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Abstract In recent years, deep learning techniques have been widely applied in computational optical three-dimensional
imaging. Fringe projection profilometry uses a trained deep neural network to recover high-precision phase information
from a single fringe image. However, collecting the training dataset for a neural network expends a considerable amount of
time and human resources. To mitigate this problem, we establish a digital twin-fringe projection system that enhances
virtual fringe patterns using domain randomization techniques. A U-Net neural network is pretrained using a large number
of simulated fringe-pattern images generated through virtual scanning. Next, transfer learning is introduced and the neural
network parameters are fine-tuned using a small number of real fringe-pattern images. Targeting fringe analysis
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applications, this study proposes and analyzes three U-Net neural network fine-tuning schemes: “from left to right” “from

Wi HE: 2023-11-03; f&EBIHHE. 2023-12-09; FHHEHH: 2023-12-13; MEHAXBE . 2023-12-23

BEEWH. EEEAHETR(2022YFB2804600, 2022YFB2804603) . [H % A #AFF 22 54 (62075096, 62005121, U21B2033) IT.

IR A FERIE 5T TR AT H 5144 AR (BK20192003) 719548 “ 333 T2 "R H % BRI (BRA2016407) | H e g 82 BHIF £ 151 5% B i 5
(30921011208, 30919011222, 30920032101) , H s 5 4 Fe i Bl 45 B & 101 W% 4 98 Bh 0 H (2023102001) o EE 4 5 RBl2E 3 40 H

(2023T160318) VLIF Mk i 4% 5 %40 68 B0 T 45 52 56 = FF il 8k 4: (JSGP202105, JSGP202201)

BIS1E#& : “shijiefeng@njust.edu.cn

0211024-1


https://dx.doi.org/10.3788/LOP232430
mailto:E-mail:shijiefeng@njust.edu.cn
mailto:E-mail:shijiefeng@njust.edu.cn

B R IL

top to bottom” “global fine-tuning”. The experimental results demonstrate that fine-tuning the bottleneck network module
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of the U-Net under the “from top to bottom” strategy optimizes the transfer learning results, largely improving the phase

prediction accuracy of the neural network. The proposed method achieves high-precision phase reconstruction results after

training the neural network on only 20% of the real data, thus avoiding the need for a large real dataset.

Key words computational imaging; fringe projection; deep learning; transfer learning; fringe analysis

1 7 El

HYEAE R ECS AR B T BT T A
ZEPUR v R A AR AU B T RHLER Ot
G R AR, LIOGAR 5 o 3R B9l o7 = e A4 &
BORRLA TOUR 72 R A SR LS5 BAUE
Ak B 2 S BB, 3B W R R R DG T R S B
657 B9 f H B IR S USRI 52 77 0] 2 — o AR Tolk i
THRE T 2 T = 2R AR R Y 308 1) 3 7 8k A R
AR A B AT B A B R R o R BT R R KR
246 7 iy BOREELA BIE A R D o A R AU B S B, R
S B = 2R (AR T A B B T RN 2k ORE i
5 3D g A L 7R BE R ROE U, = 4T AL
FORTZ T WA SO BB SR, LK iR
PR B B A SR AU, S 4R B R
A B AR BE UTE 10 I 4 1) 7 2R A5 SO 9 = 4 £5 AL
HER L E T RIS HACY M EEEE

S AR B 2 — AL UL N 2 WL i T B A e Bl Ol o
SYEAERETTE  RGTTA S AL [F] S
AR IR — 375 5 04 22 R PR A5 36 ek 0 (] — ) o 1 4% i T
{8 b R A7 R I A DT P, MR A S R R 2 BE AT DR 45 3
PR B TR AR B o S R AL oE I i 2R G 0 A 245 A T B
Sy T o SR AE S B W R bl T m B R Y R
M, 55 49 v 0 5 2 S AT ) g R B A — i P R, HL
e fE B R RS FEARILA . J35h, HAbHE W] %
TR AIE 4 0 A I, 3 L A 2085 22 A4 A b 4R B0
] 18 X6 107 e, B 17 I 95 R A T Ve Afy ) = 4 o A

SRR R R S — b 3 BT AR B Oy i
JUHE 3 K 12 52 Sz AL 5E TP B SR ARHL RS o Dl IR K A=
i CInF A0 A 2 B I AR o O UR DAE E
U A B0 R g 1 1) PR 58 B B A L, T S
WS = AR X S G A ] 58 2 2 B ) IR R T
JE AR B0 98 ) i AR A SRS 3 A — B AL
IF] 3 B2 4 B2 21 X 48417 A7 B A B9 25 MO0 o ol 3 o B A
HL OB IR 2 6] B9 A7 O &R, LA R S RO R AR TR
A DK B0 0 A Y = AR A bR . R G ST R R
Jr ik ML, 2% SUOR B R B de KA RUAE TR R
P HY R A B AT R R s B B A A A AL
A HAAB RO C A E 0 . XA B TRt T
A ST S Sk RO 2 6wl W AR e 2 5 1R B R 2%
T A 00 A R R B ROK G o B R RO R B
Wi i BRAC S 4 Ol 2% SO O 1 R I RCTOE
MR BOAR , 3X — BRI K7 i s AU AL SE LR

%e B AR AR RS T b B S5 A GO AT g A ok AR T i
R FAER .

SR BP0 R D AR 4 ik R B A i e
Mo ORI, B H RG24 A —Fh
SRR IR L MR 4 R O £ SRR B il R
SR8 B B AR T R 25 804 T VR E R AT A3 o BT
M2k . MR &) Z 8 —Fh Z Witd 4
VTR A AILAA B AT AR X S )RR A RS s ) —
FANIE 52 GG, vT v K 2 I X 2 A A A R
T W O AR T RS B e EOR R TR T R
BAR,ANE ] Fizsh s il X F ik s,
AR %) JE R B AR e (9 SR B0 BT T AR — R
M P 15 RIS BRRE A i E DR O SE A h 25 3 5 0
B H S SR8 U R, B ep ) i AR A Y
i EME LUAS 321 3 B 30 Do

AR IR H AR T T B g
B R U A BT AR | O R A 2 A TR 2R A
AR ARG T R AU, Feng 2 SIEB T I8
b I 252 B 25 2%, ] S B R T BT 2% SRS A
DR o A LT A G0 58 T B AR 6 1 R T AE A7 fige
D7 TR BE 27 2 BRI 0 R 08 A 204 2 2 W AR
AL RS BE o Yin 28V a5 | A EL AT R A i 1R A 3
e AR LeF TP AL, dlE 37 T 5L F 4 B SE 560 1 4 4L
MR 0 BT AR A i w3 T 4 2 ) 4% Ak 180 2 DL BRE AR ) i
AL JR FF 7 1T, Guo 25 I U B #2245 A il T —
A TET ) EF (R AF A5 R T 0 48— HE 42 A% 8 IR ST 1 2 0
H L ZWERKESEREMA R DT AN TS M 4%
B 48— o BT HE AL A 2% v IR T A AV M 75 s i), $2 7 T
AL R TF (et . =4 d )y, LissE g —Fh
BT U S B R UR & & RS R AR, & it

o HCHE S Y 2 > 38 Al Y I SR w2 4 B AT B
Bz N — Wi WU 52 A 2 a0 A rh R &2 s X6F A 67, DA T
SR v R R BT A

X b A B TR B A 3T 0 S5 RO = Ak R O
T PR B 2 X 2% AR S AR L T E N FL S
HOR AR K M 42 o SR, K Al SRy RS TR &
FEBR R BN Wy Fnwst ) A . Rk, Zheng 45
M TR AR A AR R IR IR LE § T
H Blender #17 i SUH$ , R FH A= 5 A K 400500 4 11 25
RIE M2 %, 58 T B A f1 57 8 /1. Wang
PRI Blender I EE T — MRS RS, N T
e EERG R, BT — s
SSIM % 5| A4 % fr B 55 5 69 1 2k sk . IL A, Zhu

0211024-2



BT 51 3L

SEIB AR T BT Blender #5401 (4 06 37 45 A4 't B B AL
W A2 T P A TF T RIS R R B R A . %
B R EOEHE MO R AR EREF B M ZE(E
B A A RSP AR A0 M AR B T sl R 4
S HICHE A R 1 B[] AN T BAS  {H R 8L 07 BB
SR Z BT A7 AE 22 53, T 4 SEBR 9 2k U &
GEATAE NP PRI (W AR S5 T 0 R A I 2 R 2% Tl
I T 5 R 52 B R R

R TR R AR [ A SC AR — R T R AR A
5 IR ] e S SURMB BT T . B e R
Blender %} B 5% 5% S0 5 3 Ge i AT B, @ 57 AR XS I Y
HE R 28 A R B R 8 R MR B 2R 2
F YT B AU A4, 12 1 S Bl AL A6 52 A BE AL 222 2 U
TR TS ) Ja P, A R 2 A B 0 ELOE A 2 KL
P U-Net #ft 28 [ 246 47 U 25 o fedm, M LS8 2%
PR AR G B D d 1Y S AR SO PR B 0 B0 2k
9 U-Net #fi 28 (0 2% JEAT ROR o EAREE IR, h T U-
Net 45 #4) (4 57 5% 14 L X T U-Net #it 28 % 2% (14 0 JF A
AE 18 Ao fA] B b VR &5 1R = AR R JZ R S B, S B 1 A7
TEZ AR BT E: o SR, 76 A JE TR B 2% 2T 1Y
B M TS T AR R i R A SCRR DT & A0 ] (39 U-
Net >k 5 B 9 2 SR BB o it BRI 2 =
A7 EET RO A 3R RN S
W, A BUR N B Z TR S O U-Net ™ i a7 9 45
BB n] 3R A e R R S R . RN, 15 4% T i
Moot 2], 22 [ 46 i b B 5 20 3 TG I ) 00 5 4 A
T WERTE . M T O SR B4R T ik T
W TS BIOHE AE A f FHI/D 80 06, BRI 20 6 A B 5K
KA R 5% UL i A HE B9 PR O A ETR AR AL A . BT
T3 AT B T R AR R 3 28 0 2% o R L S AR SO
B, I HLXE 4 BB R ROBAR S5 b O 2 AR
HIF 5 U A7 1 22 5 5L

2 FHEARFH

2.1 SERF=HABGER

Sk U HE B R A0 SB[ 1R < M I i g
WA BB I 52 454 06 UG, 4 3 181 5% 32 30 ) 1A 3% T B
SR B R S T 7 A T A T A T A8 14 6 M % S0 5 4
37 1 R RILAEL B 3 3 R L8 5 0 VR = ) G o S R
V485 1 ' 735 B 35 T LA S R A PR B = AR A X
FHIBLI 25 10 25 (2 Yoo 20 ) B EHHEE (u, 0)
F) 1A i T L R

Xy Ty
u

slol=p|" |=k[R T (1)
1 Zw Zw

K s NAEHF;P=K[R T] WEEHEE KN
ML N SR (R T RGNS R RFIT 5

F61EF2H/2024 £ 1 B/BAERBEFFHRHRE

ohject

projector

camera

1 AR R YR EE
Fig. 1 Diagram of fringe projection profilometry
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Table 1 Generating different virtual fringe patterns using domain randomization

Index Background intensity Contrast Frequency Noise FOV
Initial value A, B, /o 0, F,
Random range +10% +10% +10% 0-2.4629 +2%
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Fig. 2 Diagram of single frame fringe image analysis using U-Net
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Fig. 3 Fine-tuning strategy analysis for U-Net neural network in fringe pattern analysis
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Table 2 Enhancing fringe pattern using domain randomization

in Blender
Background .
Index . . Contrast Frequency Noise FOV
intensity
Initial value 110 100 48 0 12
Random range +10 +10 +5 2.4629 +2
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Fig. 4 The initial fringe pattern and the fringe pattern after domain randomization
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