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Fig.1 Original stripe image and the histogram of pixel brightness distribution in the dataset image
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Table 1 Comparison of normalization strategy experimental results

Model Normalize MAE RMSE SSIM PSNR
— 1.948 924 6.534 913 0.967 8 28.48dB
Min-Max 1.858 128 6.269 591 0.971 2 28.81dB
UNet Z—score 2.014 634 6.553 381 0.9659 28.48 dB
(base=32) Robust 1.838 592 6.240 499 0.9710 28.83dB
Gamma 1.812 360 6.260 796 0.967 6 28.80dB
RPCN 1.600 360 5.967 960 0.9710 29.25 dB
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JEAR T SSIM (14 S B B 4T 5 0 U8 J80e 8 5k A 2 M 8 3 2 2 A7 iR Ak I A0 0, A B TR AR AR R R 2 7@/‘43
MAE M 1.858 1[4 % 1.812 4, RMSE T Ff % 6.260 8, {H Ry H SCH T LI A 112 , 580 SSIM B2 T [ 5 43 B X ]
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Table 2 RPCN normalization ablation experiment

Model Stepl Step2 Step3 Step4 MAE RMSE SSIM PSNR
X X X X 1.948 924 6.534 913 0.967 8 28.48 dB
X N X X 1.858 128 6.269 591 0.9712 28.81dB
X N NG X 1.812 360 6.260 796 0.967 6 28.80 dB
UNet X N NG NG 1.751 553 6.259 093 0.970 4 28.78 dB
(base=32) N/ X X X 1.885 312 6.354 612 0.968 8 28.68 dB
NG NG X X 1.755 622 6.137 174 0.9711 29.05dB
NG NG NG X 1.712 098 5.981 053 0.970 3 29.21dB
NG NG NG NG 1.600 360 5.967 960 0.9710 29.25 dB

LR KFE  RPCON T — 4k (1) DU A5 5 4 52 B0 vl 28 Pk B AR 2R 0 L iy B AR 2] 23 B 1 )2 AR AR A5 AiE . IX ) 32
O 25 5 o S A, 2 M e S R A R — BOPE R UEE 8 5 A I A T, 43 B e S S B 4 X G N G A
RPCNTEZ W55 b IIL T8 50 0 — A0 J7 i, Fo 40 ik 1 HAE A 485 = 4t 8l AT 55 v AT &bk .
3.2 SSOA#ERR3TLL

WPl H SSOA 1) UNet(base=32) BRI VE Sy P B JE i, W26 3FNIEI 8. A EL Lk &5 SR A

%p:élﬁ JERIVERE ] B R B, MAE J1 2 2.160 7, RMSE #4 & 6.879 0, PSNR [£ % 27.96 dB, X % B
AoF 4 JHE T ME R 2 IR TR AR U R (A I 45 A LA AT R0 20 S BURRAE 3 28 51 A 5t BE 1) 0000 e 7

,‘i’upzéﬁa‘ T e I AL T AR O MAE % 1.589 5, RMSE [ % 5.894 6,SSIM 1% 0.971 1,PSNR
TE% 29.35 dB, 18 B (14 30 £ 1 58 AT R4 THAS A X e 2 DX I8l 3 M o A 2 R T R R A

%pz%ﬁ# Y [) R SR AR A 45 R O MAE [ % 1.613 2, RMSE [ % 5.897 3,SSIM J1 % 0.971 1,PSNR
FE2 29.38 dB, 1% 50 B AE 45 AP 505 e L0 5 ST B AR T A

&3 SSOAMIEIILLZIWHER
Table 3 Comparison experiment results of SSOA probability

Model P MAE RMSE SSIM PSNR
— 1.948 924 6.534 913 0.967 8 28.48 dB
UNet 1/3 2.160 693 6.878 972 0.965 4 27.96 dB
e
1/6 1.589 545 5.894 574 0.969 9 29.35dB
(base=32)
1/9 1.613 174 5.897 283 09711 29.38 dB
1/12 1.945 093 6.448 927 0.965 6 28.52 dB
12 —p=0
—p=1/6
10 —p=1/9

S T T T T Y T T T Y Y T Y T T S Y TR S N
1 4 7101316192225283134374043464952555861646770737679828588919497100

0

K8 FE SSOA M £MEE(1/6,1/9)5 T3 %8 & F T B Test Loss Y sk th &

Fig.8 Convergence curves of test loss under different SSOA occlusion probabilities (1/6, 1/9) and no enhancement conditions
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Hp :%Hﬁ,iﬁiifc%IL?iﬁﬁ% L5 IR B R AT, 3 B Ak AU % G P AR RO A2 DA Dy T 5 i A AR i
ME L R H 55080 1 5 A 1 o

ZEG Al W, SSOA TE 4 & MM A8 08 T BB A% i 35 1 aR A AU PERE . L H 2 p :%Lﬁp :%Bﬁﬁ‘%%i@
R 5, BT # £ MAE F1 RMSE J7 i 5 5 AL %, J5 # 75 SSIM Fl PSNR J7 i W It — 2% . 2t — 2455 Test
Loss M4 my il st #mT 5, >4 p :%HHL EEHITE I ik B b e 90 L SRR E 0 R RRRRAE , DRL T 4 28 S O I 2 P

IFi] £ £ B B 19 e A 5040 348 ek ABE %6
3.3 RPCN 5SSOA thEH
S 45 R W AS TR0 Ak R i 7E 45 THHE bR 14 SR B 22 AR AR 7E 5] A RPCN J5 , B AL 7E MAE 48 B
B B A 5 R ] SSOA I, I 78 RMSE 5 PSNR #5#5 | 2 B AL 5 1 24 RPCN 5 SSOA B A i I i+
W #E SSIM 4845 b3k Bl e /K Vo B E |, J0Ie SRk MR R e 16 Jr 25, S AU M B 34 3 0 T 36 4k UNet, A
B3 S s % 5 = 4 H AT 55 4L B9 DD-Inceptionv2-UNet, W% 4, % 5,
#£4 HEMRLUNetiRB LR

Table 4 Collaborative optimization of UNet experimental results

Model Optimize MAE RMSE SSIM PSNR
DD-Inceptionv2-UNet'"” 1.832 585 6.254 072 0.970 0 28.86 dB
UNet (base=32) - 1.948 924 6.534 913 0.967 8 28.48 dB
UNet (base=32) RPCN 1.600 360 5.967 960 0.9710 29.25dB
UNet (base=32) SSOA 1.613 174 5.897 283 0.9711 29.38 dB
UNet (base=32) RPCN+SSOA 1.653 553 6.055 997 0.9718 29.11dB

x5 HEHH UNet++ . DeepLabV3+itt I 45
Table 5 Collaborative optimization of UNet and DeepLabV 3+ experimental results

Model optimize MAE RMSE SSIM PSNR
UNet+ + (base=32) — 1.770 640 5.642 854 0.977 2 29.73dB
UNet+ + (base=32) RPCN 1.508 020 5.302 199 0.978 3 30.30dB
UNet+ + (base=32) SSOA 1.525771 5.288 515 0.977 5 30.31dB
UNet+ + (base=32) RPCN-+SSOA 1.573 725 5.232 229 09791 30.34 dB

DeepLabV 3+ (MoblieNet) - 2.415 629 8.326 917 0.9451 26.27 dB
DeepLabV 3+ (MoblieNet) RPCN 2.319 025 8.175 125 0.9457 26.41 dB
DeepLabV 3+ (MoblieNet) SSOA 2.603 039 8.471 635 0.942 5 26.12dB
DeepLabV 3+ (MoblieNet) RPCN+SSOA 2.455791 8.353 243 0.9416 26.22dB

BRI, RPCN 3 2o 4R 59 A% oty 5 B A R U8 48 15 43 B W O AR AR 38 40 A, A3 R ) 77 ol g 5 R I IXC
Ik A A B R L SR AL T AR ALY 5K E R R MBI R RIRZE MAE F ISR B ERE. HEZT,
SSOA i 2 B A6 30 $4 5 4 80— Stk AN i T B0His 2 AR 3R T TR & e soh iz Ak Re h SR
AR E Tk, AR R AR 25 RMSE 515 M Lt PSNR $8 b5 R BUE L. 1 W3 454 0, i3 32 44% £ 00 A
A, J5 3 B s 2 0 — BvE , 3 5O AR T, (4545 A AR 45 A A DL SSIM. 1 B S5 I 3R L IR T R B AR
FREIE 5 4 Jr) 45 46 - A 1) B AR 3

TEHE— S8 5] A T UNet+ + Fl DeepLabV 3+ W i 0 4 3547 % Fb 43 H1 o % T 4544 55 43 2= H AL
£ SR R A @l A fE 0 A9 UNet+ + ,RPCN 5 SSOA W R L 2B T e i Atk fE. ML R, T
MobileNet (155 i {k DeepLab V3 W 2% iy T 4#1E K3k 58 1A FR , 7E51 A SSOA Ji5 vl GE 1S i £ 4i &2 2% 1k, i
oA R U LA 2 3T O, S BB RO T R

FLAAT 7, MobileNetV 2 LA BE AT 4315 45 BL5 8158 22 25 09 S #00 BET B, DA 38> 2 80 RT3 2
FPE o LR AR R R S A T LA B O B (E R A 5 T N 4% 7E 22 RUBE SO AN T 5 AT A A R
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fiE B FRIKBETT o 24 SSOA H4 58 5 e | A5 1) 2% B0 14 5 58 B P 8 B, MobileNetV2 32 T 76 ¥ 2 FRAE 42
B B %) 38 T 7 0k 7 R, 5 000 445 X R 3 45 A4 N AR 8 SCHE A BURR B R B . LA, DeeplabV 3+ 4K i 4 i
FUR ASPP BBt 4T 2 RUBERRE R A (A AR R Al A 2 B4R F T = J2 05 Cas (], RHIC 2 401 28 16 10 8 iy M 55
55, PRI I 7 TGS 394 58 J e T P S R G Y R A B R )RR AE A B RE ) F — 2 A2 B B T LG TR E S R

PRI, % T UNet (9 26 2544, S [ 0 Ak 5 W 76 25 U6 A b 25 R 3, 0 AR 48 FLARAT: 55 75 5K 22 06 1845 X T
UNet+ + ,RPCN 5 SSOA (% W [F AL RE 98 58 43 I #2 H AR AE Rl 608 0, S8 LR DL 0 25 G M BE 5 TR T3 1t 1k
W) 24 5 1E 27 > RE 7 KR R AT BR AR Y, B SR B RPCON I — A4k 31 3 B, B AN A RE 98 48 357 11 25 5 7R i A o
PR R BRAE — & BB LR TR AR
34 ZHE5EBEMIIELR

Ry itk — 20 B UE BT B A A Ty 1k i v Sz A e T AR AT S T A AR 5L 0 1 Bl L 38 T 7E Blender
RO A B EAZ S SR A5 R WK 6 TR .
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Table 6 Generalization and robustness verification experimental results

Model Optimize MAE RMSE SSIM PSNR

UNet (base=32) - 0.042 986 0.153 151 0.913 8 24.75dB

UNet (base=32) RPCN 0.036 642 0.138 912 0.934 7 25.67dB

UNet (base=32) SSOA 0.036 714 0.131 191 0.918 4 26.09 dB

UNet (base=32) RPCN+SSOA 0.033 676 0.134 677 0.952 2 25.87dB

UNet+ + (base=32) — 0.033 432 0.135 403 0.932 8 25.84dB
UNet+ =+ (base=32) RPCN 0.031 920 0.131 490 0.961 2 26.19dB
UNet++(base=32) SSOA 0.029 648 0.127 220 0.962 5 26.35dB
UNet++(base=32) RPCN+SSOA 0.029 076 0.125 657 0.967 8 26.48 dB
DeepLabV 3~ (MoblieNet) - 0.049 993 0.162 215 0.950 4 24.26 dB
DeepLabV 3+ (MoblieNet) RPCN 0.042 185 0.151 943 0.954 5 24.83 dB
DeepLabV 3~ (MoblieNet) SSOA 0.057 308 0.173 859 0.939 0 23.68dB
DeepLabV 3~ (MoblieNet) RPCN+SSOA 0.045 904 0.158 225 0.945 4 24.45dB

A B R AE AN TR0 A6 5w 10 1k BE 2% B9 i o S Bl 4R S 00 45 R AR, 2 — 2P Rl T 4R U7 vk i AR E
PSR o (EAR TE A , h T RO B R I R AR B A X B A SSOA B 35 56 5 W 1 22 fifp ik 100 5 5
f& THBE R 327 AL RE 7 J7 ThT 28 B SN 2 3 B ROR TR 2 MR AR L BOR SR A A W 2 T o T RPCN 5
SSOA KR A AT IR 5 e o 2586 PR BE L 2 B I B0 A 45 4 — Bk 5 iR 25 P RE ) , SR W H — b 55 3 5 5K
W% 7 AN TR RCHE S 2 5 R G A 3 P A R

4 £Hig

B O BRLIT 5% S0 AR B TR B A T v I B Al A B A e Ak B Tk 3 MR AR A ) B T4 G X )
BRI — 4k (RPCN) 5 25 4 £k 4% S0 2448 50 (SSOA ) 135 780 K0 4 191 4b 30 4% W%, I3 3 22 41 5256 2R G 5 iF
TR S . RPCN RE 98 38 b S8 (8 30 1 8 Uk i S5 A 23 B — 4k, i 35 OB AR R o0 A 5 2 B0 s
HBAHTT , 7E UNet 8 | MAE F& 2 1.600 4 PSNR &7+ 2 29.25 dB; SSOA ]38 a5 4y 381 — S50 (9 388 $4 1 5
P T T REAR ZREE  TE RS 50U F i UNet 19 RMSE & % 5.897 3 . PSNR JI & 29.38 dB, 42 7 T Uk 8tk &
PE o 2D ST R B, AN (7] 9 285 23 %k 5 W 04 35 TR AR AR 25 5 FE R AR Bl G BB O ISR UNet+ + | ,RPCN
5 SSOA [\ £t Ak T 52 B & A SF- 47 , MAE1.573 7, RMSE5.232 2, SSIMO0.979 1, PSNR30.34 dB ; 1fij 76 7% 1k
i) DeepLabV 3+ 1, Bl fif F] RPCN T B 3¢ il Mk Ge $& T+ SRR e Mk o 25 b, A SCHR Y %) T4k 38 5 Wi 7 R IE 5%
SUP) PR — PR AT B T W AR T TR B[R I B A R A% P N 2 S A T

0210001-12



FEIRER A5 HLUAR SO TR L A T 0 Ot 3 i S A — e f e

5% 3tk
[1] LIUH, YANN, SHAO B, et al. Deep learning in fringe projection: a review[J]. Neurocomputing, 2024, 581: 127493.
[2] NGUYEN H, WANG Y, WANG Z. Single-shot 3D shape reconstruction using structured light and deep convolutional
neural networks[ J]. Sensors, 2020, 20(13):3718.

[3] GSVIK K J, ROBBERSMYR K G, VADSETH T. Online dimensional control of rolled steel profiles using projected
fringes[ J]. The International Journal of Advanced Manufacturing Technology, 2020, 107(3): 1725-1730.

[4] WANG M, ZHANG Q, LI Q, et al. Research on morphology detection of metal additive manufacturing process based on
fringe projection and binocular vision[ J]. Applied Sciences, 2022, 12(18): 9232.

[5] MUMUNI A, MUMUNI F. Data augmentation: a comprehensive survey of modern approaches[J]. Array, 2022, 16:
100258.

[6] WU Z, ZHANG Q. High-speed 3D topography measurement based on fringe projection: a review [J]. Laser &.
Optoelectronics Progress, 2023, 60(8): 0811001.
RS TR B T AR B Y e = 4RI BN ROR K R R aA [T WOk 5t TR gk L 2023,60(8) : 0811001.

[7] ZHANG S. Recent progresses on real-time 3D shape measurement using digital fringe projection techniques[J]. Optics and
Lasers in Engineering, 2010, 48(2): 149-158.

[8] SHORTEN C, KHOSHGOFTAAR T M. A survey on image data augmentation for deep learning [J]. Journal of Big
Data, 2019, 6(1): 1-48.

[9] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Imagenet classification with deep convolutional neural networks[J].
Advances in Neural Information Processing Systems, 2012, 25: 84-90.

[10] FALLAH E A OEL. Investigating the impact of different representations of data on neural network and regression[D].
College of Arts and Sciences, Universiti Utara Malaysia, 2008.

[11] YUNJ, KIM H. Znorm: Z-score gradient normalization for deep neural networks[J]. arXiv preprint arXiv: 2408.01215,
2024. https://arxiv.org/abs/2408.01215.

[12] ZHAO Y, WONG L, GOH W W B. How to do quantile normalization correctly for gene expression data analyses[J].
Scientific Reports, 2020, 10(1): 15534.

[13] WANG Y, LIU Z, LIU J, et al. Low-light image enhancement with illumination-aware gamma correction and complete
image modelling network [C]. Proceedings of the IEEE/CVF International Conference on Computer Vision, 2023:
13128-13137.

[14] WANGF, WANG C, GUAN Q. Single-shot fringe projection profilometry based on deep learning and computer graphics
[J]. Optics Express, 2021, 29(6) : 8024-8040.

[15] ZHANG S. High-speed 3D shape measurement with structured light methods: a review [J]. Optics and Lasers in
Engineering, 2018, 106: 119-131.

[16] NGUYEN H, WANG Y, WANG Z. Single-shot 3D shape reconstruction using structured light and deep convolutional
neural networks[ J]. Sensors. 2020; 20(13):3718.

[17] WANG L, XUE W, WANG C, et al. Depth estimation from a single-shot fringe pattern based on DD-Inceptionv2-UNet

[1]. Applied Optics, 2023, 62(34): 9144-9155.

Data Augmentation and Normalization Optimization for
Single—frame Fringe Projection Depth Estimation

WANG Linlin, LI Bingzhen, GUO Wanyi, GAO Qian, WANG Chuanyun
(School of Artificial Intelligence, Shenyang Aerospace University, Shenyang 110136, China)

Abstract: This study aims to enhance the accuracy, robustness, and training stability of deep—learning—
based single-frame fringe projection profilometry. It focuses on two practical limitations commonly
encountered in existing methods: the incompatibility between conventional intensity normalization schemes
and the highly skewed brightness distribution of fringe images, and the lack of physically consistent data
augmentation strategies under limited labeled data conditions. The objective is to develop a preprocessing
framework that preserves effective fringe information, improves model adaptability across different neural
network architectures, and provides a model-aware optimization strategy without altering network
structures or learning objectives.
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To achieve this goal, a unified preprocessing framework integrating Range—clipped Piecewise Contrast
Normalization (RPCN) and Structured Stripe Occlusion Augmentation (SSOA) is proposed. RPCN is
specifically developed to address the intrinsic characteristics of fringe images, which typically exhibit a large
proportion of low—intensity pixels and a small number of extreme outliers caused by saturation, specular
reflection, or sensor noise. The method combines interval clipping to suppress extreme pixel values,
power—law mapping to enhance contrast in dark fringe regions, and piecewise remapping to separate
shadow—-dominated regions from effective fringe regions. This method redistributes pixel intensities into a
range more suitable for neural network learning while maintaining stripe continuity and contrast stability. In
parallel, SSOA is introduced to improve data diversity in a physically meaningful manner. Instead of
directly masking or zeroing pixels, SSOA generates structured occlusions whose missing regions are
reconstructed using neighboring stripe patterns, thereby preserving spatial continuity and phase-related
information. This augmentation strategy simulates realistic measurement disturbances such as partial
occlusion, surface defects, and local signal loss while maintaining physical consistency. The proposed
framework is evaluated on multiple network architectures with varying capacities, including UNet,
UNet++, and Deepl.abv3+ with a MobileNetV2 backbone, to assess its generality, adaptability, and
sensitivity to network complexity.

Extensive experiments demonstrate that single—frame depth estimation performance is significantly
improved across different network architectures by the proposed preprocessing strategies, while distinct
effects are observed depending on model capacity. On the UNet architecture, the mean absolute error was
reduced by 17.9% through the application of RPCN, indicating enhanced feature representation under
limited normalization adaptability. When SSOA was applied independently, the root mean square error was
reduced by 9.8%, and the peak signal-to—noise ratio was increased from 28.48 dB to 29.38 dB, reflecting
improved robustness to structured disturbances. The joint application of RPCN and SSOA further
increased the structural similarity index from 0.967 8 to 0.971 8. For the more powerful UNet+
architecture, the combined RPCN-SSOA framework yielded the best overall performance, with the
structural similarity index increased from 0.977 2 to 0.979 1 and the peak signal-to—noise ratio improved
from 29.73 dB to 30.34 dB. In contrast, for lightweight models such as Deepl.abv3+ with a MobileNetV2
backbone, performance gains were constrained when SSOA was introduced, as the increased data
complexity hindered effective learning, whereas a more favorable balance between accuracy improvement
and training stability was achieved using RPCN alone. Additional evaluations across multiple test scenes
further confirm that prediction stability is consistently improved under varying surface reflectance and
illumination conditions. These results indicate that preprocessing strategies interact strongly with network
capacity and architectural design, and that inappropriate augmentation may limit performance gains in
compact models.

The proposed RPCN-SSOA preprocessing framework provides a practical and adaptable solution for
improving deep—learning—based single—frame fringe projection profilometry. By aligning intensity
normalization with fringe—specific brightness distributions and enforcing physical consistency in data
augmentation, the framework enhances depth estimation accuracy and robustness without increasing model
complexity. The results highlight the importance of model-aware preprocessing demonstrate that
normalization and augmentation strategies should be tailored to network capacity rather than uniformly
applied. This work offers a feasible preprocessing paradigm and practical guidance for fringe—based three-
dimensional measurement systems in both research and engineering applications.
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