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Digital-twin-driven unambiguous
structured light 3D imaging with physics-
aware learning
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Temporal phase unwrapping (TPU) plays a pivotal role in resolving phase ambiguities in fringe
projection profilometry (FPP) caused by surface discontinuities or spatially isolated features. Although
recent AI-based TPU methods significantly outperform traditional algorithms in processing noisy
wrapped phases, they often depend on large-scale manually collected real-world datasets, which are
time-consuming and labor-intensive. Moreover, these methods typically assume that training and
testing data follow the same distribution, leading to dramatic accuracy degradation when applied to
fringe images from unseen measurement systems. To overcome these limitations, we propose a
digital-twin-driven, physics-aware framework for unambiguous structured-light 3D imaging. This
framework leverages digital twin technology to generate vast amounts of realistic synthetic fringe
images for training, while incorporating Fourier-domain consistency constraints and TPU physical
models as priors. It establishes a generalized solution that supports multi-frequency (MF), multi-
wavelength (MW), and number-theoretic (NT) TPU approaches. Experimental results show that the
proposed network demonstrates exceptional generalization capabilities across unseenmeasurement
systems. It achieves over 94% phase unwrapping accuracy for high-frequency fringes where
conventional networks fail, performing comparably tomodels trainedon real-worlddata. This research
provides a promising pathway toward low-cost, high-precision, and highly generalizable intelligent
optical metrology systems.

Three-dimensional (3D) imaging technologies play a crucial role in fields
such as industrial inspection, medical diagnostics, and self-driving. In
general, optical 3Dmeasurement systems canbe categorized into fourmajor
types: laser scanning, time-of-flight (ToF), stereo vision, and fringe pro-
jection. Laser scanning provides high precision but unsuitable for dynamic
measurements1. ToF methods enable high-speed imaging but often suffer
from low spatial resolution2. Stereo vision leveragesmulti-view information
to enable rapid surface reconstruction, yet its reliability degrades in tex-
tureless or repetitive regions3. In contrast, fringe projection systems use a
single camera and a projector to cast pre-coded patterns onto the object’s
surface. By analyzing the pattern deformation, these systems achieve dense,
high-accuracy 3D reconstruction, making them effective solutions for full-
field optical metrology4–8. Typically, the arctangent function is used to cal-
culate the object’s phase information in fringe projection systems.However,

due to the inherent periodicity of the arctangent, thephase is restricted to the
principal value range �π; πð �, introducing 2π discontinuities and resulting
in phase ambiguity. To recover a continuous and unambiguous phasemap,
phase unwrapping algorithms are essential.

In the field of fringe projection profilometry (FPP), existing phase
unwrapping methods can be broadly categorized into two types: spatial
phase unwrapping (SPU)9–13 and temporal phase unwrapping (TPU)14. SPU
methods rely on the assumption of spatial continuity, whereby adjacent
pixels are presumed to differ by no more than an integer multiple of 2π.
While this approach performs well for smooth and continuous surfaces, it
often fails in scenarios involving geometric discontinuities, surface occlu-
sions, or steep gradients, where error propagation and phase inconsistency
become significant. In contrast, TPU methods introduce globally encoded
auxiliary information to perform pixel-wise, unambiguous absolute phase
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recovery, making themmore suitable for complex or disconnected surfaces.
Representative TPU approaches include multi-frequency (MF)15–17 meth-
ods, multi-wavelength (MW)18–21 methods, and number-theoretic (NT)22–24

methods, as well as fringe encoding methods such as binary Gray codes25,26,
spatial binary coding27–29, and phase encoding30.

In recent years, deep learning has been widely applied in the field of
structured-light 3D imaging. Feng et al.31,32 proposed a neural network-
based fringe analysis method that predicts the numerator and denominator
of the arctangent function, enabling high-precisionwrapped phase recovery
from a single image. Li et al.33 introduced a cross-domain adaptive learning
(CDL) framework that integrates aMixture of Experts (MoE)model with a
gating mechanism. By training multiple expert networks under domain
randomization and dynamically fusing their features, this approach
improves generalization and robustness across diverse imaging systems and
measurement conditions. For phase unwrapping, deep learning has also
been applied to SPU tasks. Wang et al.34 demonstrated the effectiveness of
simulation-driven training using synthetic datasets, achieving robust phase
unwrapping in dynamic scenes such as live osteoblast imaging and candle
flame tracking, with strong resilience to noise and aliasing artifacts. Zhang
et al.35 proposed an improved SegFormer-based network (SFNet) trained on
large-scale synthetic datasets containing various noise patterns and phase
discontinuities. Theirmethod exhibits stable and accurate phase recovery in
complex scenes. Despite the promising performance of SPU under
simulation-driven paradigms, its inherent limitations in handling geome-
trically discontinuous or occluded scenarios make TPU, which exploits
temporal information, a more suitable choice. To this end, Yin et al.36

introduceddeep learning intoTPUby training deepneural networks on real
data to enhance MF phase unwrapping accuracy. Guo et al.37 proposed
FOA-Net, a multi-scale residual network unifying MF, MW, and NT
methods into a unifying TPU framework with enhanced noise suppression
and robust performance in complex scenes. Liu et al.38 further developed a
multimodal adaptive TPU framework that combines deep learning with
physical priors, enabling high-precision phase unwrapping for previously
unseen frequencies and systems. Despite achieving improved general-
ization, this method still heavily relies on real-world data.

Although deep learning has shown great potential in phase unwrap-
ping tasks, most existing methods still depend heavily on large-scale real-
world datasets, resulting in high data acquisition costs and complex
experimental workflows. Although Li et al.39 proposed a simulation-driven
deep learning approach for TPU, its applicability remains limited to multi-

frequency temporal phase unwrapping after training.Moreover, there often
exists a significant domain gap between synthetic data generated within a
specific system and real data captured by different measurement systems.
Even withmeticulousmodeling, it remains challenging to fully replicate the
intricate characteristics of real-world measurements. To address this issue,
researchers have explored domain adaptation strategies40 to narrow the
performance gap between synthetic and real domains. However, such
methods usually require intricate training procedures and careful parameter
tuning tailored to specific real systems, compromising their generalization
capability in unseen conditions. Overall, current methods are caught in a
dilemma between real and synthetic data, highlighting the urgent need for a
structured-light 3D imaging approach that fully leverages the advantages of
synthetic data while effectively mitigating domain discrepancies to achieve
high accuracy, low cost, and strong adaptability.

To overcome these limitations, we propose a Digital-twin-driven
unambiguous structured light 3D imaging with physics-aware learning
(DP-TPU) framework for unambiguous structured-light 3D imaging, as
illustrated in Fig. 1. This framework leverages digital twin technology to
construct a large-scale, high-fidelity virtual fringe image dataset, which
effectively replacing manually collected training data and significantly
reducing data acquisition costs. Furthermore, Fourier-domain consistency
constraints andphysical priors derived fromMF,MW,andNTTPUmodels
are integrated to overcome domain gaps, enhancing the model’s general-
ization capability and reconstruction accuracy across diverse system para-
meters and unseen scenarios. Experiments based on fringe images of
varying frequencies and from diverse imaging systems show that our
method achieves phase unwrapping accuracy comparable tomodels trained
on real-world data. Remarkably, it maintains over 94% unwrapping accu-
racy even under high-frequency fringe conditions where conventional
methods fail. We believe this work provides a promising solution for the
development of low-cost, highly generalizable, and intelligent 3D imaging
techniques.

Results
Setup
Weconstructed a structured lightprojection systemconsistingof aprojector
(DLP 4500, Texas Instruments) and an industrial camera (Basler acA640-
750 μm). After performing system calibration, we obtained the following
parameters: a focal length of the camera of 12mm, a baseline distance of
0.17m between the camera and the projector, an object-to-baseline

Fig. 1 | Workflow of the DP-TPU network for training and inference.
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perpendicular distance of 0.4m, and a defined angular separation of 6.21∘
between the optical axes of the camera and projector. Detailed calibration
parameters for both the real-world and digital twin systems are provided in
Supplementary Material 1. Based on these parameters, we constructed a
digital twin of the FPP system in Blender41 to generate synthetic training
datasets.

The virtual camera is a Blender perspective camera and the virtual
projector is a calibrated spot-light projector, which projects the fringe image
as an emission texture. Their intrinsics and poses are set to match the
calibrated values. To construct a highly generalizable training dataset, we
adopted the Thingi10K42 dataset. This dataset contains 10,000 models,
covering a wide range of object categories and geometric complexities. All
synthetic data were generated using the “Cycles” path-tracing renderer in
Blender, which accurately simulates the physical propagation of light paths
to produce highly realistic images. To enhance the diversity of the virtual
dataset, all virtual objects were assigned Physically Based Rendering (PBR)
materials using the “Principled BSDF” shader in Blender. Key material
properties-including roughness and index of refraction (IOR)-were ran-
domizedwithinphysically plausible ranges to simulate awide varietyof real-
world surfaces. To improve generalization while keeping objects within the
camera’s field of view, we randomized their absolute depth to 0.8–1.5m
relative to the camera plane and scaled all models to an approximate height
of 0.2m. Representative samples of the resulting synthetic data are shown in
Fig. 2. Moreover, the Blender scripts and some auxiliary code used for this
study are available at https://github.com/nomineee/DP-TPU.

To enhance the model’s ability to analysis wrapped phase features, the
wrapped phase maps were normalized to the range 0; 1ð � by dividing by 2π
before being fed into the network, thus improving training convergence.
The network was implemented using PyTorch and trained on a NVIDIA
RTX 4090GPU.We employed the AdamW43 optimizer with a batch size of
6, an initial learning rate of 0.001, and a total of 300 training epochs. It took
about 11 h for training. A loss function composed of MSE and Fourier-
domain consistency constraints was designed to jointly optimize unwrap-
ping accuracy and structural consistency, with weighting parameters
λ1 = 0.9 and λ2 = 0.1, respectively. The effectiveness of this loss design is
further validated through ablation experiments detailed in Supplementary
Material 1. In particular, all test objects were excluded from the training set
to ensure unbiased performance evaluation.

Evaluation of the digital twin’s accuracy
To validate the accuracy of the geometric and optical modeling in the
proposed digital twin system, we designed a cross-validation test using a

standard spherical object to quantitative evaluation of the physical fidelity
between the digital twin and real measurement systems. In this experiment,
a standard ceramic sphere with a diameter of 50.8082 mm was used as the
measurement target. Its absolute phase map was obtained using the twelve-
step phase-shifting method and a three-frequency TPU algorithm. A 3D
reconstruction was then performed using the real system’s calibration
parameters to serve as the ground-truth reference.

Subsequently, the sphere’s center coordinateswere estimated using the
robust spherefitting algorithmproposed byTorr andZisserman44. Based on
theseworld coordinates, a virtual standard spherewith identical coordinates
and diameter was created in the digital twin system. Finally, the calibration
parameters of the real and digital twin systems were cross-applied to the
image data acquired from both systems to reconstruct corresponding 3D
point clouds. The similarity between the two systems was then compared.
Detailed information on the calibrationmethod of the digital twin system is
provided in Supplementary Material 1.

Figure 3 illustrates one of the phase-shifting fringe images of the real
standard sphere and its corresponding virtual sphere in the digital twin
system, along with their respective 3D reconstruction results using real and
virtual calibration parameters. It can be observed that when the two spheres
are placed at identical positions in both systems, the generated fringe images
exhibit high consistency in spatial distribution, fringewidth, andperiodicity.

For each scene, the reconstructed 3D point clouds were fitted to a
sphere, and the root mean square (RMS) error relative to the ground-truth
sphere was calculated as the evaluation metric. Experimental results show
that for the real sphere, the RMS reconstruction error using the real system’s
calibration parameters is 58.541 μm, while that using the digital twin’s
parameters slightly increases to 61.999 μm when using digital twin cali-
bration parameters, with an error margin below 4 μm. This confirms that
the calibration parameters in the digital twin systemaccurately approximate
those of the real system. For the virtual sphere, where noise is negligible, the
RMS values obtained using real and digital twin calibration parameters are
32.125 μm and 28.256 μm, respectively. These results confirm that the
digital twin system can faithfully replicate the geometric and optical char-
acteristics of the realmeasurement system, ensuring high physical fidelity in
the generated virtual data for subsequent tasks.

Selection of training fringe images
To ensure that our model can generalize to diverse unseen fringe images
while relying on a minimal number of training samples, we tested different
combinations of virtual fringe patterns in this experiment. The target fre-
quency domainwas defined as f hjf 1h ≤ f nh ≤ f Nh

� �
, where f 1h ¼ 16, f Nh ¼ 96,

Fig. 2 | Representative training 3D models rendered in a single Blender scene. a 3D models rendered under white light. b 3D models rendered under fringe projection.
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and f nh represents the n-th frequency in the domain n ¼ 1; 2; ;Nð Þ. Nine
representative frequencies were selected for analysis: f nh ¼ 16; 32; 36;f
48; 56; 64; 76; 80; 96g. The network’s performancewas evaluated under five
distinct training frequency combinations (S1 ¼ 56f g; S2 ¼ 16; 96f g; S3 ¼
16; 56; 96f g; S4 ¼ 32; 48; 64; 80f g; S5 ¼ 16; 36;f 56; 76; 96g), as illustrated
in Fig. 4a. These combinations were designed to assess the impact of fre-
quency diversity on the network’s generalization ability and phase
unwrapping accuracy.

As shown in Fig. 4b, under low-frequency testing conditions (f nh ≤ 56),
allfive training combinations yieldedhighphaseunwrapping accuracy,with
all models achieving over 98% and showing negligible differences across
strategies. However, as the testing frequency increased, models trained with
single-frequency S1 began to deteriorate rapidly in performance. For
example, at f nh ¼ 96, the accuracy of the multi-frequency TPU network
trained using combination S1 dropped to 85.83%, significantly lower than
that of traditional TPUalgorithms. This highlights the inadequacy of single-
frequency training for achieving robust frequency generalization.

Whenmultiple frequency training strategies were applied, the network
demonstrated significant improvements in both frequency generalization
and high-frequency unwrapping accuracy. For example, under the number-
theoretic TPU method with the dual-frequency training set S2 ¼ 16; 96f g,
the unwrapping accuracy at f nh ¼ 96 reached 93.96%, representing an 8.1%
improvement over the single-frequency strategy S1. Expanding to a triple-
frequency training set S3 ¼ 16; 56; 96f g further increased accuracy to
94.92%, demonstrating the benefit of exposing the network to a broader
range of training frequencies for improved generalization. However,
increasing the number of training frequencies beyond this point resulted in
diminishing marginal returns. For instance, extending the frequency set
from S4 ¼ 32; 48; 64; 80f g to S5 ¼ 16; 36; 56; 76; 96f g improved accuracy
at f nh ¼ 96 by a maximum gain of 0.1% for three TPU methods, while
incurringa 25% increase in training cost. This indicates thatwhile increasing
frequency diversity can improve performance, it also significantly raises
training costs, highlighting the need to balance accuracy gains with com-
putational resource consumption when selecting training combinations.
Figure 4c statistically illustrates the overall accuracy distribution of different
combination strategies under the MF, MW, and NT training mechanisms.
The boxplots visualize the distribution of accuracy across nine testing fre-
quencies for each combination. Evidently, the single-frequency strategy S1
exhibits the widest interquartile range and the lowest mean accuracy,
indicatingpoor generalizationandhighvariability inhigh-frequency scenes.
In contrast, the dual-frequency combination S2 significantly improves both
average accuracy and stability. For example, under the MF strategy, mean
accuracy increases from 94.92% (S1) to approximately 97.17% (S2), though

some performance fluctuation remains. As the number of training fre-
quencies increases from S3 to S5, the overall accuracy and stability further
improve. The interquartile range narrows progressively, and the gap
between upper and lower quartiles diminishes, indicating consistent per-
formance across most test frequencies. However, when extending the fre-
quency combination from S4 to S5, improvements in both accuracy and
stability approach saturation.

Therefore, considering the trade-off between performance and com-
putational cost,we selected the frequency set S4 ¼ 32; 48; 64; 80f g for use in
subsequent experiments. This combination ensures high and stable
unwrapping accuracy across the target frequency range while maintaining
efficient training, achieving an optimal balance between performance and
resource usage.

Unambiguous 3D reconstruction of static objects
To evaluate the adaptability of the proposed method in real measurement
systems, we collected real-world fringe images across the target frequency
domain f hj16≤ f nh ≤ 96

� �
with an interval of 4 frequencies. In addition,

we compared the performance of the network trained using synthetic
data with that of a network trained on real data. During training, we
adopted the optimized frequency combination S4 ¼ 32; 48; 64; 80f g, as
determined in Section “Selection of training fringe images”. For the MF
method, the auxiliary grating frequencies were set to f l ¼ 1; 1; 1; 1f g; for
the MW method, f l ¼ 31; 47; 63; 79f g; and for the NT
method, f l ¼ 10:9; 10:9; 10:9; 10:9f g.

For each of these three TPU methods and their corresponding fre-
quency combinations, we used the digital twin FPP system to generate
800 sets of dual-frequency twelve-step phase-shifted virtual fringe images
across diverse scenes. Additionally, 300 real-world dual-frequency twelve-
step fringe image setswere collected to train the real-data-drivenmodel.As a
result, the real dataset contained 3600 sets, while the virtual dataset included
9,600 sets in total. To assess the performance gap between the digital-twin-
driven and real-data-driven approaches, a separate test set comprising 540
groups of real dual-frequency three-step fringe images was used for com-
parative analysis. Notably, conventional U-Net models without physical
priors completely failed when tested on previously unseen high-frequency
fringes (e.g., f nh ¼ 96), yielding 100% error rates (see Supplementary
Material 1 for detailed analysis).

We first compared the fringe-order estimates produced by different
methods. As shown in Fig. 5, we compared three approaches under theMF
method: our DP-TPU method, the traditional TPU method (providing
coarse fringe ordermaps), and a conventionalUNetmodel trained only at a
single frequency (fh= 32). Figure 5a–d presents the ground truth and results

Fig. 3 | Cross-reconstruction validation of physical
fidelity between the digital twin and real measure-
ment systems.
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of the three methods respectively, where the UNet completely failed (100%
error rate) when facing the unseen test frequency (fh = 52), while our DP-
TPU achieved the best phase unwrapping accuracy (0.67% error rate) -
outperforming the traditional TPU (3.88% error rate). Figure 5e–h shows
the cross-sectional profiles along row 221 of these methods. The traditional
TPU suffered fromobvious phase jump errors, and theUNet lost the ability

for absolute depth estimation. In contrast, our DP-TPU produced a profile
closely matching the ground truth, achieving fairly good fringe order
recovery results.

Subsequently, we performed 3D reconstruction on the results obtained
by the three TPU methods. Figure 6a–c illustrates the phase unwrapping
error versus frequency and 3D reconstruction performance for the MF,

Fig. 4 | Comparison of frequency generalization capabilities under different
training strategies. S1 − S5 denote the five training frequency combinations, and
“Tra” represents traditional TPU method. a Schematic of high-frequency grating

periods used in each training combination; b heatmap of phase unwrapping
accuracy for the three TPU methods (MF, MW, and NT); c boxplots of accuracy
distributions across different combinations for each TPU method.

Fig. 5 | Fringe ordermaps and cross-sectional comparisons forMFmethods. a–dCorrespond to ground truth, ourmethod, traditional TPU (coarse fringe ordermap), and
a dual-input UNet model trained only at a single frequency (fh = 32), respectively. e–h Show the cross-sections along row 221 for each method.
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MW, and NT methods under real and virtual data-driven conditions,
respectively. The results show that our method achieves excellent adapt-
ability across all three TPU methods, maintaining low unwrapping error
rates over awide frequency range. In the low-to-medium frequency domain
(f nh ≤ 56), both the digital-twin-driven and real-data-driven models achieve
stable unwrapping accuracy above 98%, with amaximum performance gap
of 0.5%, indicating equivalent effectiveness under moderate conditions.
Even under high-noise (2σ) and high-frequency conditions (56≤ f nh ≤ 92),
the digital-twin-driven network remains robust, with accuracy gaps relative
to the real data-driven network consistently below 1%. For instance, at
f nh ¼ 84, the virtual data-driven MF method achieves an accuracy of
96.29%, only 0.5% lower than its real data-driven counterpart. Similarly, the
MW and NT methods achieve 95.24% and 95.98% accuracy, respectively,
with performance gaps of less than 1%. These results highlight themethod’s
exceptional sim-to-real transfer capability in high-noise, high-frequency
scenes. Remarkably, in scenes where traditional TPU methods performed
poorly, the proposed method consistently maintains unwrapping accuracy
exceeding 94%. This demonstrates that, despite relying solely on virtual data
for training, our method achieves performance comparable to real data-
drivenmodels. Further experiments validating the effectiveness of thedigital
twin strategy and physical priors are detailed in Supplementary Material 1.

Unambiguous 3D reconstruction of dynamic objects
To further evaluate the adaptability of the proposed method in dynamic
scenes, we built a new FPP system that is composed of a high-speed CMOS
camera (Vision Research Phantom V611) and a customized projection
system with an XGA-resolution (1024 × 768) digital micromirror device
(DMD). TheDMDoperated in binary (1-bit)mode to achieve a refresh rate
of 1000 fps. The camera was equipped with an 18.7mm focal length lens.
The baseline distance between the camera and projector was set to 0.12 m,
the object-to-baseline vertical distance was 0.6 m, and an angle of 10.07∘
between the camera and projector.

A motor-driven four-blade plastic fan was selected as the dynamic
target.To rigorously evaluate the generalization capability of ourmethod, all

dynamic experiments involved fringe frequencies and systems entirely
unseenduring training. Tomitigatemotion artifacts, the proposedDP-TPU
method was integrated with a deep learning-based single-frame fringe
analysis technique45.

The experimental results are shown in Fig. 7. We evaluated the MF
method of our method on a rotating four-blade plastic fan using an unseen
system configuration and an unseen fringe frequency (fh = 96). Figure 7a
shows the 3D reconstruction results of our proposed DP-TPU at a repre-
sentative frame. The reconstruction results demonstrate that the method
successfully captures the fine geometric structures of the blades while
effectively suppressing phase jumps caused by motion blur and noise.
Figure 7b presents cross-sectional views of the 3D reconstruction results at
five consecutive time points, highlighting the local structural details cap-
tured by the proposed method. These results demonstrate that our
approach can accurately recover the continuous geometric deformation of
the fan blades during rotation, faithfully representing dynamic changes in
blade shape and thickness, which reflects the method’s high 3D recon-
struction precision under dynamic conditions. Figure 7c shows the tem-
poral depth variations of three fixed points located on the fan blades. The
resulting depth trajectories exhibit smooth and clearly periodic patterns,
accurately reflecting the blades’ rotational motion over time. Notably, the
periodicity of the depth variation reveals a rotation period of approximately
190 ms per revolution (equivalent to 320 rotation per minute), demon-
strating themethod’s ability to suppress noise andmotion artifacts in high-
speed dynamic scenes. A complete visualization of the reconstruction
sequence is provided in Virtualization 1. These results demonstrate that by
combining the efficient feature extraction capabilities of deep learning with
physical priors from traditional TPUmodels, the proposedmethod exhibits
strong generalization and robustness in high-speed dynamic 3D mea-
surement tasks.

Discussions
This paperproposes a digital-twin-drivenunambiguous structured light 3D
imaging with physics-aware learning (DP-TPU), enabling high-precision

Fig. 6 | Comparison of 3D reconstruction quality and phase unwrapping accu-
racy among traditional TPU, real-data-driven, and digital-twin-drivenmethods.
a–c Shows the phase unwrapping error versus frequency and 3D reconstruction

results for MF, MW, and NT methods under different noise levels. Left: 3D recon-
struction comparisonbetweenDP-TPUand traditionalTPUalgorithms. Right: Phase
unwrapping error curves for different training strategies across frequencies.
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execution of multi-frequency, multi-wavelength, and number-theoretic
TPU tasks without requiring real-world training data. By constructing a
highly physically faithful FPP digital twin system, the method generates
abundant virtual data, significantly reducing data acquisition costs and
bridging the domain gap between synthetic and real-world data. To
enhance the network’s perception of fringe hierarchy, a Fourier-domain
consistency constraint is introduced into the loss function. This constraint
enforces alignment between predicted and ground-truth phase distribu-
tions in the frequency domain, improving structural fidelity in high-
frequency regions.

To further overcome the limited generalization of networks trained
solely on simulation data, we incorporate the physical models of TPU as
priors. These priors guide the network to learn the intrinsic relationship
betweenwrapped phase and fringe order, enabling robust cross-domain
generalization. Specifically, the incorporation of the fringe order as a
physical prior provides the network with an explicit representation of
absolute depth, substantially simplifying the learning process. This
approach not only improves unwrapping accuracy under high-
frequency patterns where conventional methods fail but also greatly
enhances the model’s adaptability to different system configurations
and fringe frequencies.

The proposed DP-TPU framework not only supports a wide range
of fringe frequencies but also adapts to distribution shifts caused by
varying imaging systems. Moreover, it generalizes three TPU methods
into a single training pipeline, enabling phase unwrapping using a single
model and significantly enhancing practical applicability and mea-
surement efficiency. Experimental results demonstrate that the pro-
posed method achieves superior performance across diverse
frequencies and system conditions. Even in high-frequency scenes
where traditional methods fail, the proposed network consistently

maintains over 94% phase unwrapping accuracy, matching the per-
formance of real-data-trained models. These results affirm that the
integration of digital twin technology and physical priors greatly
enhances both the generalization and robustness of deep learning-based
phase unwrapping. This work provides a promising pathway toward
low-cost, high-precision, and highly generalizable intelligent optical 3D
measurement technologies. Nonetheless, a last-mile gap may persist
between the real system and its digital twin when effects such as defocus
blur, optical aberrations, or photometric nonlinearities are present.
Future work in this area would benefit from leveraging differentiable
rendering46 to model these residual effects, enabling the digital twin to
more precisely mimic specific hardware configurations and further
narrow the sim-to-real discrepancy.

Methods
Phase calculation
In a typical FPP system, the projector casts computer-generated sinusoidal
fringe patterns onto the surface of the target object. As the object surface
varies in height, the projected fringes become distorted. According to the
N-step phase-shifting method, the captured intensity distribution Icnðx; yÞ
can be expressed as

Icnðx; yÞ ¼ Acðx; yÞ þ Bcðx; yÞ cos ψðx; yÞ � 2πn
N

� �
; ð1Þ

where Ac x; y
� �

denotes the background illumination, Bc x; y
� �

represents
the modulation of the sinusoidal fringe, n is the phase-shifting index
n ¼ 0; 1; :::;N � 1ð Þ, N is the total number of phase steps, and ψ x; y

� �
is

the wrapped phase. The wrapped phase ψ x; y
� �

is typically recovered

Fig. 7 | Performance of DP-TPU in high-speed dynamic 3D reconstruction. a 3D reconstruction results at five consecutive time points. b Cross-sectional reconstruction
accuracy and local detail comparison. c Depth variation over time for selected points on the fan blades.
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through a least-squares estimation approach

ψðx; yÞ ¼ arctan

PN
n¼1 I

c
nðx; yÞ sin 2πn

N

� �
PN

n¼1 I
c
nðx; yÞ cos 2πn

N

� � : ð2Þ

Temporal phase unwrapping
As shown in Eq. (2), the arc tangent function confines the wrapped phase
ψ x; y
� �

to the range �π; πð �, introducing 2kπ ambiguities. To recover the
absolute phase, temporal phase unwrapping (TPU)methods are employed.
The fundamental principle of TPU can be expressed as

Ψðx; yÞ ¼ ψðx; yÞ þ 2πkðx; yÞ; ð3Þ

whereΨ x; y
� �

is the absolute phase, and k x; y
� �

is the fringe order k 2 Zð Þ.
The key challenge lies in accurately determining k x; y

� �
for each pixel. This

work focuseson threeTPUmethods: theMFmethod,MWmethod, andNT
method. All threemethods utilize at least one set of low-frequency wrapped
phases to determine k x; y

� �
. Based on Eq. (3) and the phase ratio

relationship between high- and low- frequency wrapped phases, we derive

Ψhðx; yÞ ¼ ψhðx; yÞ þ 2πkhðx; yÞ;
Ψlðx; yÞ ¼ ψlðx; yÞ þ 2πklðx; yÞ;
Ψhðx; yÞ ¼ f h

f l
Ψlðx; yÞ;

8><
>: ð4Þ

where kh x; y
� �

and kl x; y
� �

are the fringe orders corresponding to the high-
and low- frequency wrapped phases, respectively. This system contains
three linearly independent equations but four unknowns (kh x; y

� �
, kl x; y
� �

,
Ψh x; y
� �

, and Ψl x; y
� �

), resulting in underdetermination. To resolve this,
additional constraints are introduced through carefully designed high- and
low-frequency fringe patterns.

One common strategy is to set the frequency of the auxiliary grating to
fl = 1, which ensures that the associated fringe order kl x; y

� �
becomes zero.

This method is known as multi-frequency TPU47. Thus, kh x; y
� �

can be
derived as

kMF
h ðx; yÞ ¼ Round

f hψlðx; yÞ � f lψhðx; yÞ
2πf l

� �
: ð5Þ

Similarly, wrapped phase can also be unwrapped using the equivalent
phase generated by subtracting the low-frequency wrapped phase from the
high-frequency wrapped phase. This method is called multi-wavelength
TPU48. The equivalent phase ψeq and equivalent frequency feq are defined as

ψeqðx; yÞ ¼ mod ψhðx; yÞ � ψlðx; yÞ; 2π
� �

;

f eq ¼ f h � f l:

(
ð6Þ

In order to ensure the unambiguity of phase unwrapping, a suitable
low-frequency grating must be selected so that the equivalent frequency feq
meets feq≤ 1, which can also ensure that keq x; y

� � ¼ 0. Therefore, with the
aid of the equivalent phase, kh x; y

� �
can be expressed as

kMW
h ðx; yÞ ¼ Round

f hψeqðx; yÞ � f eqψhðx; yÞ
2πf eq

" #
: ð7Þ

Since kh x; y
� �

and kl x; y
� �

must be positive integers, it is proposed that
the fringe order pair kh; kl

� �
of two groups of coprime sinusoidal fringe

patterns can be determined by using the wavelengths λh and λl of the two
groups. This method is called Number-theoretic (NT) TPU49. Deforming

Eq. (4), we can derive

λlψl � λhψh

2π
¼ λhkh � λlkl: ð8Þ

In order to ensure the uniqueness of the fringe order pair kh; kl
� �

, For
two coprime wavelengths λh and λl, their least common multiple (LCM)
must satisfy LCM λh; λl

� �
≥W50. The fringe order pair kh; kl

� �
can be

determined using a precomputed lookup table (LUT)51

ðkNTh ; kNTl Þ ¼ LUT Round
λlψl � λhψh

2π

� 	� �
: ð9Þ

Development of a digital twin system
We employed digital twin technology to construct a precise computational
simulation system that replicates the physical characteristics and opera-
tional principles of a real FPPmeasurement system, enabling the generation
of highly realistic virtual data52,53. Specifically, the calibration parameters of
the real measurement system are computed and mapped to a digital twin
FPP system within a computer rendering environment. This study utilizes
the open-source CG software Blender to build the digital twin system and
generate virtual fringe patterns.

For a structured light projection system, the mapping between pixel
coordinates u; vð Þ on the camera and 3D spatial coordinates xw; yw; zw

� �
in

the world coordinate system can be described as

s

u

v

1

2
64
3
75 ¼ K½R T�

xw

yw

zw

1

2
6664

3
7775; ð10Þ

where sdenotes the scaling factor,K represents the camera’s intrinsicmatrix,
while R and T correspond to the rotation and translation matrices,
respectively. R and T are collectively termed the extrinsic matrix, defining
the camera’s pose relative to the world coordinate system. The intrinsic
matrix K is further expressed as

K ¼
f u λ u0
0 f ν υ0
0 0 1

2
64

3
75; ð11Þ

where fu and fv are the camera’s focal lengths along theu- and v- axes,λ is the
skew factor between axes, and u0; v0

� �
are the coordinates of the optical

center on the imaging plane.
Assuming the world coordinate origin is [0, 0, 0]T and the camera

coordinates are located at point P ¼ ½xc0; yc0; zc0�T , we derive

0 ¼ RP þ T: ð12Þ

Since R is an orthogonal matrix (RT = R−1), the camera’s position is
calculated as

P ¼ �RTT: ð13Þ

The camera’s orientation is further defined by Euler angles ϕ, θ, and ψ
(rotations around the x-, y-, and z-axes, respectively), derived from R using
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the formula proposed by Slabaugh54

ψ ¼ arctanðr32; r33Þ;
θ ¼ arctan �r31;

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r232 þ r233

p� �
;

ϕ ¼ arctanðr21; r11Þ:

8><
>: ð14Þ

Thus, we complete the mapping from the real calibration matrices of
the camera to thedigital twin systemconfiguration.To calibrate the intrinsic
and extrinsic parameters of the camera, Zhang’s camera calibration
algorithm55 can be employed. For the projector, it is treated as an inverse
camera56, and thus follows the same mathematical model. Consequently, a
digital twin system with identical parameters to the real FPP system is
constructed57. The specific mapping relationships are summarized in
Table 1, where superscripts c and p denote the calibration parameters of the
camera and projector, respectively.

Physics-aware generalized temporal phase unwrapping deep
neural network
As illustrated in Fig. 8a, c, traditional TPU algorithms rely on simplified
physical models. While they offer strong theoretical generalization, their
performance degrades significantly in noisy environments. In contrast,
purely data-driven deep learning methods achieve higher unwrapping

precision bymining latent patterns from training data but suffer from poor
generalization inunseen frequencyor systemscenarios due to the absence of
theoretical constraints. To harmonize the strengths of both approaches, this
work integrates the mathematical model of TPU as physical priors, con-
structing a hybrid physics-data-driven framework named DP-TPU, as
illustrated in Fig. 8b. The network inputs include the high-frequency
wrapped phase, auxiliary low-frequencywrapped phase, and a coarse fringe
ordermap computed using traditional TPUalgorithms. This design enables
the network to refine predictions by combining physical priors with data-
driven insights.

Training phase is conducted entirely on virtual data generated by the
Blender-based digital twin system, eliminating reliance on real-world data
and addressing annotation challenges. Ground-truth labels are computed
from dual-frequency, 12-step phase-shifting fringe images using the same
TPU formulas as in our real-data pipeline.Detailed calculations of synthesis
fringepatterns canbe found inSupplementaryMaterial 1.After training, the
network can be directly applied to realmeasurements for inference tasks58,59.
The specific structure of the network is shown in Fig. 9a. To enhance global
feature extraction, the network adopts a lightweight U-shaped Vision
Transformer (ViT) architecture60 to balance computational efficiency and
performance.

Specifically, the proposed network integrates the deep learning archi-
tectures of Lite Vision Transformer (LVT)61 and U-MixFormer62 to

Table 1 | Mapping between real-system calibration matrices and digital twin system parameters

Virtual camera Virtual projector

Intrinsic matrix

Focal length fcu; f
c
v fpu ; f

p
v

Principle Points ðuc0; vc0Þ ðup0 ; vp0Þ
Skew factor λc λp

Extrinsic matrix

Location �RT
c Tc �RT

pTp

Rotated angles ψc ¼ arctan
rc32
rc33

� �
ψp ¼ arctan

rp32
rp33

� �

θc ¼ arctan
�rc31ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðrc32 Þ
2þðrc33Þ

2
p
 !

θp ¼ arctan
�rp31ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðrp32 Þ
2þðrp33 Þ

2
p

 !

ϕc ¼ arctan rc21
rc11

� �
ϕp ¼ arctan rp21

rp11

� �

Fig. 8 | Diagrams of three FPP methodologies. a Physics-based modeling, b physics-prior guided, and c data-driven approaches.
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efficiently encode and decode features. The network accepts high-frequency
and low-frequency wrapped phases, along with the coarse fringe orders
generated from any TPU algorithm as inputs. During forward propagation,
the input data is first downsampled by a factor of four and subsequently fed
into the encoder. The encoder adopts a four-stage hierarchical structure
based on LVT. At the initial stage, a Convolutional Self-Attention (CSA)
module is used to dynamically extract local features, while higher stages
employ Recursive Atrous Self-Attention (RASA) modules to efficiently
capture multi-scale contextual information with fewer parameters, enhan-
cing the network’s representational capacity. The decoder adopts the
U-MixFormer structure, which takes multi-scale features from the encoder
as query vectors (Q), and combines themwith key (K) and value (V) vectors
generated from fused multi-scale representations via a mixed-attention
mechanism. This design enables efficient integration and progressive
refinement of both local and global information during decoding. Finally,
the decoder outputs are upsampled by a factor of four to restore the original

resolution, yielding high-precision predictions of fringe orders. In our
implementation, the network predicts a continuous-valued fringe order,
which is subsequently rounded to the nearest integer during post-
processing.

The joint spatial-Fourier loss for fringe-order prediction is shown in
Fig. 9b. In constructing the loss function, we first adopt the Mean Squared
Error (MSE) loss, which focuses on pixel-wise prediction accuracy for TPU.
However, as the fringe orders inherently exhibit a staircase distribution, they
contain significant high-frequency components at the edges, reflecting
essential physical information. Therefore, neglecting frequency-domain
features might degrade the network’s performance in accurately recon-
structing step transitions. To address this, we introduce a Fourier-domain
consistency constraint into the loss function via a Fourier Loss term, guiding
the network to learn frequency-domain characteristics of fringe orders
during training. The final loss is formulated as a weighted combination of
spatial-domain and frequency-domain consistency, simultaneously

Fig. 9 | The neural network used in our proposed method. a The architecture of DP-TPU network. b Joint spatial-Fourier loss for fringe-order prediction.
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ensuring pixel-wise accuracy and physical coherence, and significantly
improving both precision and robustness in phase unwrapping. The loss
function is expressed as

Lloss ¼ λ1LMSE þ λ2LFourier; ð15Þ

where λ1 and λ2 represent the weights for different loss components. Spe-
cifically, the expression for LMSE is given as

LMSE ¼ 1
HW

PN
n¼1 kpredn ðx; yÞ � ktruen ðx; yÞ� �2

N
; ð16Þ

where kpredn x; y
� �

denotes the fringe orders predicted by the network for the
n-th data sample in the training set, and ktruen x; y

� �
denotes the corre-

sponding ground-truth fringe orders. N represents the size of the training
set, andH andWdenote theheight andwidthof the image, respectively.The
LFourier term represents the Fourier Loss function, enforcing consistency
between the frequency-domain values of the prediction and the ground-
truth. The expression for LFourier is defined as

LFourier ¼
PN

n¼1 jF ðkpredn ðx; yÞÞ � F ðktruen ðx; yÞÞj
N

; ð17Þ

where, F �ð Þ represents the Fourier transform operation. After training, by
simply feeding the network with the high-frequency and low-frequency
wrapped phases and the corresponding coarse fringe orders from any
specific temporal phase unwrapping method (MF, MW, or NT), one can
obtain high-quality fringe order predictions corresponding to the selected
TPU algorithm.

Data availability
TheBlender scripts and some auxiliary code used for this study are available
at https://github.com/nomineee/DP-TPU.

Code availability
TheBlender scripts and some auxiliary code used for this study are available
at https://github.com/nomineee/DP-TPU.
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