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Real-time, high-precision 3-dimensional (3D) imaging is essential for applications such as industrial inspection, 
robotic navigation, and human–computer interaction. Fringe projection profilometry (FPP), a widely used 
structured light method, achieves high spatiotemporal resolution by rapidly projecting and processing of 
fringe patterns. However, traditional multi-frame FPP methods are hindered by motion-induced artifacts and 
computational bottlenecks, limiting their applicability in dynamic environments. In this work, we propose a 
multiplexed structured light 3D measurement method that integrates a physics-based Transformer framework 
to minimize the number of projection patterns required for precise single-snapshot measurements. This 
method extracts accurate phase information from a single fringe image, enabling artifact-free, high-resolution 
3D surface reconstruction. By combining low-frequency triangular waves with high-frequency sinusoidal 
fringes, we ensure unambiguous phase retrieval, providing the deep neural network with reliable inputs. 
The Transformer-based network leverages superior global information capture and multi-scale feature 
learning capabilities for robust fringe analysis and phase unwrapping, thereby enhancing the accuracy and 
generalization of depth prediction. Experimental evaluations demonstrate that our method outperforms 
traditional single-frame phase retrieval techniques and other deep learning-based methods in terms of 
precision and robustness. Dynamic measurements of complex objects with various materials further validate 
its potential for high-speed, real-time 3D imaging in intelligent manufacturing and augmented reality.

Introduction

   High-speed 3-dimensional (3D) imaging is essential for applica-
tions demanding real-time data acquisition and processing, such 
as industrial manufacturing, medical diagnosis, cultural heritage 
preservation, robotic navigation, and motion analysis [  1 –  5 ]. In 
these domains, rapidly and accurately capturing the dynamic 
3D surface information is essential for tasks like quality control, 
object recognition, and interaction with the environment. As 
industry moves toward automation and real-time monitoring, 
the need for high-efficiency, precise 3D measurement techniques 
has increased accordingly. Structured light fringe projection 
profilometry (FPP) is a commonly employed optical technique 
for 3D surface reconstruction, valued for its high accuracy and 
simplicity in implementation [  6 –  9 ]. Traditional FPP techniques 
involve projecting multiple digitally encoded structured light 
patterns (typically sinusoidal fringes) onto the sample surface 

and recording the deformed images from camera perspectives. 
The phase information encoded in these patterns is extracted and 
unwrapped to reconstruct the object’s surface geometry. While 
multi-frame FPP achieves high precision in static scenes, it faces 
severe challenges in dynamic scenarios, where multiple-frame 
acquisition introduces motion-induced artifacts and phase mis-
matches, leading to substantial errors that hinder its applicability 
to real-time or high-speed measurements.

   Single-frame 3D imaging mitigates ambient lighting fluctua-
tions across frames and overcomes motion-induced interfer-
ence [  10 –  12 ]. Capturing all necessary information in one shot 
enables accurate measurements of moving or vibrating targets, 
which is critical in settings such as automated industrial inspec-
tion. Consequently, achieving high-precision 3D reconstruc-
tion from a single frame has been a longstanding objective in 
structured light imaging. Traditional single-shot approaches 
like Fourier transform profilometry (FTP) [  13 ,  14 ] compute 
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phases from a deformed fringe map via Fourier transformations 
and band-pass filtering in the frequency domain. However, FTP 
often assumes relatively smooth surfaces and tolerates only 
moderate height variations; surfaces featuring large disconti-
nuities or intricate geometries introduce strong high-frequency 
noise that can degrade reconstruction accuracy. Advances in 
artificial intelligence (AI) have extended deep learning (DL) 
frameworks to computational imaging [  15 ,  16 ], including opti-
cal 3D measurements [  17 ,  18 ]. These developments open prom-
ising avenues for single-frame, high-precision 3D imaging in 
complex dynamic environments. Deep neural networks can 
extract precise wrapped phase data from a single-pattern input 
[  19 –  21 ] and, in some cases, predict the absolute phase or depth 
[  22 ,  23 ]. However, challenges remain for single-frame methods 
when facing complex surface features (e.g., contours or tex-
tures), varying illumination, and noise, as deriving an accurate 
mapping from the intensity image to the phase or depth can be 
difficult in purely data-driven networks.

   Spatial multiplexing has shown promise in producing high-
precision, single-shot 3D measurements by embedding addi-
tional coding information into a single projected pattern 
[  24 –  27 ]. Strategies involving frequency multiplexing, color 
encoding, and composite fringe patterns allow the system to 
recover absolute phase from a single capture [  28 –  30 ]. Although 
spatial multiplexing can encode multiple fringe patterns into 
one image–thereby maximizing use of spatial dimensions and 
boosting noise resistance—measurement accuracy sometimes 
suffers from increased pattern complexity, surface reflectivity 
variations, or the intricate decoding algorithms required. 
 Recent work has explored convolutional neural networks 
(CNNs) [  31 –  33 ] to improve the accuracy and robustness of 
phase retrieval. However, multi-scale or single-frame settings 
often demand global context to resolve phase ambiguities, and 
CNNs are typically constrained by their local receptive fields. 
Transformers, originally developed for natural language pro-
cessing, employ self-attention mechanism capable of capturing 
both local and long-range dependencies [  34 –  36 ]. Applied to 
image-based tasks, Transformers can learn nuanced global 
structures and fine-scale details, showing promising perfor-
mance in applications such as classification, segmentation, and 
depth estimation.

   In this work, a novel single-shot spatial multiplexed struc-
tured light 3D imaging approach is proposed, integrating a 
physics-based Transformer framework. Our encoding strategy 
embeds low-frequency triangular-wave information within 
high- frequency sinusoidal fringes, creating a composite pat-
tern that encodes unambiguous phase data. The triangular 
waves serve as robust spatial markers, assisting in resolving 
phase ambiguities inherent in high-frequency fringes and fur-
nishing the neural network with reliable cues for learning. A 
Transformer-based architecture with self-attention mechanism 
then leverages these cues to capture both local and global fea-
tures, enhancing fringe analysis and phase unwrapping. This 
design shows superior performance relative to traditional 
CNN-based architectures such as UNet, particularly for single-
frame phase retrieval tasks involving complex or dynamic 
scenes. Experimental evaluations confirm that this triangular-
wave-embedded strategy outperforms standard single-sinusoi-
dal and dual-frequency fringe techniques. Furthermore, the 
proposed Transformer network consistently achieves higher 
accuracy and robustness in retrieving phase information, 
thereby delivering artifact-free 3D reconstructions of moving 

and intricately shaped objects. Measurement accuracies reach 
approximately 65 μm, demonstrating that this approach meets 
the stringent precision needs of industrial or high-precision 
applications.   

Materials and Methods

Design of the spatial multiplexing coding strategy
   In FPP, a single fringe image is employed to eliminate motion-
induced interference during phase retrieval. When a standard 
sinusoidal fringe pattern is projected, the intensity captured at 
position  

(
x,y

)
    often takes the form

﻿﻿  

where  Ac    represents the background illumination,  Bc    indicates 
the modulation amplitude, and  �    corresponds to the phase 
associated with the surface height of the object. Extracting 
accurate phase information from a single sinusoidal fringe 
image remains challenging in complex scenes due to limited 
intensity information and inherent fringe ambiguity [ 6 ,  29 ], 
often leading to erroneous pixel correspondences and phase 
unwrapping failures. To address these limitations, a spatial 
multiplexing coding strategy is employed, embedding multiple 
fringe patterns into one composite image. This additional infor-
mation aids demodulation and ensures unambiguous phase 
unwrapping. Figure  1 B demonstrates a composite encoding 
approach that superimposes 2 fringe patterns of distinct fre-
quencies. In this dual-frequency design, a relatively low-
frequency fringe provides auxiliary information to assist the 
high-frequency fringe in determining the absolute phase and 
the correct fringe order. However, this approach can be suscep-
tible to spectrum aliasing: The low-frequency component ( fL   ) 
may interfere with the high-frequency spectrum ( fH   ), leading 
to ambiguity. To overcome such constraints, we propose an 
enhanced composite encoding strategy by embedding a trian-
gular wave into the sinusoidal fringes, as depicted in Fig.  1 C. 
The projected composite fringe pattern is formulated as
﻿﻿           

   where  Ap    denotes the average intensity of the projector,  Bp    rep-
resents the amplitude of the sinusoidal fringe pattern with spa-
tial frequency  f0   ,  T

(
x, y

)
    is the triangular wave function with 

wavelength  �tri   , and coefficient  �    adjusts the contribution of the 
triangular wave to the composite pattern. The triangular wave 
function

﻿﻿  

has wavelength  �tri   , with  mod(⋅)    indicating the modulus opera-
tion. The periodic peaks of the triangular wave serve as spatial 
markers that assist phase unwrapping without substantially 
degrading the high-frequency phase information.

   Figure  1 B and C shows the corresponding spectral distri-
butions. In Fig.  1 B, the low-frequency component ( fL   ) has a 
higher amplitude than the high-frequency term ( fH   ), whereas 
in Fig.  1 C, the amplitude of  fL    is smaller than that of  fH   . This 
amplitude relationship indicates that the embedded triangular 
wave has a minimal impact on the high-frequency sinusoidal 
fringe, thereby enhancing the accuracy of high-frequency 
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phase retrieval. By incorporating spatial positioning informa-
tion from the low-frequency triangular wave into the high-
frequency sinusoidal fringes, the composite pattern effectively 
carries both high-resolution phase details and unambiguous 
spatial encoding. This encoding significantly improves the 
DL network’s ability to retrieve precise and unambiguous 
phase information from a single captured image. We further 
validate this theoretical analysis in the experimental results. 
To facilitate reliable phase unwrapping, it is necessary to 
select the wavelengths of the primary sinusoidal fringe ( �0   ) 
and the auxiliary triangular wave ( �tri   ) such that

﻿﻿  

where  LCM(⋅)    represents the least common multiple (LCM), 
and W represents the lateral resolution of the projector. Ensuring 
that the LCM of  �0    and  �tri    exceeds W allows the wrapped phase 

to be unambiguously resolved across all pixels in the image, 
thus providing robust phase unwrapping under real-world 
operating conditions.   

Single-shot triangular-wave-embedded  
FPP with Transformers
   Accurate phase retrieval is fundamental to achieving high-
precision 3D reconstruction in FPP. Figure  1 D illustrates the 
workflow of our single-frame triangular-wave-embedded 
fringe projection and 3D reconstruction method, which 
employs a Transformer-based network. The core design lever-
ages DL to extract 3 key components from the single-shot mul-
tiplexed image: the sine term (numerator)  MH   , the cosine term 
(denominator)  DH   , and a coarse absolute phase  Φcoarse   . Here, 
﻿MH    and  DH    correspond to the numerator and denominator of 
the tangent function used to compute the wrapped phase  �H   , 
as defined by

(4)LCM
(

�0, �tri

)

≥W ,

A B C

D

Fig. 1. Single-frame composite structured light 3D imaging utilizing a Transformer network with self-attention mechanism. (A) Standard single high-frequency fringe, (B) composite 
dual-frequency fringe [29], and (C) triangular-wave-embedded fringe, each accompanied by their respective projection pattern sequences, camera images, and corresponding 
spectral cross-sectional intensity distributions. In (B) and (C), fL and fH denote the low- and high-frequency components, respectively, which are carefully selected to prevent 
spectrum aliasing. (D) Flowchart of the proposed phase retrieval and 3D reconstruction process using the enhanced Swin-Unet Transformer-based network. Step 1: The captured 
single-frame triangular-wave-embedded fringe image (Ic

tri−fri
) is simultaneously processed by 2 networks: Network 1 predicts the numerator (MH) and denominator (DH) terms of the 

wrapped phase, while Network 2 estimates the coarse absolute phase (Φcoarse). Step 2: The numerator and denominator terms predicted by Network 1 are then used to compute 
the wrapped phase �H via the arctangent function as defined in Eq. (5). Step 3: The output from Network 2, combined with the calculated wrapped phase, predicts fringe order K. 
Step 4: Using Eq. (6), the recovered absolute phase Φ is calculated from �H and K. Step 5: The 3D data are generated from this phase, showing the reconstructed surface of the 
object. Two loss functions, 1 and 2, are employed to optimize the predictions from Network 1 and Network 2, respectively, by comparing them with the ground truth. The overall 
process enables precise reconstruction of 3D point cloud data from a single camera image.
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﻿﻿  

where  IHn    ( n = 1, 2, … , 12   ) denotes the 12-step phase-shifted 
images captured under high-wavelength fringes. Within our 
framework, Network 1 predicts  MH    and  DH    directly from the 
triangular-wave-embedded fringe image, thereby avoiding the 
abrupt phase jumps often observed in wrapped phase outputs. 
Additionally, by incorporating the physical model of FPP phase 
analysis, this approach counteracts interference due to surface 
reflectivity variations, allowing robust phase retrieval and 
unambiguous unwrapping even in complex environments. This 
reliability serves as a solid foundation for subsequent 3D 
reconstruction.

   Once  MH    and  DH    have been obtained from Network 1, the 
wrapped phase  �H    follows from  Eq. (5) . Although this step 
achieves high-accuracy phase determination, the  2�    wrapping 
effect still renders the phase ambiguous. To resolve this ambigu-
ity, Network 2 predicts a coarse estimate of the absolute phase 
﻿Φcoarse   , offering an initial approximation of the phase distribu-
tion across the entire scene. The final absolute phase  Φ    is then 
computed by combining the wrapped phase  �H    from Network 
1 with the coarse phase from Network 2, according to

﻿﻿   

   Here,  Round
[(
Φcoarse−�H

)
∕2�

]
    identifies the correct fringe 

order K, thereby adjusting  �H    to yield the unwrapped absolute 
phase  Φ   . The coarse phase  Φcoarse    thus distinguishes different 
periods of the wrapped phase, ensuring accurate phase unwrap-
ping. This final unwrapped phase reliably represents the object’s 
surface without phase ambiguities. After precisely retrieving 
and refining  Φ   , the 3D geometry of the sample can be recon-
structed using phase-to-depth mapping functions alongside 
system calibration parameters.   

Transformer-based neural network architecture
   To improve the precision and robustness of phase retrieval 
and unwrapping, we employ a Transformer-based neural net-
work (referred to as the enhanced Swin-Unet), which lever-
ages advanced self-attention mechanisms to effectively capture 
local and global feature information of feature maps. Figure 
 2  shows the complete architecture of the enhanced Swin-Unet, 
while Fig.  2 A illustrates its basic encoder–decoder structure. 
In the enhanced Swin-Unet, we replace conventional convo-
lutional layers with Swin Transformers by converting the 
smallest processing unit from individual pixels into  P × P    
patches via the Partition block (Fig.  2 B). Each  P × P    patch 
encapsulates the local structure and contextual information 
more effectively than single pixels, enabling the self-attention 
mechanism to capture global dependencies among patches 
rather than being restricted by the purely local receptive fields 
of typical CNN. Moreover, patch-level processing mitigates 
sensitivity to random noise by averaging intensity fluctuations 
within each patch, thereby improving both the robustness and 
accuracy of feature extraction and subsequent phase retrieval. 
Consequently, this patch-level Transformer design not only 

reduces computational complexity but also preserves essential 
feature relationships. Figure  2 C depicts the structure of the 
Swin Transformer block, consisting of a sequence of modular 
components via residual connections. The block begins with 
layer normalization in each submodule to stabilize and nor-
malize feature distributions. It utilizes windowed multi-head 
self-attention (W-MSA) to capture information within local 
regions, balancing computational efficiency and contextual 
understanding. Subsequently, a multi-layer perceptron (MLP) 
with a Gaussian error linear unit (GELU) activation function 
further refines feature representations and introduces non-
linearity to enhance the expressiveness of the model. The 
block also employs shifted window multi-head self-attention 
(SW-MSA), allowing the network to effectively catch relation-
ships across local regions while mitigating the limitations of 
window boundaries. Residual connections in this structure 
ensure the preservation of crucial input features and improve 
the stability and efficiency of gradient flow during training.        

   The proposed network architecture comprises an encoder, 
a bottleneck module, and a decoder. Within the encoder, 2 suc-
cessive Swin Transformer blocks extract features while main-
taining the original spatial resolution. A Patch Merging module 
(Fig.  2 D) then halves the spatial resolution while doubling the 
number of channels, repeated 3 times to capture multi-scale 
features essential for accurate phase retrieval. The bottleneck 
module, comprising 2 Swin Transformer blocks, further reduces 
the feature map to its smallest spatial size and highest semantic 
level, facilitating a seamless transition between the encoder and 
decoder. In the decoder, the Patch Expand module (Fig.  2 E) 
upsamples the feature map, doubling its resolution and halving 
the channel count in a manner complementary to Patch 
Merging. Skip connections then fuse the outputs of the Patch 
Expand module with the corresponding encoder feature maps, 
ensuring that both fine-grained details and high-level context 
are retained. Ultimately, the Patch Reverse module restores the 
final feature map to the original resolution, producing the 
numerator, denominator, and “coarse” absolute phase terms 
needed for unambiguous phase retrieval.

   In addition, the self-attention mechanism is improved by 
replacing the fixed square window in the original network 
with a more adaptable and larger window, as illustrated in Fig. 
 2 F. In standard configurations, the minimum feature map size 
of ﻿H

32
×

W

32
    restricts the window attention mechanism, often 

denoted by  c   . Here, c must meet the conditions  n × A =
H

32
    and 

﻿m × A =
W

32
   , where  n   and  m   are the numbers of vertical and 

horizontal windows, respectively. In this work, the attention 
window size is aligned with dimensions after the final downs-
ampling, set to  A =

H

32
    and  B =

W

32
   . This modification signifi-

cantly broadens the area each window covers, establishing 
stronger pixel correlations and capturing a wider scope of 
global contextual information for modeling long-range depen-
dencies. Combining this Transformer-based enhanced Swin-
Unet network with our spatial multiplexing encoding strategy, 
we can effectively decode precise, unambiguous phase informa-
tion from complex scenes using only one-shot image. The com-
bination of windowed self-attentions and multi-scale feature 
learning allows the network to utilize both global and local fea-
tures in fringe analysis and phase unwrapping tasks, thus improv-
ing the accuracy of the outputs. The proposed Transformer-based 
network outperforms traditional CNN architectures (e.g., Unet) 

(5)

�H = tan−1
�

MH

DH

�

= tan−1

�

∑12

n=1 IHn
�

x, y
�

sin(2�(n−1)∕N)
∑12

n=1 IHn
�

x, y
�

cos(2�(n−1)∕N)

�

,

(6)Φ = �H + 2�K = �H + 2� ⋅ Round
[(
Φcoarse−�H

)
∕2�

]
.
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A B

D

E

C

F

p

Fig. 2. The Transformer-based network architecture (the enhanced Swin-Unet). (A) Basic structure of the enhanced Swin-Unet. (B) Partition module. (C) Swin Transformer 
block. (D) Patch Merging module. (E) Patch Expand module. (F) The window of Swin Transformer Block.
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in terms of prediction accuracy and robustness, which will be 
further confirmed in the experimental section.   

Dataset construction
   The effectiveness of learning-based phase retrieval and unwrap-
ping depends on the quality and diversity of the training dataset. 
To capture the intricate complexities of real-world applications, 
we prioritize real-world data acquisition over synthetic alterna-
tives. Our dataset encompasses a wide array of objects, including 
those with smooth surfaces (e.g., plastics and matte ceramics 
with simple geometries), moderately rough materials (e.g., wood 
and painted metal), and highly textured or reflective surfaces 

(e.g., intricately textured plaster sculptures and polished metals). 
This diverse selection enables the network to learn and general-
ize across both low-frequency structures and high-frequency 
features, which is essential for accurate phase retrieval and 
unwrapping under a wide range of conditions. Samples were 
collected under varying illumination conditions, including 
direct and diffuse ambient lighting, to simulate diverse environ-
ments. Each sample set comprises single-shot composite images 
( Ic
tri−fri

   ) alongside additional reference images essential for 
ground-truth generation. As depicted in Fig.  3 A, ground-truth 
phase values are derived from an  N   -step phase-shifting algo-
rithm, ensuring high-precision reference data for effective 

A

B C

Fig. 3. Triangular-wave-embedded fringe image dataset preparation and analysis. (A) Workflow for generating training data: computation of the numerator (MGT) and denominator 
(DGT) terms of the wrapped phase from 12-step phase-shifted fringe images at 3 distinct frequencies, followed by phase unwrapping to obtain the absolute phase (ΦGT). 
(B) Representative examples from the dataset, showcasing a variety of typical scenes with diverse surface textures and illumination conditions. (C) Entropy distribution of the 
dataset, illustrating a broad range from approximately 1 bit to 7 bits. The distribution features a primary peak around 4 bits, with significant clusters in the 2–3 bit and 5–6 bit 
ranges, reflecting the dataset’s diversity in scene complexity.
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training. Our comprehensive dataset (partially shown in Fig. 
 3 B) includes composite images with triangular-wave-embedded 
fringes ( Ic

tri−fri
   ), the  MH   ,  DH    terms corresponding to the phase 

of the high-frequency sinusoidal fringes (i.e.,  MGT    and  DGT   ), as 
well as its absolute phase ( ΦGT   ). In total, we compiled 1,000 
distinct scene configurations, each captured from multiple view-
points or object poses, resulting in 4,000 labeled images for train-
ing. This extensive coverage mitigates overfitting and enhances 
the model’s generalization to real-world conditions.        

   To quantitatively assess the diversity of our dataset, we ana-
lyzed its entropy distribution. As illustrated in Fig.  3 C, the 
entropy values span from approximately 1 bit to 7 bits, creating 
a broad overall range. The main peak lies near 4 bits, with 
notable clusters in the 2–3 bit and 5–6 bit ranges, making the 
distribution more dispersed. The prevalence of low-entropy (1 
to 2 bits) samples reflects highly uniform or simple scenes, 
whereas values close to 7 bits indicate richer textures or higher 
noise levels. By covering both low-entropy (<2 bits) and high-
entropy (>5 bits) extremes, the dataset provides robust scope 
for tasks requiring strong generalization, ensuring adaptability 
to widely varying scene complexities. Such a wide distribution 
is particularly advantageous if the model must handle extremely 
simple (near-uniform) or highly complex (dense noise/texture) 
scenarios in practical deployments, although training with a 
broad range may require additional strategies (e.g., careful 
hyperparameter tuning) to maintain performance across mid-
range scenes. Through this balanced real-world dataset con-
struction, we capture a wide range of surface textures, lighting 
conditions, and geometries essential for phase retrieval and 
unwrapping. By incorporating such diversity, our enhanced 
Swin-Unet benefits from varied features and scenarios, ulti-
mately leading to improved robustness and accuracy in chal-
lenging 3D measurement tasks.   

Experimental setup
   We constructed a monocular FPP system consisting of a high-
resolution digital light projector (LightCrafter 4500, 912 × 1,140 
pixels) and a high-speed monochrome industrial camera (Basler 
acA640-750um, 640 × 480 pixels), as illustrated in Fig.  4 A. The 
projector encodes and projects an 8-bit pattern that embeds 
low-frequency triangular waves within high-frequency sinusoi-
dal fringes to illuminate the target surfaces. An industrial cam-
era is triggered in sync with the projector, allowing for rapid 
capture of deformed fringe images while ensuring accurate 
imaging even in dynamic scenes. To minimize environmental 
light interference, the system operates in a controlled environ-
ment, ensuring optimal conditions for high-precision 3D mea-
surement of complex surfaces, even under dynamic conditions. 
The system’s camera and projector were calibrated using a cir-
cular calibration board to determine their intrinsic and extrinsic 
parameters [  37 ,  38 ], covering a measurement range of 200 × 
200 × 100 mm.        

   The enhanced Swin-Unet model was trained on a PC with an 
NVIDIA 3080 10GB GPU using the PyTorch 1.7.1 framework in 
Python 3.7, accelerated by CUDA 11.0. The designed composite 
pattern is generated by embedding a triangular wave into a sinu-
soidal fringe. Although a higher sinusoidal frequency offers finer 
3D detail, it also makes phase unwrapping more prone to error. 
Based on our projector’s lateral resolution and practical experi-
ments, we chose 19 pixels as the sinusoidal fringe wavelength. In 
order to satisfy the constraints in  Eq. (4) , we selected 51 pixels as 

the wavelength of the triangular wave, ensuring unambiguous 
unwrapping of the high-frequency wrapped phase. Each cap-
tured triangular-wave-embedded fringe images were normal-
ized to pixel values ranging from 0 to 1 and then fed into the 
network. The output included the numerator and denomina-
tor terms, as well as the coarse absolute phase, which were 
compared against the ground truth to calculate the error.  
Training parameters included 500 epochs, a batch size of 2, and 
a learning rate of  3e−4   . The AdamW optimizer was used to 
minimize the loss and iteratively optimize network parameters. 
Notably, Network 1 training required approximately 8.2 h per 
dataset, while Network 2 took about 7.1 h. Both networks were 
trained using a combined loss function:

﻿﻿  

where  ̂�    represents the predicted phase term,  �    denotes the 
ground truth, and  �MSE    and  �SSIM    are weighting factors for 
the mean squared error (MSE) and structural similarity index 
(SSIM) terms in the loss function.

   Additionally, to evaluate the precision of our approach, we 
measured a standard component consisting of 2 ceramic 
spheres (Fig.  4 B). The reconstructed surfaces of these spheres 
and their corresponding error distributions are displayed in 
Fig.  4 C to E. Figure  4 F and G shows that the root mean square 
(RMS) error values of the standard spheres are 0.060 and 
0.064 mm, respectively. These low RMS values further indicate 
that our 3D reconstruction results have high accuracy, confirm-
ing the reliability of the method in practical applications.    

Results

Assessing phase prediction accuracy across various 
coding strategies
   This section outlines experiments conducted to validate the ben-
efits of our multiplexed coding strategy and network architecture. 
First, we compare the accuracy of different coding strategies for 
single-frame phase prediction using DL by evaluating 3 scenes 
with distinct characteristics, as illustrated in Fig.  5 . These include 
a simple polyhedral surface, a complex plaster statue, and 2 iso-
lated, discontinuous plaster statues. Specifically, Fig.  5  (A1 to A3, 
B1 to B3, and C1 to C3) shows the captured single-frequency 
fringe images, dual-frequency composite fringe images, and 
triangular-wave-embedded fringe images for each scenario. 
Figure  5  (A4 to A6, B4 to B6, and C1 to C3) displays the absolute 
phase errors obtained using single-frequency fringe coding, 
dual-frequency composite fringe coding, and triangular-wave-
embedded fringe coding strategies, respectively. Furthermore, 
Fig.  5  (A7 to A9, B7 to B9, and C7 to C9) illustrates the 3D results 
generated by each coding strategy, while Fig.  5  (A10, B10, and 
C10) represents the ground truth for the 3 scenes.        

   Single-frame measurement accuracy for different structured 
light coding strategies is evaluated using mean absolute error 
(MAE) between the predicted and true phase, quantifying the 
deviation of the network prediction from ground truth. A lower 
MAE indicates that the network’s predictions are closer to the 
actual phase, demonstrating a higher accuracy of the network 
model on the test dataset. Additionally, Table  1  provides quan-
titative analysis data for the 3 scenarios, including the MAE of 
wrapped and unwrapped phases, as well as fringe order accuracy. 

(7)Loss=�MSE ⋅MSE

(
�̂,�

)
+�SSIM ⋅

[
1−SSIM

(
�̂,�

)]
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D E

F GC

B

RMS=0.06006 mm RMS=0.064198 mm

A

A B

A B

Fig. 4. Experimental setup and results for single-shot triangular-wave-embedded fringe projection 3D measurement. (A) Photograph of the constructed FPP system. The prototype 
setup contains a high-speed projector and industrial camera, complemented by a high-resolution monitor to display the reconstructed 3D point cloud results. (B) Captured 
multiplexed structured light image of 2 standard ceramic spheres (labeled A and B), used for precision analysis. (C) 3D surface reconstruction of the 2 spheres using the proposed 
method, with the color scale representing depth in millimeters. (D and E) Error distribution maps for the reconstructed surfaces of spheres A and B. (F and G) Histograms of the 
RMS error values for spheres A and B.
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The results indicate that the phase distribution for single-fre-
quency fringe images exhibits significant prediction errors, 
whether on simple polyhedral surfaces or between isolated 
objects. When deriving fringe order from single-frequency 
images using a neural network, the lack of additional auxiliary 
information hinders resolving fringe period ambiguities, 
resulting in poor reconstruction quality. In contrast, both the 
dual-frequency composite fringe coding strategy and the 

triangular-wave-embedded sinusoidal fringe coding strategy 
successfully achieve high-accuracy phase distribution and over-
come fringe ambiguity using single-frame DL. However, the 
dual-frequency sinusoidal fringe coding strategy experiences 
a reduction in fringe contrast (see Fig. 5C1 and C2) due to 
the influence of the relatively low-frequency sinusoidal aux-
iliary signal on the high-frequency sinusoidal fringe to be 
demodulated, leading to a slight decrease in phase prediction 
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Fig. 5. Prediction results under different fringe coding strategies. (A1 to A3, B1 to B3, and C1 to C3) The structured light images were captured by sequentially projecting single-
frequency fringes, dual-frequency composite fringes, and triangular-wave-embedded fringes (the proposed) across 3 scenarios. (A4 to A6, B4 to B6, and C4 to C6) Corresponding 
absolute phase results for 3 scenarios. (A7 to A9, B7 to B9, and C7 to C9) 3D reconstruction results from the single-frequency fringes, composite dual-frequency fringes, and 
triangular-wave-embedded fringe coding strategies, respectively, for the same 3 scenarios. (A10, B10, and C10) Ground-truth 3D reconstruction results for each scenario.

Table 1. Prediction results under different structured light coding strategies

Structured light coding strategy Scene Wrapped phase MAE (rad) Accuracy (%) Unwrapped phase MAE (rad)

 Single-frequency fringe coding strategy  (a) 0.0168 71.724 1.5277

 (b) 0.0438 26.904 7.3421

 (c) 0.0334 12.225 25.0148

 Dual-frequency composite fringe coding strategy  (a) 0.0319 99.628 0.0307

 (b) 0.1131 98.633 0.1064

 (c) 0.0423 99.424 0.0516

 Triangular-wave-embedded fringe coding strategy  (a) 0.0230 99.754 0.0221

 (b) 0.0757 99.034 0.0774

 (c) 0.0343 99.543 0.0324
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accuracy. In comparison, the triangular-wave-embedded 
sinusoidal fringe composite coding strategy achieves higher 
precision in phase analysis and unwrapping, proving more 
effective than the dual-frequency sinusoidal strategy in resolv-
ing phase ambiguities.    

Accuracy evaluation: Transformer versus  
CNN architectures
   To evaluate the impact of the enhanced Swin-Unet’s self-attention 
mechanism, we compared its phase prediction accuracy against 
the standard Unet and the original Swin-Unet. Both networks 
were configured with similar parameter counts and trained on 
the same dataset under identical hyperparameter settings as previ-
ously described. Using the triangular-wave-embedded fringe 
composite images as input, the 3 networks (UNet, original 
Swin-Unet, and enhanced Swin-Unet) were used to predict 
phase values. In Fig.  6 A and D, we show the original triangular-
wave-embedded composite images from 2 different measure-
ment scenarios. Figure  6 B and E depicts the absolute phase 
results predicted by our enhanced Swin-Unet network. The 
absolute phase error distribution maps for the Unet network 
are illustrated in Fig. 6C1 and F1, along with zoomed-in views 
of their corresponding regions (Fig. 6C4 and F4). Similarly, 
Fig. 6C2 and F2 presents the absolute phase error distributions 
for the original Swin-Unet network, while Fig. 6C3 and F3 

showcases the error distributions for our enhanced Swin-Unet 
network.         The results indicate that the enhanced Swin-Unet 
network achieves significantly higher absolute phase prediction 
accuracy compared to the original Swin-Unet network, regard-
less of whether the scene involves a single plaster model or a 
combination of 2 isolated models with discontinuous surfaces. 
The improved self-attention mechanism, with a larger attention 
window, enables the model to better capture the global contex-
tual information within images, thereby facilitating a deeper 
understanding of image features. Unlike CNNs like Unet, which 
only have a local receptive field, the enhanced Swin-Unet network 
can also comprehend the global structure of fringe images and 
establish a correlation matrix among all pixel points in the image. 
This capability leads to the attainment of higher accuracy in the 
numerator, denominator, and absolute phase predictions.

    In addition, the experimental results further validate the theo-
retical advantages of our data-driven approach, demonstrating 
that it significantly outperforms traditional phase recovery 
methods in mitigating speckle noise. By leveraging the prior 
knowledge embedded in deep neural networks and advanced 
self-attention mechanism, our method achieves robust and accu-
rate phase recovery even under high noise conditions. This con-
firms the effectiveness of our approach for dynamic 3D shape 
measurement of objects with rough surfaces. As illustrated in Fig. 
 7 , a comparison of 3D reconstruction results with and without 
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Fig. 6. Comparison of absolute phase predictions and error distributions from different networks. (A and D) Original triangular-wave-embedded fringe images from 2 distinct 
measurement scenarios. (B and E) Absolute phase results predicted by the enhanced Swin-Unet network. (C1 and F1) Absolute phase error distribution of the Unet network. (C4 
and F4) Zoomed-in view of the orange box area in (C1) and (F1). (C2 and F2) Absolute phase error distribution of the original Swin-Unet network. (C5 and F5) Zoomed-in view 
of the green box area in (C2) and (F2). (C3 and F3) Absolute phase error distribution of the enhanced Swin-Unet network (the proposed), showing improved phase prediction 
accuracy. (C6 and F6) Zoomed-in view of the blue box area in (C3) and (F3).
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speckle noise is provided. Figure  7 A to D shows the original 
fringe pattern, the reconstruction results obtained using the pro-
posed Transformer-based enhanced Swin-Unet, the results from 
a traditional method, and corresponding zoomed-in views, 
respectively. Similarly, Fig.  7 E to H depict the fringe pattern with 
added speckle noise, the reconstruction results using our DL 
method under high speckle noise, the results from the conven-
tional method under the same noise conditions, and their 
zoomed-in views. These comparisons clearly highlight the supe-
rior performance of our method in noisy environments.           

Application of dynamic industrial measurement
   To validate the practical feasibility of our approach, we per-
formed 3D measurements in 2 dynamic scenarios: a plaster 
model and an industrial workpiece. During the measurement 
process, the plaster model was placed on a controlled precision 
turntable to ensure stable and consistent rotation, which 
allowed for accurate data acquisition throughout the process. 
Figure  8 A and B shows the camera images and reconstructed 
3D results for the 12th and 75th frames, respectively, effectively 
capturing the detailed surface geometry. By employing a 
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(D2)(D1) (D3)

(H1) (H2) (H3)
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D2

D3
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Fig. 7. Comparison of 3D reconstruction results with and without speckle noise. (A) Original fringe pattern. (B) Reconstruction results using the proposed Transformer-based 
enhanced Swin-Unet. (C) Traditional method results. (D1 to D3) Zoomed-in views of (A), (B), and (C). (E) Fringe pattern with added speckle noise. (F) Reconstruction results 
using the proposed deep learning method under high speckle noise. (G) Results from the conventional method under the same noise conditions. (H1 to H3) Zoomed-in views 
of (E), (F), and (G).
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Workpiece 3D results

Frame 98 Frame 98

Frame 25
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Frame 12

Frame 75
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Fig. 8. 3D measurement results for complex dynamic scenes. (A and B) Camera images and 3D reconstruction results for the rotating plaster model at the 12th and 75th 
frames. (C and D) Images and reconstruction results for a moving industrial workpiece. Movies S1 and S2 further showcase the complete dynamic measurement processes 
for the plaster model and industrial workpiece, respectively.
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single-frame reconstruction framework, our method inherently 
avoids motion-induced artifacts. Regardless of horizontal, ver-
tical, or complex motion, our design maintains stable and pre-
cise 3D shape measurements. Furthermore, the high-frame-rate 
camera integrated into our system reliably captures fringe 
images even under rapid object motion, preserving reconstruc-
tion quality despite high-speed or complex movements. This 
approach substantially mitigates typical issues such as motion 
blur and temporal aliasing, thereby enhancing performance in 
dynamic scenarios.

           Figure  8 C and D illustrates a moving industrial workpiece. 
Despite changes in position and orientation, the system main-
tained high measurement accuracy, demonstrating robustness 
that is critical for quality control and inspection applications 
in manufacturing processes. Supplementary Materials include 
Movies  S1  and  S2 , which showcase the dynamic measurement 
results for both the plaster model and the industrial workpiece, 
further illustrating the method’s efficacy. Overall, these results 
highlight the feasibility of our DL-based approach for dynamic 
industrial detection and underscore its potential for precise 
real-time measurements in industrial manufacturing.    

Conclusion
   In this work, we introduce a single-frame 3D measurement 
approach that integrates triangular-wave-embedded fringe pro-
jection with Transformer-based networks, providing motion-
immune, high-resolution reconstruction. By embedding a 
triangular wave into high-frequency sinusoidal fringes, our 
method preserves the integrity of the demodulated phase while 
minimizing interference in the high-frequency components. 
The resulting composite fringe image, used as the network input, 
significantly enhances phase retrieval and unwrapping, leading 
to more robust absolute phase recovery and extending the appli-
cability of our method across diverse surface types and complex 
environments. Our experiments confirm that this approach 
outperforms traditional techniques, particularly in terms of 
phase accuracy and 3D reconstruction quality. Furthermore, 
the Transformer-based architecture strengthens the extraction 
of relevant fringe features, thereby improving both accuracy and 
robustness in phase unwrapping predictions.

   Our method relies on the careful selection of triangular and 
sinusoidal frequencies, which may constrain flexibility under 
specific hardware or environmental conditions. Future work 
may involve optimizing the network’s computational footprint 
(e.g., reducing model complexity or leveraging hardware accel-
erators) to enable real-time 3D imaging in high-speed indus-
trial settings. Additionally, further research could explore 
applying this framework to dynamic or deformable surfaces, 
thereby expanding its utility in medical imaging, robotics, and 
industrial inspection.   
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