¢ ® %%

Chinese Optics B

Phase gradient estimation using Bayesian neural network
ZHANG Kang-yang, NI Zi-hao, DONG Bo, BAI Yu-lei

, ) ) [J1. , 2024, 17(4): 842-851. doi:
10.37188/C0.2023-0168
ZHANG Kang-yang, NI Zi-hao, DONG Bo, BAI Yu-lei. Phase gradient estimation using Bayesian neural network[J]. Chinese
Optics, 2024, 17(4): 842-851. doi: 10.37188/C0.2023-0168

View online: https://doi.org/10.37188/C0.2023-0168

Avrticles you may be interested in

Photothermal properties of gold nanostars therapeutic agent and its application in photothermal therapy and optical coherence
tomography
. 2022, 15(2): 233 https://doi.org/10.37188/C0.2021-0205

BP
Positioning algorithm for laser spot center based on BP neural network and genetic algorithm
. 2023, 16(2): 407 https://doi.org/10.37188/C0.2022-0084

Multimodal feature fusion based on heterogeneous optical neural networks
. 2023, 16(6): 1343 https://doi.org/10.37188/C0O.2023-0036

Speckle noise reduction in swept-source optical coherence tomography by retinal image registration
. 2021, 14(2): 289 https://doi.org/10.37188/C0.2020-0130

Phase measurement with dual-frequency grating in a nonlinear system
. 2023, 16(3): 726 https://doi.org/10.37188/CO.EN.2022-0013

Multi-channel phase measurement system for the space laser interferometry
. 2023, 16(5): 1089 https://doi.org/10.37188/C0.2022-0258


http://www.chineseoptics.net.cn
http://www.chineseoptics.net.cn
http://www.chineseoptics.net.cn
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2023-0168
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2021-0205
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2022-0084
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2023-0036
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2020-0130
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.EN.2022-0013
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2022-0258

17 4 Vol. 17 No. 4
2024 7 Chinese Optics Jul. 2024

2097-1842 2024 04-0842-10

1 1 12 12*
1. : 510006
2. : 510006
8%
TP394.1,TH691.9 A doi 10.37188/C0.2023-0168

Phase gradient estimation using Bayesian neural network

ZHANG Kang-yang' NI Zi-hao' DONG Bo*? BAI Yu-lei*?*
1. School of Automation, Guangdong University of Technology, Guangzhou 510006, China
2. Key Laboratory of Intelligent Detection and The Internet of Things in Manufacturing(GDUT),
Ministry of Education, Guangzhou 510006, China

* Corresponding author E-mail: ylbai@gdut.edu.cn

Abstract: Strain reconstruction is a vital component in the characterization of mechanical properties of
phase-contrast optical coherence tomography (PC-OCT). It requires an accurate calculation for gradient dis-
tributions on the differential wrapped phase map. In order to address the challenge of low signal-to-noise ra-

tio (SNR) in phase gradient calculation under severe noise interference, a Bayesian-neural-network-based
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phase gradient calculation is presented. Initially, wrapped phase maps with varying levels of speckle noise
and their corresponding ideal phase gradient distributions are generated through a computer simulation.
These wrapped phase maps and phase gradient distributions serve as the training datasets. Subsequently, the
network learns the ““end-to-end” relationship between the wrapped phase maps and phase gradient distribu-
tions in a noisy environment by utilizing a Bayesian inference theory. Finally, the wrapped phase measured
by PC-OCT is processed by Bayesian neural network (BNN), and the high-quality distribution of phase
gradients is accurately predicted by inputting the measured wrapped phase-difference maps into the network.
Additionally, the statistical process introduced by BNN allows for the utilization of model uncertainty in the
quantitative assessment of the network predictions’ reliability. Computer simulation and three-point bending
mechanical loading experiment compare the performance of the BNN and the popular vector method. The
results indicate that the BNN can enhance the SNR of estimated phase gradients by 8% in the presence of low
noise levels. Importantly, the BNN successfully recovers the phase gradients that the vector method is unable
to calculate due to the unresolved phase fringes in the presence of strong noise. Moreover, the BNN model
uncertainty can be used to quantitatively analyze the prediction errors. It is expected that the contribution of
this work can offer effective strain estimation for PC-OCT, enabling the internal mechanical property charac-

terization to become high-quality and high-reliability.
Key words: optical coherence tomography phase contrast phase gradient estimation bayesian neural net-
work deformation measurement
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Fig. 1 Bayesian deep neural network architecture for phase gradient calculation
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Fig. 2 Phase maps generation process. (a) Pseudo-random numbers; (b) phase maps using Lagrange extrapolation; (c) phase
gradient label; (d) wrapped phase map with speckle noise
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Fig. 3 The prediction process of phase gradient using Bayesian neural network
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Fig. 4 Phase gradient estimated using different methods.
(a) Phase maps with different noise levels; phase
gradient results obtained by (b) theorectical calcula-
tion; (c) vector method and (d) Bayesian neural net-
work; (€) BNN model uncertainty; (f) error distribu-
tions of phase gradient by using BNN model
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Fig. 6 Experimental results of silicone film deformation. (a) Wrapped phase-difference map; (b) phase gradient estimated us-

ing vector method; (c) phase gradient estimated using BNN; (d) BNN model uncertainty
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Fig. 7 Experimental results of phase decorrelation. (a)-(b)
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