5 52 B 1 1) T o Vol.52 No.1
20234E 1 H ACTA PHOTONICA SINICA January 2023

5] H #% X . FENG Leijie, DU Hubing, ZHANG Gaopeng, et al. Fringe Pattern Orthogonalization Method by Generative
Adversarial Nets[ J]. Acta Photonica Sinica, 2023, 52(1):0112003
TR AR IR BRI L AF L BE T GANSs MZR 1 SR S0 IE AS A 5 1 [T ] 0 F4# 4, 2023,52(1) : 0112003

H£ T GANSs W 2% 1) 28U E 22 A0 7 1%

BEF CAEE KM, EFEK, He
(1 P92 Tolb K2f ML TR 2B, P64 710021)
(2 Hp [ BR 22 B VG 2 625 0 5 HLARAE 78 07, P42 710119)

i ERBE-—AANAREF IR ARG B ELMEF L E ENFEGREFF S, &4
FO AR E — R F) AT E R B G IERTE M T - SR BARRERAKF S X n/2484
M, FILT A S B, A T R AT A i LI S AL R ) R AR R il AR
EEBRAINEE , ZRERHFRLTPE LB A FXBEMER, & hmSHHERELT L5 H
e AR BIR . 5 A RIS ATIEN] , 5K T Riesz e F 408 7 kAR T3 7 ik KB & T4 e A
MM A M AL, AIAW S M EAS LR MALERENAE, RREREANIRFT 20
LR Z A E0.05rad AW, AL G Aok Z i Broml R BT — ik iz,

EER LB ARE IR F A ERAL R E ST = i Eoanl &

hE DS 0439 SCERFRIRAD : A doi:10.3788/gzxb20235201.0112003

0 5§

O L = 2 R I S AR AE T A L 3D AR, AR R YT, S ) A AR SRR Tz N e R R LR
AT T AN TR] A B G =4S B I R OR A S S A SRR BOR | U A I 0 SR £ it
AARS S SO 5 55 2 Ty vk U5 o — T 4 8 PRI A A 048 28 B % R AR S 0 AT o RS AR R L3 A AR
ZHE NG 8) 7 R E R — s W BB, 40, B 52 RS Bl Y 5 ) SR I Xk G A I
RADFERE M T S0 B i R A8 90 42 ok sh A5 4 B A A I M G BT % S R ik VR R R F 5 8N S ) R
Pt T — ARG AR AR o K T FR T 2 S PRI AR ASE gk VR R — A e A Y B I, 5 AMBIE 5 e AR E X A AL T A AT R
HEATRGE , PR I 28 M 1 6 T ) B AR (19 2% 20 03 B O vk e Uit ] 8 19 B T 2% 0BT IE BE Ak Ty gk Il 3 TR M
(5 N 1 3 g I o A b N B NG T DR T =% TR O S RS g BT B S e A S O (S ek W LD
L L AR e AT AR LR L AR TITIZ R TR IR B i T R A [, D N R RS AR . S E S
S, L AR 0 D7 VR AN R TR B O SR st I A B i dn T B AR el . B R R A EE S BA R AR
PR R AR BIF ST IR R R T O R e AR e N R 22 50 5538 43 % (Empirical Mode Decomposition,
EMD ) 4§ J5 ¥ 5 BRA 7 50 BE AR A BB AFLMORR S AR T 4% [ 43 S 5 R 38 4 R ] S48 174 ) A X
TR A T) AR o fige O BT 5 S0 PR S I 2 8 ST 2% 0 R A S I A IE A8 AR 48, IV R TR S S0 PR A G I A 32 A 4 B
¥ o HE T 0 J7 R X SR SC R #EAT Hilbert 2846 o SR 17 Hilbert 28 4 J& T — 28 4, %F T 4 S s AR 5,
TR H A8 Hilbert 728 i , 23 5 IR 4% SC RIS 19 B A, i) HLX T — M AR S0 I8, i T Oy vk i 77 AR i =
[ A0 38 43 MG SF S5 A 1 G e] TE i A 5 2% S B — S [BIRCR AT S W ), Bt , TOUNSTY 8k T
— PP Riesz 28 4 09 80T A RS 43 M7 5 1 3% 07 16 S 00 B —Fh 4k Hilbert 28 46, Ay BT 2% 20 181 AH 37 4K &

E&TWHE: 1R [ %254 (No. 51975448), BE 75 4 & 210 & 11 % (No. 2021GY-274), Hh [ B} 2 Bt 75 48 81 42 #F 25 2 51 50 H (No.
2022410)
F—1EF L FH I, 372078928@qq.com
WiEE 5K =Y , zhanggaopeng@opt.ac.cn
Wk B A 202207 05; R FAAEHH:2022- 0818
http: // www. photon.ac.cn

0112003-1


https://dx.doi.org/10.3788/gzxb20235201.0112003
mailto:E-mail:372078928@qq.com
mailto:E-mail:zhanggaopeng@opt.ac.cn

P/ R 4

PEAE TR B . SR AE S b FRATT R BIZ Oy et AR B D Y B I SR AR AR e R R 2 . M2 R
BT R ) R R e B R O IR AR A AR A R M R SR B0 R A A U R R R A
T A ) R, SO0 A — DR A A SR TAE 57 A 1R O I R T B R RS

548 55 (1 A2 25 80 AR AT SRR 4SS 18 LA 335 OB 114 ik A 2 X, 308 T 30 o — 5 198 8 P 3 {0l S ) 5 T A
F B 5 BT 7 iR R[] R BE 2 2T 05k 8 3k S7 i AT A5 R 1 7 A R Sl i A i R R SR I R 4 I TR
JE R0 LAR SR T X ) T AR A S R R U SE R R T g, AT S BRL A% R A3 A Y SR A )
Y TE DAY o 2 2T 1 25 B0 53 BT 5 1% AE S 300 ven A o R R 2 TS O B R . B ol R R B 2 2T T
RO SN T R Ay A5 SR AR FENG S 25 B BL4R SR TR B2 36 FRObh 25 190 2%t By A 37 43
B, & BT 46 B 45 W 4% (Convolutional Neural Networks, CNN) 4 5 Bly 4% 8043 #1735 fif F — it 2% 8 &)
TEEA LA, Ll A% G0 0 (8 B 7 46 0y ik ol o 1 8 B e AR g Oy vk, R R RS B A T A B AH A 18l . NGUYEN
H A5 RIAE I & 2 1 U 25 0 46 (1 B0 45 T LT 1T 43 12 36 BRI 6 I 4% L 1 4 A I 4% J% U-Net 9 45 1)
PERE , & B U-Net N 4%ty F 5 A7 25 09 % FR ARRAE B8 A 0 R0 0, BT B 38 & 2R SC R A BT o R TR B 24 2T 1
800 M AR A T R (8 AR R b R — RO SR Sh Y 2, T R R B B e S A A I 4 B 4%
SRR RE T o SR 2% SUR VR B O 2%, AL 4 4% S0 PRI o Ml SRR A0 88 AR 57 A 57 25 0 288 AR A 67 3 32 WS4 45 2 4>
WA, HGE BRI S, IR 2 2] A X S — A il B A B AR A SR b T AR A BER AR Y T DA KR R i -
it B 2% 2053 M7 I 2 AR 33 37 4% S0 PR it DR B R . SR A0, A IR AL 4% 4 TR Ao B O 9 R SRR A Y SR A IR L
A AR, B, FENG S (4 7 i 0 e 575 25 | A 800 300 3K 45 = 00 1 2 B0 B o SR, A0 3R 4% SL IR A
S N AR )2 BN, T A B0 SR SR BRI S L TR A B R — T T M 2R 2% B A A
Y 2%

XoF I, A SO H — A AR R S A R 45 A 9 IR SR A SO A BT D v o I R D T e I g B — T R 1 O
2 ] ) 2% AR BT A% SR 1 ST X A 1R AT I R U — b b B SR B8 I 4% XoF 4% 0 IR S JER TR AT IF A8 Ak
Qb B F5 S5 R IR R 0 ok B B S AR A o TR T YR IE N T IR B 2 ST FE LA 2 AR A 4 R LR MR R
W 2% S0 Ve AR 7 B AR AL T — b AT 3R AR .

| O Pk

KA B A S S SC R an it R ST S R O i B AL T R OR
I(z,y)=alx,y)+ b(x,y)cos(e(x,y))+ N(x,y) (1)
A ala, y) BRI, 6(x, y) HIMEHIIN, (2, y) W EAHA N (2, y) KW T2 & A A K
g, W ARACR R 20 (1) R A I 2t AH AV 2 K8 1 o X I, AR S S X 4% S0 [ R A7 e T fn U — b b B8, B 25 B 7Y
SCI WP I, 3 B 0k BURE SR I
SCHR 16 42 T —Fhgh & 5% 22 B (Resnetblock) (1) U-Net IR B 4 U 2 N 4%, 45 80 S 80 T % 8C & j%
M —fh A B 2 I 2 45570 Hy 4 5% 7% (Encoder) 5 fi# 5 8% (Decoder) PSR 2H 1, 4 A 25 38 o8 He 45 45 20K
PEUUAC SR Y J2 BERRAE A 25 T30 R AR S R I 4E . R NS 5 L FE (B R 0, 5 22 0 2.5, R IR 7
0.4~1.25 30 [ 14 5y S e 5 1, ol RS 480 09 2% S0 R S N i xof I 2 AT I 9k s, T A U — A 1Y ZR S0 R
I'(z,y)=cos(¢(x,y)) (2)
7 LB A AT T A 5% pRBOR MR BE ANt , ELSKR i AE AL 23 4 0 2 AR AL 22 T [ 0, o ], R T J5 S2 AR 7
A AN I, AR SO R R 2R ) W4 X 20 (2) R AT IE AR AR e, I AR e R B AR B R R OR N
I"(x,y)=cos(p(x,y)+ n/2)=—sin(g(z,y)) (3)
R AT A A AL 0 (e, y )R

I”(x,y)} (1)

0(x,y)=arctan| ——
I'(z,y)

WARXS L ARNL 0oy y ) BEATAEAL A0 25, RO W] A3 AL 0 AT @ (s 3 )o

0112003-2



T A BT GANS 25 1 25 2 P IE 32 Ak T ik

2 FYWEIERZTHME

2.1 ML

A (2) R IR 1 2 BRI BL R R B R 5, B cos(@(x, y))=cos(—@(x,y))e BEETHE H U-Net ol HAth % 24 B
W28 AN DX A AL B AF 5 o DN, 3 AP 6 A 9 45 S IR AT fE 2 cos (@ (, y )+ m/2) W AT B2 cos(— (o, y)+
m/2), BV BT A A S AR 1 ) R 2 ) A O T I 5 A A — A R R A R A B S B
SO HEAT L3 38 ik B A2 3 AR AR A A R B, R 4 RT fiR p B OAR E AC SR SR AR L R R AT R B AT SR
5 118 ] L, DT I AR St R T A o0 7 90 286 512 B8 2% 80 T 1 T 38 78 4k

FLT g5 i 7 BT A IEAC A8 3 I 48 25 0 o LSO, < 1 S R T SCR [ 16 ] I e 9 — AR I 2%, % S S0 181 54 7
KW I —fk, SR J5 4 A BT 1Y) 25 st el i A 380 A BN 0 D 4, R I 44 8 1) AR AR 516 30 52 R 2k S IR E 32 Ak

P i—
Input
—
ﬁ Back propagation

Ground truth optimization parameters
i
, I
|
- I
|

|

|

|

Back propagation, optimized parameters

A1 ExR#%W % EH
Fig. 1 Orthogonal transformation network architecture

P 2 S M 1 P00 265 592 0 4% B IR IE S AR B U B o 7 9, 2 00 288 X U — fR Y 2R S0P E AT R SR, SR U
— A SR B A RRAE SR 5 S 2 bR 2 R S A SR B0 o G A0 03 1 2 A i I 2% 45 3] Y 1 52 Ak 2k S0
55 B S B BEAT BLER R, 2 F )2 sigmoid pREIUI B AR B AR SURL S BLIE 2R SO AR AU R . H
HT 450 2% bR RO 5 A I 6% R ) 0 285 1 451 2 AE (loss ) , I 4 5 Adam £t £ #5 58 80 40 1) 190 46 70 Az 1 0 265 19 AL
i, R R A 28 T8 OB Y IR SS M SR B0 o b R ad ARG B R AR, B A A 2 4 1F A Sk S0P A i RE AN
WO N i, 2 SR 0 Al ELAE AR SR L Z NP A i) R 265 Ik ) A A 1 S LM AR SO i LR

i 9 3 BlOCkl, BlOCkZ, ....... Block20 4 5 6
ResNets

B2 R R 4k

Fig. 2 Generative network architecture

0112003-3



P/ R 4

B b AR SO A R I 46 2 3 ek TR (5) 1 58 SO 3 BT L 2% S0 PR TR 0 500 4 FRORS B
min max V(D, G)=E,_,, [logD(2)]+ E,, [log(1—D(G(y)))] (5)

G D

Aorh, D o A0 g s B e B, T R0 AR UEHR G (y) SR & BUR i B A6, TCy) o f A B8 19 B 52
A5, L () S bR 28 4 1 BE 38 90 A

7R 5) #EAT AL, A SO FH Tensorflow2.0 H1 %) Adaptive Moment Estimation f fb & , 327 5] %658
Ir=0.000 2, LI epochs=80.

W 25 YN 2 Af I, o S B B B A 2% SR B A B R 1L 4 S5 Al 03—k 8 AT Rl AR R 45 S S A
SR BRI E AS A AR B

WFFE & B, SR BT 0 285 4 1B e i A T — Ak 2R BCIRT it /2 RE RS 4 SRR O XA L eI ol T AR 28
BIRFIERE D, A2 R AE 8 2% BCIRT 5 1 BT 2R S0 3R o T I&L 2 7 7R o 1 ke B i ), AR SCH HE — PR LGB =
I iy 58, b ROGEE AR XA /2 AR 1 S 0L Gl TE I — AR AR L 43 A N~ (2, y ),
B 3 T8 4 A X A 3/ 2 AHAS I SR B0 o i T AR SCHE I % i i R R N T cos (@ (e, y) - w/2) H— Ak
(AL 23 N~ (2, ) cos (@, y)+ 3m/2) =ABRAE  SEAE T 69 f5 80k, DT 6 17 % SO 2R A
OO0 o I M HE L ROE GE BB Gl E 0 A A A aC AT T ARG IR, AR 2 e, LR SR
AR T R IE 0 45 R AT AR AL A B HR . B TR, G Y R U — A AR AL, S BB AE S T i A A
L HAE R R LB AR B R IE 0 o PN BR 28 0 R IR B E T TR B 5 ) W 2B ) 2 > B IE JE 5

AT EIOE TN

L (2, y)=cos(@(x,y)) (6)
W 2% i gt (B 28 )/ o =388 RGB B, Hvh R 8 8 B RR
Ii(z,y)=cos(¢(x,y)+=/2) (7)
G 3838 /9 0 — A A AL 3 A1 R (N~ 3 — A5 1)
Io(x,y)=N~¢(x,y) (8)
B i 1 2 80K
In(x,y)=cos(g(x,y)+ 3n/2) (9)

ol mgaimgd , MEME —-ZRE =288 -4 EM2, — 4 RelLU i 5, — 41
BatchNormalization J22 , BRI 250k 3 X 3X 64,3 X 3X 128,3 X 3X 2563k 1 3 Ha k6 B2 2 , 76 W 25 14 rh (]
AT 201 =, B 5R 22 BT & 4L 3 X 3X 256 A ¥ FRAZ , FLAR e =22 1) Bk IR o2 4 5 45 DU 2 A 2
BRZE(HARSHON :3X3X128,3X3X64) , & fa— )2 Mk ih )=, 5 th 24— % FUZ A —A> tanh PR AL,
Az R 2% 1 BAR S BO0LER 1

®1 ERNESH
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Number Parameter
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Table 2 Discriminative network parameters
Number Parameter
1 Conv3X3X64,BN,LeakyRel.U

2 Conv3X3X128,BN, LeakyRel.U
3 Conv3 X 3X256,BN, LeakyRel.U
4 Conv3 X 3X512,BN, LeakyReLU
5 Conv3 X 3X1,Sigmoid
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Fig. 5 Simulation for phase reconstruction
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Fringe Pattern Orthogonalization Method by Generative
Adversarial Nets

FENG Leijie', DU Hubing', ZHANG Gaopeng’, LI Yanjie', HAN Jinlu'
(1 School of Mechatronic Engineering, Xi'an Technological University, Xi'an 710021)
(2 Xi'an Institute of Optics and Precision Mechanics, Chinese Academy of Sciences, Xi'an 710119)

Abstract: Optical measurement techniques, such as interferometry, moiré techniques, and digital
holography, are the most popular noncontact approaches for measuring three-dimensional (3D) object
surfaces in terms of non-invasive, fast, and accurate evaluation. Usually, the property of the measured
quantity is encoded in the phase of the intensity distribution of the fringe pattern, which can be decoded by
phase retrieval, in other words, the recovery of a complex-valued signal from the sampled intensity
patterns. In this way, phase demodulation of the fringe pattern plays a crucial role in the ubiquitous optical
measurements. Among various single frame phase demodulation techniques, the high—frequency fringe
pattern demodulation technique, such as Fourier transform profilometry, sampling moiré method and
spatial carrier phase—shifting have been intensively studied and are mainly based on known analytical
models of measurement systems, such as harmonic representation of the intensity of fringe patterns. But for
low—frequency fringe pattern, phase reconstruction from only a single interferogram is difficult, especially
for those including closed fringes. Sign ambiguity during the single-frame demodulation is one of the main
problems that impede the development of single-frame interferometry. In this case, fringe pattern
orthogonalization plays a very important role in low—frequency fringe pattern phase extraction. However,
due to the ill-posed problem of orthogonalization of a single frame fringe pattern, the development of an
analytical method for fringe pattern orthogonalizing is full of challenges. In recent years, researchers have
demonstrated that deep learning is a powerful machine learning technique that uses artificial neural networks
with deep layers to fit complex mathematical functions, thereby, deep learning provides a promising
improvement over classical methods derived from explicit analytical formulations of the forward models.
More specifically, deep learning approaches handle problems by searching and establishing sophisticated
mapping between the input and the target data owing to the powerful computation capability, and therefore
may provide a new solution for the phase demodulation of low—frequency fringe pattern. Inspired by recent
successful artificial intelligence—based optical imaging applications, in this paper, we propose to utilize the
deep learning to solve this problem of under sampling. This paper shows the new phase retrieval method
based on deep learning can effectively improve performance and enable new functionalities for fringe
profilometry. In the proposed network, the Generative Adversarial Nets areused to generate digitally the
phase shifting of original image by combining the prior knowledge of network and fringe pattern denoising
normalization. After training on labeled image pairs, the proposed method successfully implemente the
desired phase—shifting fringes pattern, which can be viewed as the orthogonal transformation of a fringe
pattern. With this Orthogonal transformation network, the wrapped phase can be extracted easily if the
sampled fringes pattern is normalized using a trained deep neural network. The validity of the proposed
Orthogonal transformation network is demonstrated on both the simulated and experimentally obtained
fringe patterns. We also perform a comparative analysis of the proposed and existing approaches. Herein,
we conducted fringe pattern denoising—normalization by using a deep—learning—based method developed
because of its high—quality reconstruction ability. Thereafter, we input the normalized FP into the proposed
Hilbert transformation network to perform Hilbert transform. We demonstrated our approach on both an
open and a closed fringe pattern. Indeed, owing to local phase—sign ambiguity, the processed results show
that the unwrapped phase map cannot be reconstructed adequately from the existing D4-PS wrapped map,
even for a plane. Further, the reference phase from the proposed method is compared with the phase
obtained by the multiple-frame high precision phase shift algorithm. Experimental results show that the
proposed Orthogonal transformation network can provide a simple and robust solution for optical phase
extraction from a single fringe pattern with phase error distribution within 0.05 rad and, therefore, make it
allow for paving a new way to measure object 3D profilometry in a transient situation.

Key words: Fringe pattern analysis; Phase demodulation; Orthogonalization of fringe pattern; Deep
learning; 3D profile measurement
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