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Fig.12 Different deep learning—based methods for absolute phase unwrapping. (a) Method F1: The three—frequency synthesized

image is used as input, and the network outputs the numerator M and denominator D terms of the wrapped phase at all
three frequencies; (b) Method F2: The three—frequency synthesized image is used as input, and two separate networks
are employed to output the numerator M and denominator terms D of high frequency wrapped phase and the fringe order
K, respectively; (c) Method F3: The three-frequency synthesized image is used as input, and a dual-decoder network,
Y-shaped network, is employed to simultaneously output the numerator M and denominator terms D of high frequency
wrapped phase and the fringe order K, respectively

x2 MBXEMIRZERMSE
Table 2 RMSE of absolute phase

Method Scenario 1 Scenario 2 Scenario 3
F1 0.070 5 0.084 3 0.122 1
F2 0.056 1 0.075 6 0.039 3
F3 0.056 2 0.077 8 0.044 8
Our 0.048 3 0.068 7 0.039 0

AIEHETT OL,F1.F2 . F3 41 GD-UNet F ik SO 1R 22 [ F5n , YW W &L T R4, LU a5 R L, RS K
25 B9 2 B BR A A =5 4040 L AR A2 09 4 1 5 40 BRI, (AR 45 S0 IR e R AR SR BB B 4R I T R A B UE
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Table 3 Comparison of model complexity and inference speed for different methods

Method Number of parameters (M) FPS
F1 26.12 31.43
F2 26.12X2 15.79
F3 40.50 18.02
Our 26.40 25.93

W13 ETHREFWEW A E

Fig.13 Single—frame fringe wrapped phase extraction based on deep learning

* 4 EGHEMBARMSE
Table 4 RMSE of wrapped phase.

Method Scenario 1 Scenario 2 Scenario 3
F1 0.055 2 0.07 29 0.039 3
F2 0.048 0 0.070 8 0.042 9
F3 0.056 1 0.079 1 0.044 7
F4 0.087 6 0.117 4 0.058 6
Our 0.044 7 0.069 0 0.039 0

.‘\‘
f ",l‘:‘ \

(WY, 30

by Absolute phase error (rad) /

B14 FRREFIFEHLENMULREZAER. F O MNER, KB HAT2 5 H F1.F2.F3 X & GD-UNet 77 %
Hy 2 3 A AT R 2
Fig.14 Comparison of absolute phase errors among different deep learning—based methods. The first row is input images. Last
four rows are the absolute phase errors by F1, F2, F3 and proposed GD-UNet methods
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Fig.15 3D reconstruction of step block. (a) Physical step block specimen; (b) Captured fringe image; (¢) Reconstructed 3D
point cloud; (d) Plane fitting result for 5 mm step surface
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Table 5 Measured height differences between adjacent step block planes (unit: mm)

Step height pair 3~5 mm 5~10 mm 10~15 mm
Measured height difference 1.976 3 5.032 4.958 1
Ideal height 2 5 5
Error 0.023 7 0.032 0.041 9
3 Fig
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Abstract: 3D reconstruction techniques have been extensively applied across a wide range of fields in recent
years, including medical imaging, robotic navigation, virtual and augmented reality, 3D animation
modeling, and online product inspection. Among these techniques, Fringe Projection Profilometry (FPP)
has attracted significant attention owing to its non—contact measurement capability, full-field acquisition,
and high spatial resolution. These advantages have led to its widespread adoption in industrial inspection,
cultural heritage preservation, biomedical applications, and reverse engineering. Within an FPP system,
phase recovery constitutes a fundamental and indispensable step, as both the accuracy and computational
efficiency of phase estimation directly determine the quality of the reconstructed 3D surface and the overall
system performance. Consequently, the development of fast, accurate, and robust phase recovery methods
remains a central research topic in fringe projection profilometry.

Traditional phase retrieval techniques mainly include Fourier Transform Profilometry (FTP) and
multi-step Phase-Shifting Profilometry (PSP). Multi-step phase-shifting methods achieve high phase
accuracy by projecting and capturing multiple phase—shifted fringe patterns; however, their reliance on
multiple frames significantly restricts their applicability in dynamic scenes or high—speed measurement
scenarios. In contrast, Fourier transform-based methods can extract phase information from a single fringe
image, offering improved measurement efficiency. Nevertheless, their performance tends to degrade
considerably when dealing with complex surface geometries, depth discontinuities, severe noise, or strong
surface reflectivity, resulting in reduced accuracy and robustness. In recent years, researchers have
increasingly integrated deep learning with phase extraction and phase unwrapping processes, achieving high
reconstruction accuracy while significantly reducing the number of required projection patterns. Compared
with conventional analytical approaches, deep learning—based methods exhibit superior capability in
handling noise, nonlinear distortions, and surface discontinuities. Despite these advantages, existing deep
learning—based absolute phase recovery methods still suffer from several limitations. Existing deep learning—
based absolute phase recovery methods mainly fall into two categories. The first predicts the numerator and
denominator terms of wrapped phase at three different frequencies separately, then computes the absolute
phase using multi-frequency or number—theoretic methods. The second employs either a dual-network or
dual-decoding architecture to separately predict the numerator and denominator terms of the high-
frequency wrapped phase along with the fringe order, thereby obtaining the absolute phase. The former
suffers from error accumulation during multi-frequency unwrapping, leading to significant inaccuracies and
poor stability. The latter incurs high computational complexity and low inference efficiency due to the multi-
network or dual-decoder design.

Aiming to address the issues of error accumulation and high model complexity inherent in existing
methods, this paper proposes a novel multi—task phase recovery framework based on GD-UNet (UNet
with an Information Gather-and-Distribute Mechanism). The proposed method enables simultaneous
prediction of the wrapped phase and fringe order within a single network, thereby allowing direct recovery
of the absolute phase. Built upon the classical UNet architecture, the proposed model incorporates residual
modules to enhance feature extraction capability and improve training stability. In addition, by integrating
an information gather—and-distribute mechanism, the network supports multi-task learning and directly
outputs the numerator and denominator of the wrapped phase as well as the corresponding fringe order.
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This unified design eliminates the need for multiple networks, effectively reducing computational
complexity and inference time. Furthermore, to enhance the robustness of fringe order prediction—
particularly in challenging regions such as object boundaries, sharp depth discontinuities, and highly
reflective surfaces—a fringe order correction strategy based on Connected Domain Segmentation (CDS) of
the wrapped phase is introduced. The proposed CDS-based correction method exploits the spatial
continuity of the wrapped phase, under the assumption that all pixels within the same connected domain
theoretically share an identical fringe order. Since prediction errors tend to occur more frequently near
domain boundaries, the final fringe order for each connected region is determined through majority voting,
thereby effectively suppressing local misclassifications. This strategy significantly improves the stability and
accuracy of fringe order estimation without introducing additional computational burden. Extensive
experiments are conducted to evaluate the performance of the proposed method under various conditions,
including different surface materials, complex geometries, and discontinuous scenes. Both quantitative and
qualitative comparisons with state-of-the—art methods demonstrate that the proposed GD-UNet-based
framework achieves superior phase recovery accuracy while maintaining lower model complexity and faster
inference speed.

The experimental results indicate that the proposed approach effectively mitigates error accumulation,
enhances robustness against noise and surface reflectivity, and exhibits strong generalization capability
across diverse measurement scenarios. In conclusion, this paper aims to achieve stable and high—precision
phase recovery from a single fringe image in complex scenes containing large surface discontinuities or
isolated objects through a unified network model. A single—frame phase extraction method is presented, in
which only one fringe image is required, and a single network simultaneously predicts the numerator and
denominator of the wrapped phase as well as the fringe order map. The proposed approach demonstrates
clear advantages in both accuracy and efficiency. Comprehensive experimental evaluations confirm that the
method achieves excellent measurement accuracy and strong robustness in challenging scenarios, including
complex surface reconstruction, high noise interference, and multi-material object measurement.

Key words: Fringe projection profilometry; GD-UNet network; Information Gather and Distribute
Mechanism; Phase recovery; Connected domain segmentation
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