIA))
R/ Z B G IARRIR S A i 55 . 2RI B
FEMARBENLGE TR, AT E R T 2540 A0 1 fi L/
fit, AT RGRE | WA TE AR E A R g kb
£ 2) BENLIEMER (B2 AN e . 7 e, et
T/ M G AL A ) o AR (B R A (R P
F) . HORLBER S DLOR B a5

TR b, AR WA LIACAY , FEUL 5%
SUEUG R R BT R SRR A RGN IS, &N
SRS B SRR R Horp, (R R T AR 1
HR 0. FRiEZE A o, 1 IS HRER S LIS p #%
RFERAR B/ (0) Bk (255) IEE™; HOkIE S IR
FH5E SRS TR A 3052 & s
LLIE Y

Noass ~ N (0,0%)

0, p/2
Nsp = 255, p/2 , (4)
I(x,y), 1-p

Lhoisy (%, ) = D (Lejean (x,y)) (1 + £(x, )
+Noass (4,Y;0,) + N (x,y; p)

s Looiey L)) I ZRELEE s Lasean (x,y) N BRAE TC I
SO ER s DR FR G0 E M JLAT % BE M5t
e (0, ) B GIEFHRARFBIMEIR D ;. Noawss 4 95 TR 75
Tl Ny AMERMERSIN; p WHERE AR . REHERE
R 2E AL AR E 5T/ SR E AR PURMEE , BEATLIE:
T AR 5 252 1A TR M o 45 A T A 5 41 o

T B VLB, A ST ST 0 A DL AR AR = 2
XTERAS I 2500 B R 28 (R B A s . SE & ih AN
550 AHBLY 0 s W S SR e, R TR
V6, Bl PCB AEASTE R A R N R FE kA
RGETAEES MR RIEA . W S AHDLE G ] 351
A Tep=10ms, T 5L 55 % 8 W] Hy 50 Hz 28 3t i fL 3K 5
3= T 58 B N IR AR 29 Sl f ~ 100Hz (INBR TR A T, =
1/f~10ms), —FHAFR—E%., FHEERIFEEHIAN
fF, TR IR EBE S N

Ln(0) = I, + Al sin(2m 1), 5)

K L OFTRAEOCSEEE ;[ A0 B -5
£ ALIREDGINIRIREE . 0] Bt A 2 1) SR 56
S EE )

_ 1 10+ exp Al
Loy :fxp L Lo ()dt = I + m {cos(2mf1y)

—co8[21f (to + Texp)]}» (6)

e o BRI AR 2 o M To = T/, X (6)
RS BEIE T 0, W5 e ~ Iy, BNDARRAI S 530 7F
WA A P O O I AME E Y BRI, S %
FLAL R A5/ SAE P PO AR . teoh, S0
FRAIHL A ShgE S A S AR I 5CH] (450 dB), fill A S
RA 0 ps. LBEBIERY 50 ps, /N 10 ms MG H
B PR ik e B Bl AN 2 il m] DL A Mt BE I3 . 45 A iR
FE LSS SN, WA IREDENLE . Bk
SRR AR FE AR SC T B T B, Al
QR E R i R A | BRI A R IR R P 452 ) &
FHEYLES % Ik, TEARRIRSRANT, A @)
P A A 52 5 2 TR W P T T4 R S B ot it o ) 32
TR ZEAIR o AEJR B (5 B0 S ek e
PR AR X 5 I P AT A

3 HREARERGEELL

3.1 MLE B IRLEH
ARSCHRE Y (4 SR TRE 25 M I 2 T e o ) 2 MR s
PUMHZE 2% (DnCNN) HEZR™, HA PR S5 F %] 3 s
o0 2 L2 SUiE 168 il 7 PR 5K X (o, ) AHA, IR FAR
ﬂ‘:’% }j [‘j; Bﬂ?ﬁu}% Iglnoisy(x’y)gfifua%u% E] Iclean(x’y)zrgj
R 22 WS, R RS T I R, y) » I8 5 22 S 1
FHEN LML IRIE ] ieeg » FEEEHE NS (7) P7R
R(X,Y) = F@ (Xinput (X’Y)) 7Xinput (xsy) € RHXWXZ»
idcnoiscd (X,y) = Inoisy (x,)’) - I,é(x’y)’ (7)

s F() Mgt ksl oS8k H G
B WRERTERE . M4 BRI 454, it
ZREBERBRE, IR T ER . hgerts
fEFIREEST, BI AR L (SE), XA 4
TEAYBE A S AR, SR AL OCHES B I H TOARRHE .

W2 B =G 1) FRAFR U ER, hZ)2
% AL (Conv) . HtIH—1k (BN) 5 1& 1E £k 1 38 1% B o
(ReLU) ¥, FHTHHEIEbRE )R H 8 545015 8 ;
2) RRIERESRAR R . SE #5 ke S 30 18 R E I 45 5 3
Jili; 3) EAGREEL, BRUZKEHTER S P REEBL sk 2 A
F AT 5 A SIS 2 e 2 M2 IR

250272 (Page 4 of 19)


https://doi.org/10.12086/oee.2026.250272

B OF, 4. JHL TR, 2026, 53(4): 250272

https://doi.org/10.12086/0ee.2026.250272

Conv-BN-

Filtered

Filtered patch Conv-

RelU
. [Hl W,N]

lalg
Clean

Clean patch 13 14 15

Input Residual

layer feature

layers

RelU I .,I _,I -
[H,W,N]
1 2

3D point
Unwrapped cloud
phase

Wrapped
phase

Output
layer

B 3 %423 DnCNN M%&) & B

Fig. 3 Schematic of the multimodal DnCNN network architecture

3.2 WBERNIEIT

5T C RIS ML BURG w2 5 AW T
AL LLRAR 5 e B (Noisy) TE M A, M i 2 22 H
e S XI5 T i, AR S ) i 0L SR B M P AR
TAVRAAE G I 45 . (Filtered), FAR4 R 94155
IER= Rl RSB ES a2 B Nt S e o <1
P,

A, ASCHEH SGETE A KRS . % Noisy ‘5 Filtered
FERIEE P NI A A, (TR ) i A& rh [R] s
R AR S MR ) EAMEE . i, Noisy
TRUESCEE . 258075 [l R BLA5 #4152 B M 5 Fltered M)
PEOELBRIK b5 S S P e . Sl REERLS
W28 et 3 W AR OGS F IR T A T4, Pamiky
S8R X O MR P R ) AR A e

BRI, T T P09 HR B I A AR Sy T4k 2
533, HER Filtered 7 5% RS kA, HE5H s 4n
B4 PR, R e i i (E R T 3 49 7 o (DB U
(selective median filter, SMF) LA Kz — 2 & 3071 1 i i =38
AL, AV X AR s bk R R S R RO R S
254l Hord, SMF AEXHME S P EUE I G T,
SEAM ARSI A E BRI AR R, SO BRAE R R AT
R, HARMRE ORI R, D ITTLE S0 bk ih e 75
7 s J8 B X SR S0 FE A5 A8 (AT 5 I M

R IR LU B iy (x,y) . AL EME S 5
BRI

Inoisy(-xsy) = O or Inoisy(-x’y) = 255’ (8)

S BOABAEARI , AR ER L LUT 25 WA il
ﬁﬁﬁﬂﬁé?&)ﬁ, Jf>KH SMF %I%Eilﬁ%jjISMF(xa)’), Hp
Tsur(x,y) =

{ median {Z,iy (Q.,)},

lf Inoisy ()C, )’) € Nextreme
[noisy (X,)’), ’

otherwise

)

s Qo L () R B BRI R AR BET 115 N exireme M
WAEMGE P S o 3207 1 ] Ll 20 A M DX ]
I, RS L BRI
S B BUET XS s BE AL A, %) SMIF i H R
T4 B, AR R Lherea (x,) , X
e G MR SR NIRRT
SREE, BRI S RECE SN
{ Tiiterea (X, ) = (G * Isyp) (X, Y)

1 W+ . 10
Ga(u,v) = i exp(— 0 ) (10)

ZEAERERS A AN BEHLMEFS , 45 0 88 37 14 Jr 7 1 45
PE, [ AT REAR R SR S S5 RO LT — S
I IR PGE R AL, A5 B Y BRI I SR B IR
Tiierea (6, ) A BB SR BUE W B 51 el e . L,
4 Noisy 5 Filtered 7171 18 4k B B4 o0 OUHE 18 7 5 5 A
Kinpu (%, ) AT AR N
Xinpu(x,3) = cat (Loisy (6,¥), Tirea (%)) € R, (11)

K carOFRUTRBAE LN BHER T35 H W5
FIGERES E (A (RF) . IRBOHRIIE T i A REfR

250272 (Page 5 of 19)


https://doi.org/10.12086/oee.2026.250272

BT, 45 e T, 2026, 53(4): 250272

https://doi.org/10.12086/0ee.2026.250272

Input noisy image

Non-noisy pixels

—

Preserve —»%4—

Salt-and-pepper noise
detection (extreme value
identification)

Noisy pixels

¥

Switching
median filter

SMF-filtered image

Gaussian filtering

(suppress high-frequency noise)

Output filtered image

B 4 PR S IRERAL B

Fig. 4 Architecture of the two-stage cascaded filtering module

BN, SR A s T, RS S R 45 B RHAE
S PR PR S

3.3 BEEE NG HIR I

TELSHDG R M, At DnCNN (U 2 5] 45
FUERIURFE, G2 Xl E 28 2 1 Ui, MELL 20 i 22
RS AZ B EAN S KBS R . Gt — B 5 i il i
Wi W R A, O AR A R B S L MR R B R L i
GOEN), BRSO R S =R R E . N
e, ARSCHE R4 5 | AR G0 1 T R L ——
SE MEH™, Gl FE4E . W A E AR E A B, B
RS T8 A (1 2 SR OGR4 5 45 i T SE R
OSSR AN FBILR] , BEHE— 2 BB B0 i R P51 A
F eRP™C Hopr C o4, 5 ¢ MNMEIERHEEC N
F, e RIXV

BRI E, SE BEHe i 2 X 44~ 3 18 HF A7 3 182K
(&R, BEEERMIEREZ e ROA

1 H W o
Zc: WZZFC(Z,J), c= 1, ’Cs Z: [ZhZZ'“sZc]’
12)

HHF 2 4 )5 m Rk B, B, B o AliE 4R
IR R Z, A PR 2 A4 (G x LSRR A B e 2
Wi, o2t ReLU F4: Sigmoid B3 15 3 38 18 A [A)
seRH

S=OW,-6(W,-2)), W, e R, Wy e Ry, (13)
Kb r FOREGER, BEHDEIGEERC/r, r BRESE
MR . THERE /N, HIEESS ERE S TRE R RE, )
WM, %8RRI A ARSI R, 347
FE/INI I  223K =1{8,16,32 S BRI, WREH X 25
FROEMERTE R B sZm, 458K =16 AR 577
B Z BN, SR ST =165 6()2 ReLU 341 R
$; 9()N Sigmoid PTG BREL. HJE, FFHE E A X
I AFHESGA B AR, HANTEXAEIE F T4,
SIS g e S ], AR F e R R

250272 (Page 6 of 19)


https://doi.org/10.12086/oee.2026.250272

B OF, 4. JHL TR, 2026, 53(4): 250272

https://doi.org/10.12086/0ee.2026.250272

Noisy
image Squeeze
Feature
map
Filtered f Excitation

image

1x1xC/r
1x1xC 1x1xC

HxWxC

HxWxC

——— e e

Global pooling
1x1xC

FC
v 1x1xC/r

|

|

Output :
|

|

|

|

|

RelLU :
|

|

|

|

|

|

|

|

|

feature

map

* 1x1xC/r
FC

W 1x1xC

Sigmoid

B 5 SE #t3kzEH) 54F A ALH T &

Fig. 5 Schematic of the structure and functional mechanism of the SE module

{Fc:Sc'chz 1v”"C

F:[Fl’..',FC]TeRHXWXC ’ (14)

e FFRIRE SE HFARE 5 15 1126 ¢ s AR,
FR/RE SE B Fibr e J5 iy AR R gk B . A i
BLHI, SE BEHRAENS [ 3 N 2 1 4 8007 Il 1 i 4% b 3
XL, 4 MR A RS IR S A0 IR e Ty . PR
Fritf il ASCRMERRN, # SE Bidfi A
AR ERNEREZE, ik Conv, BN, ReLU
5 SE 2 3G om R U

3.4 ZBmEHAVE &K REILIT

TG R LW 2 AR R I 5 2% (MSE) 1R i —
AL HAr, BAATHRERI R, e, (AESIERL
K50 P AR R AR SO S A AL B s . ik, A
SCEIE TR G SERE . Z5H 5 T SR AR TR G A R PR,
VL2 HAREC A Ak i 0 AR T e 5 a5 F R Rr e 0,
wmE 6 fims.

)
—»{ MSEloss —

N\
Denoised — \ g
i AN
image N
—
B(1-55IM)
—»{ SSIMloss F——— — — % Total loss

- 7

/

Ground-
truth /
image —_— , /
3 Laplacian ,
edge loss
-

B 6 RAEMRLBRLEMTE

Fig. 6 Schematic of the hybrid loss function architecture

AR RS =Ry

1) 5L BEBAI R Lyse 278 4
15 ,. 2
LMSE = N ; (Idenoised,i - Iclean,i) . (1 5)

’I%TEE%H}’T% lz]idenoisedlﬁ;;‘% Fé—l IcleanE{%%j‘KE N J_ E"J
—Hk, FREFEHFMELL (PSNR),

2) GERIEAR 2R Lo 2578 N
QCup, +C1) 2oy +Cy)

(,ui+,u§+C1)(0')2{+0'§+C2) s (16)
Lssy = 1= SSIM (idenoised s Letean )
X ps ov o PR RIRIGME . Jr 2 55 2%
Civ CHTE R I RIREH . X S8 —3
PE, HERIRBUE SR E M
3) NGIIARK Ligge Kon N

Lug= 3[4 () - Alawnd]| - (7
i=1

SSIM(x,y) =

i 3 B A O SR IBGE AR , X LT
5 B 5 2% 5, s 5 5 XU PR AR RE T 5
ARG R Low RN

Liga = @~ Lyse + B+ (1 = Lssiv) + 77 + Ligge» (18)
Kr: o B yWEBSEL, 53R Luse« Lssi~ Liage »
FHEIR AT & S B AR, AR SO BIE FE  XF
a€[0.4,0.8]. B€[0.1,0.3]. y€[0.05,0.2518F 47 /] 7t FHl
P, FHFERIER B S PSNR . SSIM Bl G445
PGS, LS Gl TR b R A48
% (grid search) i . Z5G % Bk 5 =28 hr
FHL, BAXRHa=0.6,=02,y=02, Z&EHE I
b ) U3 AL, LA MSE R £ SR IE OB 58 B R
H, [RIEf454 SSIM 5 Laplacian Edge 24 3 i 230 # 55
AN ORIFRE S

250272 (Page 7 of 19)


https://doi.org/10.12086/oee.2026.250272

B OF, 4. JHL TR, 2026, 53(4): 250272

https://doi.org/10.12086/0ee.2026.250272

3.5 HIREHMESIERE

R H R4 3532 2] B ARG AR BURME Y 22 5 7S Ay
PESEEAMARE, AL ZFRN LT BrifE B
He o BRIUK . HEUR) /E R EEUNGT S, BUNDJLATRREDE
Maih % 5E | 3% 5B N 5 A ZE R F-AIE
A BT M8 TN 2 B BepiAs S AR E Y S 80 5 A 5
o MWEH =M (Noisy . Filtered 5 Z Wi°F-14 Clean
BN N gede, = REURZAR R RBCHE, 43 5IH
TR . SRR S AR

BEAR, SR [ 26 i SRy R 4 e a5 RSz Ak g
R 2 RO f &k ayansl 7 545r b Bl Zrbl il 45 & an
2 1o [FIBR P BEHLIE . KT/ B E A SOe e 4523 ()
T, S5 ERREEIRIE S | S0 S X BORHE R, T

a b

B 7 T~RERE Patch # 4. (a)64 px x 64 px; (b) 96 px x
96 px; (¢)128 px x 128 px
Fig. 7 Patch samples at different spatial scales. (a) 64 px x 64 px;
(b) 96 px x 96 px; (c) 128 px x 128 px

%1 % R patch % & 5| %9 B %

Table 1 Multi-scale patch configuration and training assignment strategy

Sliding window

Patch size /px Training stage (Epoch) Learning rate (Adam)

stride /px
64x64 32 Epoch 1-20 Se-4
96x96 48 Epoch 21-35 3e-4
128x128 64 Epoch 36-50 le-4, le-5

MR ARBON G U KB, T T AL 72
VAT P45 5 WP A T e

4 SLIRINUESTEREVHE

4.1 LWHRGIT

AR T — W H S anE 8 PR,
FHF R AE S 8C MG I 58 B 28 1 5 15 = 4 5 0
RYHE S . 25 L5 L (DLPLCR4500EVM
912 pxx 1140 px, 120Hz), 2 & TLAHHL (MV-CH120-
11CM, 4096 px x 3000 px) El% K4+ (SOL2MEVCLF)
AHs = H & CEHFBENL S5 5%, 5~100 mm/s), TR
25 2] W25 FE Windows10 - 51217, BLE 17-10750CPU
FINVIDIA GTX1660Ti &+ o W25 Zhofn = 2ff gt 2
Kl MATLAB R2024b Fl CloudCompare SZH .

W HRE E B EAHY . R AETTY, BE
Wb, EMGCREE . MR, AR D AT
5=4EsE A bRESSRINE 2 Pin,

fi 0 <
H, WSidMK=| 0 f, ¢ |, fuiWERSE
0 0 1

B co WERANR: S0 R OTERHRE; T VPR
W, ARSCRZEARBLAR R 2 SO IS ARBR R, 72 AL
ISR = 1T =05 FHARPUINZS RN (R, T)s 1K
SN EIRN Ry, Ty) 5 ey HEBTLIRIE MR E
ARG WAL RECHAR 0] (ki ko, ka) S UT1] (p1, po) 25
B

4.2 EBERERSRETN

AL T A AE AN RS 2B T & Rk iz
ek, BT = SRMRIREA NS 9 Fron o RifE S BraL
A5 B A, Gl TSR IRRE Sy . tesh,
FIAGIMEIGNA R A AF R, KinhRE

Structured
light
projector

Left camera .

Calibration
board

Motion
control
platform

Right
camera

Image
acquisition
card

B8 M BAMEEBERERLEKFTHE

Fig. 8 Photograph of the binocular structured light image acquisition system
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Z. AR, HTIHEEAE B Sl Frz A kie s =X G AE M A R AR A5 T AR AT I R AR AL

PCB HiL MR, 175 M S o 5 4025 SO, ﬁﬁ%%m@% Pl (Noisy) . H3 I I8 9 25 R (Filtered ) K [0 2% 2 Mt 25 2R

TR A ME P TR S ARV 25 S R RS M, A% (Denoised) #ATXF L, 4n1& 10 frzR. B PEA% L Clean

RILAT 1440 I HERIMG, o 1128 Tk,  BAZ%, RAEMHEFEELL (PSNR) . 254 FHIME S 2L

288 i FH T (SSIM) 2 ¥ )7 fRi% 2% (RMSE) =T 4843, £ FEA 4
k2 WHLHKR GRS

Table 2 Calibration results for the binocular structured-light system

s Intrinsics Extrinsics Reprojection Distortion coefficients /-Radial
ensor
(fo £,) /px; (c. c,) /px R /-; T/mm errors e, /px  (ky, k,, k;); Tangential (p,, p,) X107
(3637.76, 3637.73); (-0.0956, 0.2725, -0.9394);
Left camera R=1 T\/=0 0.070
(1231.40, 999.93) (-1.300, -1.100)

0.9258 -0.0274 -0.3768
-0.0151 0.9938 —0.1096
0.3775 0.1072 0.9197

(3628.19, 3629.24); {
r—>l

{ 0.9649  0.0450 -0.2586
p—>l

(1197.52, 1012.36)

(-0.1155, 0.7025, -4.0291);

(-0.1853, -0.5346)

67.4552
Right camera T:—

—-58.2165 ] 0.070
187.9625

. (1113.33, 2224.74); ~76.9133 (0.0273, 0.0048, ~0.5186);
Projector ~0.0260 09967  0.0766 | T, =| —64.9604 0.045
(449.20, 1158.62) 02612 —-0.0672  0.9629 173.2837 (-2.800, -0.700)

b

B9 mANXHEATER. (@)mEEWHk; (b) &F%; (c) ALK
Fig. 9 Representative test samples in the experiments. (a) standard step block; (b) plaster bust; (c) PCB

a

Noisy
image

d

Filtered
image

Denoised
image

B 10 #AKEALESHBEBRGEARETOTARE R, (a,dg)i7ESENHE; (beh) &F#%; (cfi)rAlEEmK
Fig. 10 Visual comparison of typical samples at different image processing stages. (a,d,g) Standard step block; (b,e,h) Plaster bust; (c,f,i) PCB
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DnCNN 5 RI J M (8 bR g 45 R 035 3.
BAKME, dnifE S A SSIM 42 7+ 2y 8.4%,
RMSE FEIRZY 62.6%, VLIABIRIAE RN A g5 b R 81
oSt s &M AEA SSIM 42 712 8.3%, RMSE %%
29 61.6%, FWIFAITE I 2E L2007 R _EREE AL

T3 e 7 AR RIS 52 B s PCB BEAR SSIM 42 T+ 24
8.6%, PSNR #2E2419.5%, VRIL T AIYE S g i 5
BAAMERE M TR IR ERE D 5 THmHlaE . %5,

e 7 A = 2R MR A s R B BEXT RIS, A
PrgRCs =R R At TR SR A

4.3 HEKIG 5 /AN

R BRAEA YA PERE SR TR TR, LA RA
X4, PR TS, A 1) AR (A
Noisy/BUiE Noisy 5 Filtered $£45); 2) = HIHLH 5/
JC SE f5idh); 3) ik kgl & (MSE. SSIM 5 Laplacian

) PSNR #5524 1.05 dB, UiPH A2 Al G 158 1 4
fEEHEME; SE #HedE PSNR FI SSIM |46 Fa @ 1 35
JCHAEH G IRE TR IRG R R AT
3k, E:Iﬁ?aﬁiﬁjﬁ?éuﬂﬂio 5 J4H DnCNN
FH LG, 7S SC Bk R AR A ) S35 PSNR 42 T+ 249 1.79 dB,
SSIM #4711 0.0185, RMSE F&AIK 27.5%, ¥4 T JF b

, BIE T ASCRIT 2B - S REILE SR A
?mé‘iuﬁ(XTEA FEAM A R

Ry itE— 25 B UE AR SCUCHEAR L ) MR BRI T
2w WL B AL G2 2 e 7 NLM™ 5 BM3DM! Fi1 g il 4L
FAE IR 24 2] K17 BM3D-Net'™ 5 DIVA™, L)
AFAG XS RIATX S0 . SEIR R (E 11 FIEk S
FiR o

Wk 5 R, ARG A —E R g T A
i, (HERRSE TUREE2: S 5k, U2 45 05 e 2
b AR OPR 0 S S R R TS S T A S K e P A

AR AR KA . SEIRai RS 4 PR, YO LA R ZE 2 51, MR 11 A S8R R R
A N Y - [ N NI NI ) = =
SERERN, XGETER ABCGEIE B E T RMOR ARSI ETE LR i h SO R R A . MRS AR B A
&3 ERATE B Z Mt AR b
Table 3 Comparison of image quality metrics before and after denoising
Sample type Processing method PSNR/dB SSIM RMSE
Noisy 35.74 0.8909 0.0163
Standard step block
DnCNN 43.11 0.9654 0.0061
Noisy 35.73 0.8892 0.0164
Plaster bust

DnCNN 42.90 0.9627 0.0063

bCB Noisy 35.71 0.8881 0.0166

DnCNN 42.69 0.9643 0.0062

24 HBREBERGHA ML L (HAEE: BERHEA)
Table 4 Ablation study and comparison with the original DnCNN model (Dataset: plaster bust)

Experiment setting Input SE module Loss function PSNR/dB SSIM RMSE
Original DNCNN Single-channel (Noisy) No MSE 41.11 0.9442 0.0087
Improved-1 Dual-channel (Noisy+Filtered) NO MSE 42.16 0.9552 0.0072
Improved-2 Dual-channel (Noisy+Filtered) YES MSE 42.85 0.9632 0.0071
Improved-3 (final) Dual-channel (Noisy+Filtered) YES MSE,SSIM and Edge 42.90 0.9627 0.0063

B 11 aFgEgs Rk, (a) NLM;

(b) BM3D:;

(c) BM3D-Net: (d)DIVA: (e) &7 ik

Fig. 11 Denoising performance comparison of the plaster bust. (a) NLM; (b) BM3D; (c) BM3D-Net; (d) DIVA; (e) Our method
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25 FRIFMBARLERE (BEE: LEBRELR)

Table 5 Quantitative evaluation results of denoising performance (Dataset: plaster bust)

Method PSNR/dB SSIM RMSE
NLM 39.4 0.9253 0.0097
BM3D 40.5 0.9361 0.0090
BM3D-Net 40.9 0.9445 0.0087
DIVA 41.8 0.9540 0.0078
Our method 42.9 0.9627 0.0063

Vo WERSRIRCER , A EAE = bs LIS i
g, g W, A BM3D-Net, PSNR #7124
4.89%, SSIM #7144 1.93%, RMSE F&#{% 27.59%; Lt
DIVA, PSNR #71#)2.63%, SSIM #71450.91%, RMSE
FAAE 19.23%.

4.4 1EFEERETH TR RS

N T 2 KR T 255 DnCNN 9 £ 78 A [i] Mgt
PR N SRR S PO LR, AT LA TR TS,
T Clean s5 40 I 36 F X (4) Myad T — 41 b 55 0 75 3158
WP ) AR T BRI, S RRIER A
WABEY, DSR2 o, = 5,10,15,2004
A BRI PR 252 o R R R 10 21
R XA, R AW, BRI % B oy,
Bio, [R13%48 (23510 0.01, 0.03, 0.05, 0.08), LIH5R
AR 1843 AR EE Ay 45 1 A2 W 2o

S GEREW T 1) LA E Clean AW EENS %
KM% 2) AR AT (4) 16 Clean [& b A [F) bR 22 1
ol ST MR R DA B AN [R) 4 R A RRCER MR 7, P s Pl ) 3 i g
7 — 2 A I R 5 5 3) 43 F R 4R DnCNN A 74
(Original DnCNN) Fll 4% SCH ) () 2 8 2% DnCNN ¥ %
(Proposed DnCNN) Xf iR M & FE 7 2o kb B, 7530 1

HEER, [FIRPRE SRR (Noisy) VE N SEMES IR 4) LU
Clean BIh 2 % , 115 4 M AR T Noisy. Original
DnCNN 5 Proposed DnCNN A9 °F ¥ PSNR. SSIM 5
RMSE #6845, JFZHl “BUR BT He br-Me s i B 22 4k
Mgk, anfE 12 s,

FTLLEF], Bl M G B Y3 5, Noisy 261
PSNR. SSIM Pi#iEfk, RMSE KlE bF:, (AR
EMIR SR L 45 . AEAHFIME R 45 F T, Original DnCNN
F1 Proposed DnCNN P X 45 42 g 3508 F Noisy, SriE T
TRIE P S G MR )3 HIRE ) o E B, 1%
ANMEFETEE N, 4 Proposed DnCNN [ 4% () PSNR 5
SSIM 4/ T A DnCNN #EHY | H Bl o () T
BREEEE/N, RMSE MR 27, R H P iR b th £
40, 7F it S Ao, = 20 K, Noisy 9 PSNR/SSIM
I #)k 15.7 dB/0.4057, Tfii Original DnCNN F1 Proposed
DnCNN 351 ] 35 2 25.6 dB/0.7514 5 27.6 dB/0.8032,
VB T3 7 VA AR /5 T S B 2R G e KT 1) e e 75 214
FATHRECRASERR A AR M RN B

SEATIC 4.3 WAELPRCRAEFRM ISR, H
SLER G R LN 45 SR 1K) PSNR #5435 dB, AT 4
TR YA A R4 Noisy Y PSNR [ % 28~15 dB X i),
W P K- i g TS BRoR B . A, T LA AR

PSNR SSIM RMSE
35 1.0 0.16 T T -
- -©- -Noisy .
\ 09 014 =5 Original DnCNN —7
30 \ . \ 012 L Proposed DnCNN  ~
h N 0.8 —— — 010 L9
~ A
<25 < Z 0.7 X s 0.08 »
o
g T N 0.06 - ]
. 06 > PPl —
20 = AR 0.04¢-~ ]
- -©- -Noisy - 05 | - ©- -Noisy LN //
—=&— Original DNCNN S~ —a— Original DnCNN So 0.027
Proposed DnCNN| TS Proposed DnCNN S
15 0.4 0
5 10 15 20 5 10 15 20 5 10 15 20
o, o, o,

g

g g

B 12 RR%RAEFRAT AT AGBBRRZHREE X

Fig. 12 Image quality metrics under different noise levels
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g R S B L 2 3 T ISR R M K T )
SR R B M K[ 2R, TR
DnCNN 8 4470 1 B I 00E 1 B 15 e e, o
T 0.2 5 = 2 TR T 0 0 A AR
I P MR S T LB TR L T T
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AL EIAEAE R AR RS 5 4020 e, L HAE D Fi %k
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EITEZ MR A b, i B B (A A A ] i s
U Jr AR AR AR B, SRS S PR Ry R T LA P 4R
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Tl R 75 P B0 Y (RIS RE 6% A 4P AR A 37 () L0454, e 4t
Y R B AR T B T AT SRS
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PrEE A R UR B AR A, A B = e R T AR = A&l 14 B
T xyz AT, Noisy sz A7 78 R i B B 5 Y
M55 E UM Denoised fi = BEARGEHELT- 1, 24K
M FE WA, SRR, PR T,
Noisy i~ fFTEN G 545 MBS, Rftie Yy
WO B B35 % ; Denoised s, 2 56 B0 5E 54 1 i 5 4
F, B X e

AT R FH 5 3 T (C2M) 5B 4R Ry JLAn] 152 22 i
i, RN E EAR RS S BT RIR 2
(RMSE). 95% 4riii2 (P9S) M KiR2E 5546 4r L2
o St DA S USSR AR, T
G S5 H 0 R G i ARG S Y R A A g 6

B 13 1£:a7/5 PCB #94aiz i $2ttk., (a) Noisy & 4042 (b) Denoised & % 484z F ;
(e) Denoised %3t 4842 18 ;

FEAntz @tk (d) Noisy %3t taa 1 ;

c 1278
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- —— Denoised
@ 127.6 | --- Ideal trend
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Fig. 13 Comparison of phase extraction results for PCB before and after denoising. (a) Noisy wrapped phase map; (b) Denoised wrapped phase map;

(c) Column-wise phase profile comparison map extracted along the yellow line in (a); (d) Noisy absolute phase map; (e) Denoised absolute phase map;

(f) Phase gradient distribution map
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X/mm Y/mm
-40 0 -80 -40

-

—2-100

B 14 XRa7/5 PCB =4 % @i xtib. (a) Noisy =4 &= H; (b)Denoised =% % =K ; (c)Noisy =% &= XY 7 @il
B (d) Denoised =4 &= XY 7 @4l A
Fig. 14 Comparison of 3D surface morphology of the PCB before and after denoising. (a) Noisy 3D point cloud; (b) Denoised 3D point cloud; (c) Noisy 3D
point cloud in XY top view; (d) Denoised 3D point cloud in XY top view

£ 6 REBE AR L

Table 6 Comparison of point cloud quality evaluation metrics

Indicator RMSE/mm 95% error/mm Maximum error/mm Point cloud density/(pts/mm?)
Noisy Point Cloud 0.7140 0.2376 13.65 180.22
Denoised Point Cloud 0.3774 0.1369 11.37 258.74
Representative Metrics 0.20-0.60 0.20-0.80 8-15 100-500

JiR o Ha R 158 22 3 L HNE| = | Zneiod — Zeetl (mm) , HH1
Znetnoa N Noisy 5% Denoised A B 451 s Zo h ZWH{E
A ([F] 55 1R AR 24 Wi, AR PBCHE S A B AR
AT S R A A5 ), ZEAR 5238 A Sy v £ I
L% U, ATIEMESERIES . A SiHUE
4i— ROI MARUAER LiktT, Ao AR E 500 —
o 75 SE A BT /588 S SR 25 T R A B2 A O
BERAREELL P95 5 RMSE M3, [RIINF 45 R 22 LASE
RARPLETAT R s G (R 7. 7 8) R
8-, {E =2/5 mm 54 15 45—,

TE PCB #: A [, Denoised 1, == % & %% Noisy 3 £

27 BHiREHRFE S P(E>)
Table 7 Proportion of high-error pixels P (E>t)

Method P (E>2 mm)/% P (E>5 mm)/%
Noisy 0.72 0.22
Denoised 0.33 0.07

2) 43.6%, VLIRS AR IE i S R LA S
MR T 20 R U2 R AR, ihimEZirk S
SEREFEIF R ; RMSE FRIRZ 47.1%, 95% J3 iR 2E
WALy 42.4%, F W2 R 2280 ) B s L A e HLA0 Y
TRELEERL R, AT RGBT . mKIRZEFRIY
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% 8 FiEEFEEHE T %IT (E>2 mm 5 E>5 mm)

Table 8 Spatial statistics of high-error connected components (E>2 mm and E>5 mm)

Method Thr Rsingle/% A50/px A90/px dnND /X
Noisy >2 28 3 9 3.6
Denoised >2 66 1 2 6.9
Noisy >5 38 2 6 4.2
Denoised >5 78 1 2 7.2
|Error|//mm |Error|//mm

14 14

12 12

10 10

8 8

6 6

4 4

2 2

0 0

|15 =4 TR 2629 ) Wk, (a) Denoised; (b) Noisy

Fig. 15 Comparison of spatial error distributions in 3D reconstruction. (a) Denoised; (b) Noisy
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BT ZE SR 52 . BIBRIX S 2/ S 5 | /D i
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RERRMWESSERYE, DIXAr “HIRRE” iR gtk
REY “FRgilar” A mthsg. ik, BRETHmiRzER
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7 3 35, v AR 57 850790 4337 (AS0/A90) LA K SF- 14 B 0T 4B
S dn S 3 HR ,FH T 20 0 7 150 2 34308 38R ) LB A3
IXCAE TR B 2 ST VT T BB AS 4D 78 S WL PR 2 I SR B 5
23 [ 5

WE 15 iR iR 2T B B2 T T e
B2 5. Noisy = 7E PCB 14 K i ot (s Jm
it KRR SR A TE R AR R iR 22 X, R A R
GINCE N AN =B 3 A 7 Bl by NI T2 82 = AP 1}
Denoised 1 25 75 K4 TR X IR 35— ARG IR 227K
-, XA L, ARAY SRS B LR REE
BUNBES A . G S —8: %7 BoR, fEs%—

BT, M5 %5 i Noisy B9 0.72%/0.22% (E>
2/5 mm) % % Denoised (1) 0.339%/0.07%, FEfi% 22 HiAR
BEWSL; &8 E— 3R, #F E>2 mm 5 E>5 mm M
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66%/78% , 3% i 35, [ FLH2/90 433 (AS0/A90) k45 &
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ROI AR R Fi# 4881t
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B X Y R 25 AR BN R R B O . Rl iR
¥ (DBE-Accuracy) H1 0.929 $2 7+ & 0.982, ih H5gi#
4 (DBE-Completeness) Hi 0.463 #& T+ 2 0.964, % 1] ffi
(Normal angle)P95 H1 5.47°F% 2 2.89°, ¥kla] ffi K- 44150 2%
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Table 9 Region-wise evaluation of structural/edge preservation

Region Metric Pre-denoising (Noisy) Post-denoising (Denoised)
Flat region 95% error/ mm 0.225 0.130
(~85% pixels) RMSE/ mm 0.680 0.360
95% error/ mm 0.310 0.170
RMSE/ mm 0.920 0.480
DBE-Accuracy 0.929 0.982
Edge region (Top10%—15%)
DBE-Completeness 0.463 0.964
Normal angle P95/(°) 5.47 2.89
Normal angle Mean/(°) 4.04 1.41
a b (o] . . Height/mm
Fe

4

2
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Fig. 16 Comparison of local point-cloud structures before and after denoising. (a) ROI-1 (Noisy); (b) ROI-2 (Noisy); (c) ROI-3 (Noisy); (d) ROI-1 (Denoised);
(e) ROI-2 (Denoised); (f) ROI-3 (Denoised)
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Abstract

Objective Structured light 3D reconstruction is widely used in high-precision metrology and industrial inspection because of its non-
contact and high-resolution characteristics. In practical industrial environments, however, captured fringe patterns are often corrupted by
composite noise originating from sensor electronics, surface reflectance variations, and ambient interference. Such noise degrades phase
quality, introduces unwrapping errors, and limits the achievable reconstruction accuracy. To address these issues, this paper proposes a
multi-modal deep denoising method that integrates a dual-channel input, a squeeze-and-excitation channel attention mechanism, and a
hybrid loss function combining MSE, SSIM, and Laplacian edge constraints. The objective is to effectively suppress multi-source noise
while preserving fringe continuity and edge structures, thereby enhancing phase retrieval stability, reducing unwrapping failures, and
ultimately improving both image-domain quality and 3D reconstruction accuracy under complex industrial conditions.

Methods The proposed method employs a dual-channel residual convolutional neural network based on the DnCNN architecture. The
input is constructed by concatenating the original noisy fringe pattern with a serially filtered image along the channel dimension. The serial
filtering module first applies extreme value detection and selective median filtering to remove impulse noise, followed by two-dimensional
Gaussian smoothing to suppress high-frequency random noise. Multi-scale convolutional layers with batch normalization and ReLU
activation are then introduced to extract hierarchical fringe features from the dual-channel input, capturing both fine textures and coarse
structures while preserving edge information.

Subsequently, squeeze-and-excitation (SE) channel attention modules are embedded after convolutional layers in each residual block to
adaptively emphasize informative features. Each SE module performs global average pooling to compress spatial information, followed by
a bottleneck mapping with ReLU and Sigmoid activation to generate channel-wise weights, which are then used to recalibrate the feature
maps. A hybrid loss function is designed to balance global noise suppression and local structure preservation, combining mean squared
error for luminance fidelity, structural similarity index for contrast and texture consistency, and a Laplacian-based edge loss to maintain
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high-frequency details and boundary sharpness.

Experiments are conducted on a binocular structured light system using three-frequency four-step phase shifting and heterodyne phase
unwrapping. The left camera coordinate system is defined as the world coordinate system, and 3D coordinates are obtained via linear
triangulation with calibrated camera and projector parameters. Training and validation data are collected from three representative objects:
standard step blocks (rule geometries with sharp edges), plaster busts (smooth curved surfaces), and printed circuit boards (high-reflectivity
components and fine textures). Reference images are obtained through multi-frame averaging.

Results and Discussions Quantitative evaluations in the image domain show that the proposed method achieves a PSNR of 43.11 dB /
SSIM of 0.9654 on the standard step block, 42.90 dB / 0.9627 on the plaster bust, and 42.69 dB / 0.9643 on the PCB. Compared with noisy
fringe patterns, the average PSNR increases by approximately 7 dB, SSIM improves to about 0.96, and RMSE decreases by around
61.6%.Ablation studies confirm the contribution of each component: dual-channel input improves PSNR by approximately 1.05 dB over
single-channel input; the SE attention module provides consistent gains in both PSNR and SSIM, especially in edge detail recovery; and the
hybrid loss function achieves the best overall performance. Comparative experiments against traditional methods (NLM, BM3D) and
learning-based methods (BM3D-Net, DIVA) demonstrate that the proposed method achieves the highest PSNR (42.90 dB), highest SSIM
(0.9627), and lowest RMSE (0.0063) on the plaster bust dataset. Noise robustness analysis under varying Gaussian noise levels (g, = 5 to
20) shows that even at the strongest noise level (o, = 20), the proposed method maintains a PSNR of 27.6 dB and an SSIM of 0.8032,
substantially outperforming the original DnCNN (25.6 dB, 0.7514) and noisy inputs (15.7 dB, 0.4057), thereby demonstrating a high noise
tolerance.

In the phase domain, denoised fringe patterns produce wrapped and absolute phase maps with significantly fewer phase jumps and fringe
discontinuities, particularly in edge regions and high-reflectivity areas. Phase gradient analysis shows that the denoised histogram is more
concentrated near zero, with a marked reduction in high-gradient outliers. In the 3D reconstruction domain, the point-to-plane RMSE
decreases by 47.1%, the 95% quantile error decreases by 42.4%, the maximum error decreases by 16.7%, and point cloud density increases
by 43.6%. Connectivity analysis reveals that high-error regions transition from large clustered patches to sparse isolated spots, indicating
effective error tail suppression and spatial homogenization without introducing new artifacts. Region-wise error analysis further shows that
RMSE and 95% quantile error decrease in both flat and edge regions, while edge metrics such as boundary accuracy, boundary
completeness, and normal angle errors all improve. Consequently, the proposed method preserves key structural and edge details while
suppressing noise, confirming that no edge rounding or structural weakening occurs.

Conclusions This paper proposes a deep denoising method for structured light fringe patterns that integrates multi-modal input and
structure-preserving mechanisms. Based on an improved DnCNN framework, the method employs a dual-channel input combining the
original noisy fringe pattern with a serially filtered image, introduces a squeeze-and-excitation channel attention mechanism, and adopts a
hybrid loss function. Experiments on standard step blocks, plaster busts, and printed circuit boards demonstrate significant improvements in
PSNR, SSIM, and RMSE, while maintaining texture preservation and fringe continuity. In the 3D reconstruction domain, point cloud
density, accuracy, and structural fidelity are substantially enhanced. The proposed method provides a reliable preprocessing strategy for
high-precision industrial measurement and defect detection.
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