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Abstract

With the rapid advances in digital technologies and intelligent manufacturing, three-dimensional
(3D) imaging based on fringe projection has laid the foundation for machine vision, industrial
metrology, and interdisciplinary applications. This review provides a comprehensive overview of
fringe projection profilometry (FPP), which is a widely adopted technology in the 3D imaging
landscape. First, we outline the fundamental principles, implementation procedures, and historical
developments of FPP. Next, we present the continuous advances in algorithms, hardware, and
applications that collectively push FPP towards increasingly challenging measurement scenarios.
Subsequently, we provide a dedicated discussion to explain the transformative roles of artificial
intelligence (AI) and computational imaging (CI), delineating how their progress is initiating a
shift from traditional geometric approaches towards computational 3D imaging. The current
challenges and emerging trends in 3D imaging are further identified and discussed. Looking ahead,
FPP is expected to evolve into a next-generation 3D imaging technique, achieving unprecedented
accuracy, efficiency, and adaptability through the co-optimization of systems with algorithms and
the convergence of AI and CI, thereby empowering more complex requirements across industrial,
biomedical, and scientific domains.

Keywords: Optical Metrology, Computational Imaging, Three-dimensional Imaging, Fringe
Projection Profilometry
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1. Introduction

The advent of the Fourth Industrial Revolution has catalysed a paradigm shift in traditional
manufacturing industries towards intelligent manufacturing systems enabled by advanced digital
and information technologies1. In this context, three-dimensional (3D) imaging and measurement
techniques play a crucial role in providing full-field, accurate, and reliable geometric information
for high-end precision manufacturing. These techniques can be equipped with machines with
human-like 3D visual perception, enabling them to assist or even replace human operators in
complex and extreme environments2-4. Therefore, 3D sensing facilitates automation, intelligence,
and reconfigurability in intelligent manufacturing processes. In addition to manufacturing,
numerous applications of 3D sensing are emerging in medicine5-7, dentistry8-10 and agriculture11-13.
As a typical non-contact 3D measurement technique, fringe projection profilometry (FPP) has

been extensively used in inspection, manufacturing, and beyond owing to its strong performance
in high-accuracy and high-speed 3D surface measurements14-16. Inspired by classical optical
interferometry17-19 to modulate height with interference fringes, FPP simplifies the process by
directly projecting computer-generated sinusoidal fringe patterns onto the object surface. The
deformed patterns are captured by a camera from another view, and accurate 3D shape
reconstruction can be achieved after fringe analysis and system calibration. This approach
eliminates the need for coherent light sources or complex optical set-ups in interferometric
methods, resulting in superior robustness and versatility for practical applications.
With advances in the current scientific and technological revolution, research frontiers are

rapidly extending towards the extremes, which cover ultra-macroscopic scales, ultra-microscopic
domains, and extreme environmental conditions. This evolution imposes rigorous requirements on
traditional FPP techniques. The need to operate reliably under complex illumination conditions20,
21, dynamic scenes22, 23, materials with diverse reflective24-26 or absorptive properties27-29, and
extreme temperatures30 highlights the importance of developing new theories, methods, and
hardware systems that enhance adaptability and robustness. Addressing these emerging
requirements is critical for advancing FPP into the next-generation 3D imaging technology to meet
the demands of the forthcoming wave of industrial and digital transformation.
Over the past 40 years, vast advancements have emerged in the theory, techniques, and

applications of FPP to meet the increasing demand for higher accuracy, speed, and applicability.
According to the different targets and contributions, research on FPP can be divided into three
phases: the foundation phase (1983–2006), the booming phase (2007–2018), and the
transformative phase (2019–present). A roadmap for its development, including significant
theoretical and technical breakthroughs and emerging trends for future directions, is summarized
in Fig. 1.
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Fig. 1. Roadmap of the development of FPP.
In the foundation phase (1983–2006), the studies were focused on establishing fundamental
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theories. As a pioneer, Takada et al. proposed Fourier transform profilometry (FTP) for the
automatic measurement of 3D shapes in 198331. For the first time, they developed a
computer-based automatic fringe analysis method32, which has been experimentally proven in
both interferometry and profilometry31, 33, 34, opening the door to research on FPP in the next 40
years. Following FTP, other single-shot fringe analysis methods have emerged, including
windowed Fourier transform profilometry (WFTP)35, 36, wavelet transform profilometry (WTP)37,
38, and S-transform profilometry (STP)39-42, to enhance noise robustness, time-frequency
localization, and resistance to complex backgrounds. Point-to-point multiple-frame methods were
also developed to deal with complex geometries with discontinuities and abrupt edges. In 1984,
Srinivasan proposed automated phase-measuring profilometry (PMP)43 for 3D diffuse objects, in
which the phase can be calculated pixel-by-pixel from a series of phase-shifting sinusoidal
patterns, paving the way for further studies on high-accuracy 3D shape measurements. To solve
the phase ambiguity problem caused by the inverse trigonometric operation, temporal phase
unwrapping (TPU) algorithms44 were developed with PMP. The representative methods were the
phase-based multi-frequency phase-shifting algorithm45-53 and the intensity-based
Gray-coded-based algorithm54-62. Absolute and pixel-wise phase calculations were achieved using
the TPU algorithm. Finally, calibration methods were presented to convert the phase distribution
into 3D information, including the typical camera calibration method63-65, phase-to-height
model66-71, photogrammetric-based model72, self-calibrating model73, 74, and triangular stereo
model75-79, guaranteeing accurate 3D reconstruction. In this phase, the fundamental theories and
main framework for FPP were established, laying the foundation for further achievements.
In the booming phase (2007–2018), the studies were focused on improving measurement

performance. Two core targets were pursued in this phase: higher measurement accuracy and
speed. For high-accuracy measurements, researches took many efforts to overcome the problems
caused by intensity noise44, 80-84, illumination fluctuations85-89, phase-shifting errors90-97,
non-linearity effects98-108, overexposure109-116 and binary defocusing117-125, pursuing the “perfect”
sinusoidal fringes for optimal accuracy126. For high-speed measurement, two aspects are
particularly critical. On the one hand, measurement and reconstruction should be performed
simultaneously to meet the real-time requirements of applications such as online industrial
inspection, virtual reality, and augmented reality. To this end, researchers have devoted their
efforts to enhance the measurement efficiency and accelerate the computational process127-137. On
the other hand, advanced hardware was employed to further boost system performance. Digital
light processing (DLP) projectors138, array projection139, and “Goes Before Optics” (GOBO)
projection140-143 were invented for faster and more flexible projections. High-speed cameras144,
event cameras145-148, and single-photon avalanche diodes149-151 were developed for detection
capabilities. In parallel, various fringe analysis algorithms152-155 were developed to fully exploit
these hardware advances, significantly improving the measurement performance under
challenging conditions. In this phase, various devices and techniques were thoroughly investigated,
promoting the development of FPP and expanding their scope of applications.
In the transformative phase (2019–present), the studies are focused on breakthroughs in 3D

imaging frameworks. In the booming phase, the low-hanging fruits have already been picked, and
what remains cannot be easily solved using the traditional FPP framework. Deep learning, driven
by the availability of massive datasets, has become a powerful tool for addressing inverse
problems in different applications156-168. In 2019, Zuo et al. introduced deep learning in FPP and
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developed a deep-learning-based fringe pattern analysis technique to achieve multi-frame
phase-shifting accuracy with single-frame phase demodulation169. This breakthrough marked a
watershed moment in the field of FPP. This development transformed conventional FPP
techniques, shifting the underlying framework from geometric optics-based physical modelling to
a data-driven learning paradigm. Subsequently, numerous deep learning-based methods have been
developed to renew each step in the traditional FPP framework, including fringe analysis170-174,
phase unwrapping175-180 and error compensation181-187. The powerful inverse problem-solving
ability of data-driven methods provides superior and efficient solutions for emerging challenges
under imperfect measurement conditions compared with traditional knowledge-based methods.
Data-driven methods are used to solve the longstanding contradiction between the measurement
efficiency and performance in FPP. What was once a trade-off is now simultaneously achieved.
However, there is no such thing as a free lunch. Great performance comes at the cost of large
amounts of experimental data with labels and the risk of errors owing to a lack of interpretability.
Therefore, researchers have sought to address these difficult problems by establishing new
computational imaging models. The inherent “point-to-point” imaging model and “phase-based”
error model limit the performance of FPP in extreme or imperfect environments. In 2021, Jiang et
al. proposed parallel single-pixel imaging (PSI) for 3D shape measurement by introducing
“point-to-plane” imaging framework188. With this brand-new computational architecture, the
measurement of mixed scenes with multi-type reflection, including diffuse surfaces,
inter-reflection, sub-surface scattering, and overexposed surfaces, can be simultaneously achieved.
Subsequently, Wu et al. established a comprehensive theoretical model for PSI189, elucidating the
intrinsic factors contributing to the universality and robustness of the method. Furthermore, key
challenges, such as the low encoding efficiency of basis patterns and difficulty in principal
component localization, were effectively addressed190. These developments reduce the practical
implementation barrier of PSI and make this technology broadly accessible.
In this phase, the fundamental framework and underlying principles of FPP have undergone a

profound transformation. The community has increasingly abandoned strict adherence to
traditional triangulation and has gradually shifted towards a computational 3D imaging framework
driven by artificial intelligence (AI) and computational imaging (CI) techniques. Furthermore, CI
will yield higher-dimensional models that better represent physical systems, whereas AI will offer
immense processing power to enhance performance beyond the current capabilities. These
developments gradually redefine the rules of FPP, enabling superior accuracy, robustness under
extreme conditions, and an expanded application scope.
The remainder of this paper is organised as follows. Section 2 outlines the classification and

fundamental principles of FPP. Section 3 reviews the foundation phase, tracing its historical
developments and early implementation procedures. Section 4 details the period of rapid
expansion and application growth. Section 5 focuses on the recent breakthroughs and emerging
research trends. Section 6 discusses the current challenges and outlines potential future
perspectives. Finally, Section 7 concludes the paper with a summary of key findings and insights.

2. Classification and fundamental principles

The fundamental principle of FPP is straightforward, yet highly effective: a carefully designed
fringe pattern is projected onto the surface of the target object, and a camera records the deformed
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fringes caused by the surface geometry of the object from a different angle. By analysing how
these fringes are distorted, it is possible to accurately reconstruct the 3D shape of an object with
high precision and resolution.

Fig. 2. Classification and fundamental principles of FPP. (a) Three categories of FPP: phase-based,
intensity-based, and computational 3D imaging. (b) Phase-based 3D imaging. (c) Intensity-based 3D
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imaging. (d) Computational 3D imaging.
Traditional FPP typically refers to a measurement technique that determines the phase from

deformed patterns using different fringe analysis methods. However, with the increasing demand
for higher measurement speeds and general solutions in different environments, the
intensity-based and computational 3D imaging methods based on fringe projection have been
gradually developed. In this review, we extend the concept of FPP to the generalized fringe
projection approach, which encompasses all structured light measurement methods and systems
that perform 3D reconstruction by projecting sinusoidal fringe patterns. Depending on the fringe
analysis and processing strategy, these methods can be categorized into three classes (phase-based
3D imaging, intensity-based 3D imaging, and computational 3D imaging), as shown in Fig. 2(a).
The following paragraphs present the fundamental principles of each technique in detail.
The phase-based 3D imaging technique, whose origins can be traced back to 198331, represent

the earliest form of FPP. Sinusoidal patterns are projected onto the tested surface as described in
Eq. (1), and the camera captures the deformed images from another angle, as shown in Fig. 2(b).
Fringe analysis methods, including single-shot34 or multi-shot approaches191 have been applied for
phase reconstruction. A representative phase-shifting algorithm is used as an example to illustrate
the measurement process, as shown in Eq. (2). Other phase-analysis methods are introduced in
Section 3.1. Because the arctangent function is involved in phase reconstruction, the calculated
phase is inherently constrained to the range (−π, π], which is named the wrapped phase (x, y). To
obtain a true continuous phase distribution that reflects the actual surface height, phase
unwrapping must be performed to remove discontinuities and recover the absolute phase (x, y),
as described in Eq. (3). Finally, system calibration, including phase-to-height mapping and camera
calibration, is performed to convert the phase information into 3D coordinates in the physical
world.
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Intensity-based 3D imaging techniques have been developed to overcome the effects of
phase-based errors. Instead of projecting phase-shifting patterns with temporally varying statistical
patterns, �1

��, …��
�� are projected onto the measured surfaces, as described in Eq. (4), and observed

using two cameras, as shown in Fig. 2(c)192-195. At each image point (x(1), y(1)) in camera 1, a

temporal grey sequence �1
��(1), …��

��(1) is obtained and correlated with the grey sequence

�1
��(2), …��

��(2) captured by camera 2 using Eq. (5). Corresponding points can be found by

maximizing the correlation coefficient ρ. If the system parameters are obtained via calibration, the
3D shape can be calculated via triangulation of the corresponding points196. Here, aperiodic
sinusoidal fringe patterns are projected according to Eq. (4).
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Compared with traditional phase-based 3D imaging methods, the intensity-based approach does
not require prior knowledge of the projected statistical patterns, thereby significantly relaxing the
constraints on the temporal variation of patterns and system synchronization. Without the need for
phase shifting, this approach is particularly well suited for ultra-high-speed 3D measurements, as
elaborated in Section 4.2.3.
Computational 3D imaging has emerged with the rapid development of AI and CI technologies.

Traditional approaches are often unable to resolve the trade-offs between measurement efficiency
and performance. In addition, conventional FPP methods typically follow a point-to-point
triangulation principle, and therefore, they face limitations when dealing with complex scenes
containing mixed global illumination components, such as inter-reflection, sub-surface scattering,
and saturation. Data-driven AI-based methods and physics-informed CI-based architectures have
gained popularity to overcome these limitations.
As a representative example, the parallel single-pixel 3D imaging technique proposed by Jiang

et al. in 2021188, illustrates the ingenious concept of computational 3D imaging, as shown in Fig.
2(d). In this approach, each camera pixel (uc, vc) is treated as an independent single-pixel detector,
and a Fourier single-pixel imaging algorithm197 is applied to each pixel to separate the global
illumination components. This is achieved by projecting fringe patterns with varying spatial
frequencies and orientations, as described in Eq. (6), where fu and fv denote the frequency
components of the projected patterns along u and v directions, respectively. Without a collecting
lens in the camera, the reconstructed single-pixel image directly reveals the spatial distribution of
all the illumination components from the view of the projector for each camera pixel. These
reconstructed intensities are defined as light transport coefficients (LTCs) h(up,vp;uc,vc), which are
used to describe and separate the mixed illumination components. h(up,vp;uc,vc) is computed via
Fourier spectrum reconstruction, followed by an inverse Fourier transform, as expressed in Eqs. (7)
and (8), respectively. By incorporating epipolar constraints, the direct illumination can be
accurately localized. Finally, a stereo vision algorithm is applied to reconstruct the 3D coordinates
using the known positional correspondence between the projection and camera planes.
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In summary, phase-based, intensity-based, and computational 3D imaging methods represent

the three principal categories of FPP techniques. Each provides a distinctive strength. Phase-based
methods encode the depth information through precise phase modulation and reconstruction. They
are inherently robust to intensity variations and moderate noise in the measurement environments.
However, their accuracy strongly depends on the precision of the phase reconstruction, which
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imposes stringent requirements on the projector and camera imaging quality, synchronization
accuracy, and system linearity. In contrast, intensity-based methods introduce a stereo imaging
framework in which the projected patterns mainly serve as correspondence markers rather than
precise phase carriers. By relying on temporally varying intensity sequences instead of phase
shifting to establish unique matching features, these methods significantly relax the demands for
pattern stability and modulation precision, allowing the use of faster but potentially less stable
devices for ultra-high-speed 3D measurements. Nevertheless, conventional FPP techniques,
including both phase-based and intensity-based approaches, generally follow a point-to-point
triangulation principle and thus encounter difficulties in complex scenes with mixed global
illumination effects such as inter-reflection, sub-surface scattering, and saturation. Computational
3D imaging addresses these limitations by incorporating additional priors, either data-driven or
physics-informed, and by adopting higher-dimensional imaging architectures beyond traditional
triangulation. Hence, it enables a more robust and accurate reconstruction under complex
reflective and transmissive conditions. Overall, phase-based methods are best suited for
high-precision measurements in stable environments, intensity-based methods are advantageous
for high-speed measurement under noisy or dynamic conditions, and computational 3D imaging is
particularly effective for high-precision reconstructions under abnormal illumination conditions.
The evolution of these three approaches has shaped the development trajectory of FPP over the

past four decades, guided its technological progress, and broadened its application landscape.

3. Foundation phase: Historical developments and

implementation procedures

In the foundation phase (1983–2006), studies were primarily focused on establishing the
fundamental theories of FPP. During this period, various techniques were developed to satisfy
different measurement requirements. For example, FTP was proposed for dynamic measurements,
whereas PMP was developed for high-accuracy measurements. The central efforts of this phase
were concentrated on phase-based 3D measurement methods, which were categorized into
different strategies for phase reconstruction and phase unwrapping, as illustrated in Fig. 3(a). It
shall be highlighted that this classification does not cover all existing FPP approaches, and in this
review, we selectively highlight the representative and widely adopted methods. By tracing these
key techniques and their underlying principles, we aim to provide readers with a clear
understanding of how FPP has progressed from its theoretical foundation to its early practical
application. These contributions laid the foundation for future innovations and breakthroughs.
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Fig. 3 Historical developments and implementation procedures of phase-based FPP in the foundation
phase (1983–2006). (a) Classification of representative phase-based 3D measurement methods
according to phase extraction and phase unwrapping strategies. (b) Typical pipeline of phase-based FPP,
consisting of phase reconstruction, phase unwrapping, and system calibration.
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Although the theoretical foundation of phase-based FPP appears simple, its practical
implementation requires a series of well-designed steps to achieve an accurate and reliable 3D
reconstruction. The phase-based FPP framework consists of three key stages, namely, phase
reconstruction, phase unwrapping, and system calibration, as shown in Fig. 3(b). Each of these
steps plays an important role in 3D reconstruction. In the following sections, we discuss the major
advances in each stage, highlighting the representative methods, their underlying principles, and
their impact on the development of FPP. The categories and comments on the representative
phase-based FPP methods are summarized in Table 1.

Table 1. Summary and comments on the representative phase-based FPP methods.

Category Strategy Representative

method
Reference Remarks

Phase

reconstruction

Single-shot

FTP Takeda and Mutoh31 (1983-) Efficient for dynamics but trade

noise sensitivity for robustness as

evolving from global to localized

and hybrid approaches.

WFTP Qian. 35 (2004-)

WTP Sandoz37 (1997-)

S-transform Mansinha et al.42 (1997-)

Multi-shot PMP Srinivasan et al.43 (1984-) Provide high accuracy and

robustness with strong noise

resistance, but require multiple

Colour PMP Huang et al.198 (1998-)

Phase

unwrapping

Spatial
phase
unwrapping

Path-dependent

methods

Goldstein et al.199 (1988-)
Enable flexible reconstruction but
are highly sensitive to noise,
shadows, and undersampling.

Path-independent

approaches

Bone200 (1991-)

Dynamic 3D spatial
unwrapping Zhang et al.201 (2006-)

Temporal

phase

unwrapping

Multi-frequency
phase-shifting

Huntley and Saldner48
(1993-)

Ensure global consistency and
robustness for complex surfaces
but require multiple projections
that limit dynamic performance.

Gray coding Inokuchi202 (1984-)

Gray-level coding Ito and Ishii203 (1995-)

Phase coding Wang and Zhang204 (2012-)

System

calibration

Camera
calibration

Tsai’s camera
calibration Tsai65 (1987-)

Simple and accurate but dependent
on 3D physical targets.
The standard choice due to their
high accuracy, ease of use, and
adaptability.

Zhang’s camera
calibration Zhang63 (2002-)

Projector
calibration

Phase-to-height
model Takeda and Mutoh31 (1983-)

Stable accuracy in controlled
set-ups but needs displacement
mechanism.

Inverse camera
calibration Zhang and Huang78 (2006-)

Simple calibration workflow and
compatibility with widely available
computer vision toolkits.

Joint

calibration

Self-calibration

Tian et al.205, Xiao et al.206
(2008-)

Flexible target-free adaptability but
with higher computational cost.Xiao et al.206 (2013-)

Schreiber and Notni74
(2000-)

Triangular stereo

calibration
Bouguet207 (2004-) Convert the problem into a generic

binocular stereo calibration.

3.1 Phase reconstruction

Phase reconstruction is the cornerstone of FPP because it directly determines how effectively
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the captured fringe patterns can be translated into an accurate 3D surface profile. Over the past
few decades, a variety of phase reconstruction techniques have been developed to improve the
ability of FPP for more complex surfaces, diverse measurement conditions, and increasingly
stringent accuracy requirements.
3.1.1 Single-shot method
Single-shot fringe analysis methods differ primarily in how they extract the phase information

embedded in the captured fringe patterns. The phase that carries the depth information must be
retrieved precisely to ensure the measurement accuracy. To this end, researchers have developed
several representative algorithms, such as FTP31-34, WFTP35, 36, WTP37, 38, and STP39-41. The FTP,
introduced in the early 1980s, whose key idea is to treat the captured fringe pattern as a carrier
signal modulated by the object’s surface, is shown in Fig. 4. By transforming the image into the
frequency domain using a one-dimensional (1D)31 or two-dimensional (2D)208 Fourier transform,
the fundamental frequency component containing phase information can be separated from the
background and noise using a 1D or 2D filter. The filtered signal is then inversely transformed
back into the spatial domain to obtain the wrapped phase. FTP is highly efficient and well suited
for snapshot measurement tasks, making it valuable for dynamic or transient phenomena.

Fig. 4. Basic illustration of the FTP algorithm. (a) Algorithm workflow. (b) Measurement example.
Although it is highly efficient and suitable for single-shot measurements, its global nature

makes it sensitive to background illumination and low-frequency variations. To overcome these
issues, WFTP was introduced by Qian using localized windowing35, 36 with adaptive filtering. This
improved the measurement robustness of surfaces with fine features or discontinuities. Based on
localized analysis, the WTP employed multi-scale wavelets37, 38 to offer flexible resolution. The
WTP could capture both the global shape and fine details and efficiently suppresses noise in
textured or rough surfaces. The STP emerged as a hybrid approach39-41 and combined the adaptive
localization of wavelets with the straightforward extraction of Fourier methods. This enhanced the
accuracy under complex reflectance conditions and provided a practical balance between precision
and computational efficiency.
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In summary, these single-shot phase reconstruction techniques illustrate a clear evolution from
global to local and hybrid approaches. From classic global transforms to advanced localized,
multi-scale, and hybrid designs, they form a systematic framework for phase extraction in diverse
scenarios. For a more detailed comparison of these single-frame phase reconstruction algorithms,
readers can refer to the comprehensive review by Huang et al.209.
3.1.2 Multi-shot method
Parallel to the transform-based family of methods, phase-shifting techniques represent another

cornerstone of phase reconstruction43. In contrast to FTP and its variants, phase-shifting methods
rely on the projection of multiple fringe patterns with known phase differences. By capturing a
sequence of images and applying point-wise trigonometric calculations, the wrapped phase can be
retrieved directly with a high signal-to-noise ratio (SNR) and minimal spectral leakage. The
classic N-step phase-shifting approach (e.g., 3-step or 4-step) is straightforward and robust;
however, it requires the object to remain static during the measurement sequence. Figure 5 shows
the procedure of the standard 3-step phase-shifting approach in which the wrapped phase, average
value, and modulation can be solved using sinusoidal patterns.

Fig. 5. Basic illustration of the PMP algorithm. (a)–(c) Phase-shifting sinusoidal patterns. (d) Wrapped
phase. (e) Average value. (f) Modulation.
Various modified algorithms have been proposed to address these practical limitations. For

example, the double 3-step method suppresses the phase-shifting errors, non-linearity, and
intensity noise210. The Hariharan 5-step algorithm ensures robustness under unknown but constant
phase shifts90. The modified 2+1 method alleviates motion artefacts by combining two
phase-shifting patterns with a flat image211. In addition, the colour FPP encodes different phase
steps into separate red–green–blue (RGB) channels, enabling single-shot phase reconstruction
with phase-shifting accuracy153, 198, 212-216. For a more detailed comparison of these multi-shot
phase reconstruction algorithms, readers can refer to the comprehensive review by Zuo et al.44.

3.2 Phase unwrapping

Although phase reconstruction algorithms produce wrapped phase maps containing the essential
shape information, the phase values are inherently limited within (-π, π], leading to phase
ambiguities. These ambiguities reflect mathematical uncertainties rather than real surface
discontinuities. To avoid these ambiguities, phase unwrapping is required to reconstruct a unique
and continuous absolute phase map.
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To address this challenge, numerous phase unwrapping methods have been developed that
exploit different coding or projection strategies. These methods have significantly evolved in
parallel to address specific measurement scenarios and constraints. We briefly introduce several
representative and widely used approaches in the following sub-sections.

3.2.1 Spatial phase unwrapping

Spatial phase unwrapping methods reconstruct the absolute phase by integrating the phase
differences between neighbouring pixels, as shown in Fig. 6(a). A classical condition, derived by
Itoh in 1982217, states that if the true phase difference between adjacent pixels is within ±π, then
the wrapped and true differences coincide. However, in practice, noise, shadows, and
undersampling often disobey this condition, which will cause unwrapping errors depending on the
propagation path, as shown in Fig. 6(b). Consequently, two broad categories of spatial phase
unwrapping algorithms have emerged: path-dependent and path-independent strategies.

Fig. 6. Spatial phase unwrapping methods. (a) Basic principle of spatial phase unwrapping. (b) Errors
caused by noise, shadows, or undersampling. (c)–(e) Representative quality-guided strategies based on
reliability guidance.
Path-dependent methods rely on predefined propagation rules to prevent accumulation of errors

in unreliable regions. The most notable method is the branch-cut method199 introduced by
Goldstein, which identifies phase residues and connects them with cuts to prevent error
propagation. Although effective, branch cuts may form isolated regions, resulting in incomplete
unwrapping. Numerous improvements have been proposed to solve this problem, including
residue cancellation218, optimized search windows219, and adaptive cut connection strategies220.
Another influential category is quality-guided unwrapping200, where pixels are ranked by
reliability metrics such as modulation, phase derivative variance, or gradient magnitude.
High-quality pixels are unwrapped first, and low-quality pixels are processed later, which avoids
error propagation, as shown in Figs. 6(c)–(e). Quality-guided unwrapping is widely adopted for
the measurement of complex geometries such as gypsum dental casts and additive manufacturing
of structural components.
Path-independent approaches treat unwrapping as a global optimization problem. The least

squares method200 minimizes the squared error between the wrapped and reconstructed gradients,
producing smooth solutions that are sensitive to noise. Variants with binary masks or direct
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fringe-order estimations have improved the accuracy and stability. The minimum discontinuity
method221, based on L1 norm minimization, instead seeks to minimize phase discontinuities across
the entire field and has been refined with edge detection222, tabu search223, and quality-guided
heuristics224 to better handle noisy or undersampled data.
In addition to the 2D cases, spatial unwrapping has been extended to dynamic 3D

measurements by treating a sequence of wrapped phases as 3D fields. Methods such as
residue-ring identification218, quality-guided extension225, region-merging optimization226, and fast
3D unwrapping 227 have been developed to ensure both spatial and temporal continuity. These
advances highlight the transition of spatial unwrapping from heuristic path-tracking schemes to
mathematically rigorous, optimization-based, and multi-dimensional solutions. For more details
on spatial phase unwrapping algorithms, readers can refer to the reviews by Su and Chen228 and
Zhao et al.224.
However, spatial unwrapping is highly sensitive to noise, shadows, and undersampling, making

the reconstruction path-dependent and error-prone, which motivates the development of temporal
phase-unwrapping methods as a more robust alternative.

3.2.2 Temporal phase unwrapping

Temporal encoding methods resolve phase ambiguities by sequentially projecting multiple
fringe patterns using different frequencies or coding strategies. Unlike spatial unwrapping, which
propagates the phase locally and is sensitive to noise or undersampling, temporal strategies
determine the absolute fringe order pixel-by-pixel. Therefore, these methods ensure global
consistency and higher robustness for complex or discontinuous surfaces.
Most temporal encoding methods can be summarized as the phase-shifting plus X-code, where

the “X” represents an auxiliary coding scheme designed to determine the absolute fringe order.
Depending on the coding design, X can correspond to multi-frequency phase shifting45-53, Gray
coding54-62, Gray-level coding229-231, or phase coding204, 232-237.
Multi-frequency phase shifting exploits the difference between wrapped phases at different

spatial frequencies. These variants include hierarchical unwrapping48, 50, number-theoretical
approaches45, 46, 49 and heterodyne strategies47, 238. Different strategies for frequency combinations
were adopted in these three methods, leading to different performances in terms of anti-noise
ability and resistance to motion. All of these methods can achieve efficient unwrapping with
relatively few patterns, making them suitable for dynamic scenes.
Gray-coded phase unwrapping combines binary Gray patterns with sinusoidal fringes to provide

absolute fringe order. An example of a typical complementary Gray code62 is shown in Fig. 7.
Phase-shifting fringe patterns are used to calculate the wrapped phase, and Gray code patterns
with unique encoding methods are projected to label each fringe order. An additional
complementary Gray code is projected to avoid jump errors. Because of the low bit error rate of
the Gray code, it is particularly effective for handling large discontinuities or isolated regions with
high-level noise. However, its drawback is the large number of projected frames, which limits its
dynamic performance. To improve speed, Gray-level coding extends binary Gray codes to
multi-level intensity patterns for measurements using fewer patterns229, 230. However, this method
is more susceptible to noise owing to the smaller greyscale transitions. Phase coding has emerged
as another efficient alternative because it encodes fringe-order information directly into the phase
domain204. This enables the simultaneous reconstruction of the wrapped phase and fringe order
from the phase-shifting fringes. This reduces the number of projection patterns while maintaining
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robustness.

Fig. 7. Temporal phase unwrapping. (a) Process and results of traditional method and complementary
Gray code method. (b) Illustration of complementary Gray code unwrapping for resolving phase-order
jumps.
Temporal encoding methods also explore the idea of embedding multiple codes, colours,

speckles, or different frequencies into the projected pattern to improve the encoding efficiency and
resistance to noise. Representative examples include the composite phase-shifting method179,
colour fringe projection198, and speckle-embedded FPP239. These methods aim to capture richer
information within fewer frames. This is particularly valuable for dynamic scenes in which motion
artefacts dominate the measurement quality. For a more detailed comparison of these temporal
phase-unwrapping algorithms, readers can refer to comparative reviews by Zuo et al.44, He and
Qian240, and Wu et al.241.

3.3 System calibration

System calibration is the final step in FPP and directly influences the accuracy and repeatability
of 3D surface reconstruction. The primary goal is to establish an accurate geometric mapping of
the camera, projector, and measurement space. Therefore, system calibration is the last but most
important step. Over the years, multiple calibration models have been developed and optimized
for specific requirements and loose practical constraints in FPP applications.
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3.3.1 Camera calibration

Camera calibration aims to establish an accurate geometric relationship between the camera and
physical world. Camera calibration is a fundamental step to determine the intrinsic and extrinsic
parameters of the imaging system. In 1987, Tsai proposed a two-step method based on radial
alignment constraint (RAC)65. It is a pioneering work that involves obtaining initial estimates
using a linear algorithm and then optimizing them through non-linear iterations. This method
achieved high computational efficiency, and therefore, it was particularly suitable for the limited
computing resources available at that time. However, this method typically required 3D
calibration objects, such as precision targets with coplanar or non-coplanar point arrays, which are
not accessible to most users.
Subsequently, Zhang’s camera calibration model was introduced in 200063, which was a

significant milestone in camera calibration. Unlike early calibration methods, it relied on
expensive and precisely machined 3D targets. Zhang’s method provided a simple, flexible, and
practical solution by capturing a single planar pattern (commonly a chequerboard) at several
positions and postures. The key advantage is that the exact position or motion of the calibration
plane need not be known, which significantly simplifies the calibration procedure. In addition, this
model explicitly compensates for lens distortion and estimates both the intrinsic and extrinsic
parameters through a closed-form solution. Its high accuracy, ease of use, and adaptability make
Zhang’s method the standard choice for laboratory research and industrial FPP tasks.

3.3.2 Projector calibration

Many mature calibration methods and tools can be obtained or referred to from other fields,
such as computer vision. In contrast, projector calibration methods are scarce, which is the
connection to bridge the fringe deformation and modulated height. To solve this problem, the
phase-to-height model was first proposed to provide a direct relationship between the
reconstructed phase and the object’s physical height by calibrating the known system geometry31,
66-70, 134, 242-244. Typically, a reference plane embedded in a high-precision displacement stage or a
standard step gauge with known dimensions is used to build the phase-to-height mapping.
Depending on the measurement range and required accuracy, various mapping strategies have
emerged, including classic linear mappings127, linear inverse models242, polynomial fittings245, and
governing equation-based models243. The linear model assumes a proportional relationship and
works well for small fields of view with minimal distortions, whereas the polynomial or analytical
models handle larger ranges and non-linear effects better. These methods are characterized by
stable accuracy in controlled set-ups but require a displacement mechanism. Therefore, the
phase-to-height approach is widely adopted in precision metrology and industrial inspection
scenarios where system stability and measurement repeatability are critical.
In addition to directly establishing the phase-to-height relationship, another typical category of

projector calibration methods is inverse camera calibration. In this method, the structured light
system uses phase uniqueness to reconstruct the calibration target pattern from the projector’s
view. Thus, the projector is mathematically treated as a pinhole camera in reverse. Once the
projected view of the calibration target is recovered, the projector can be calibrated using standard
camera calibration techniques such as Zhang and Huang’s method78. This method intelligently
converts the scarce projector calibration problem into a mature camera calibration framework.
Therefore, it can be executed using a simple calibration workflow and is highly compatible with
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widely available computer vision toolkits.

3.3.3 Joint calibration

After the individual calibration of the camera and projector, joint calibration is required to
establish their geometric correspondence and achieve the final 3D reconstruction. Schreiber et al.
developed a self-calibrating model in 2000. With this method, the system projects two sets of
orthogonal fringe patterns from at least two different directions to generate redundant phase
information74. Redundant coding allows the system to solve both surface coordinates and system
orientation parameters in a unified manner by solving phase-value-based collinearity equations.
With this approach, the calibration and measurement processes can be completed simultaneously.
This model addresses the limitations of the traditional calibration that requires physical targets or
external reference markers. Therefore, the self-calibrating approach offers significant advantages
for in-situ, large-scale, and long-term measurements. In addition, it is suitable for measurements in
environments where it is difficult to use standard calibration tools. This represents a major step
towards flexible FPP systems for single- and multi-view measurements73, 246-249 under dynamically
changing measurement conditions.
Another representative approach is the triangular stereo model, which considers the camera and

projector as a stereo pair. In this method, the structured light system treats the projector as an
inverse camera and the projector can be calibrated using standard camera calibration techniques74,
78, 250. This strategy effectively transforms the calibration of a structured light 3D measurement
system into a generic binocular stereo calibration problem. The existing mature algorithms for
stereo vision can be directly applied to structured light set-ups by aligning the coordinate systems
of the camera and projector within a unified framework. This concept simplifies the calibration
workflow and enhances the accuracy and compatibility of widely available computer vision
toolkits. Based on this concept, numerous methods have been developed for out-of-focus system79,
unidirectional structured light system251 and accuracy enhancement250. The inverse camera concept
has become a practical and widely accepted approach for the calibration of structured light
systems. This enables more flexible, accurate, and easily deployable solutions for a broad range of
3D measurement tasks.
These calibration models demonstrate the calibration process from simple target-based set-ups

to more robust, adaptive, and flexible solutions. They provide a foundation for achieving accurate,
flexible, and reliable 3D surface measurements in increasingly demanding applications. For more
detailed information on the calibration, readers can refer to the comparative review by Feng et
al.252.
In summary, we have reviewed the historical evolution of the FPP and its basic implementation

procedures in this section. Each stage plays a crucial role from phase reconstruction and phase
unwrapping to system calibration. These processes are continuously improved from noise-robust
phase demodulation to reliable unwrapping and flexible calibration. This has significantly
enhanced the accuracy, stability, and robustness of FPP systems and laid a solid foundation for
their further development.



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 19 / 90

4. Booming phase: Significant advances and expanding

applications

Building on the theoretical foundations and historical developments during the foundation phase,
the FPP entered a period of rapid growth and diversification from around 2007 to 2018. In this
stage, the core principles and implementation procedures have become well understood and
widely adopted. The goal was to address the more complex measurement demands in real-world
scenarios. Consequently, the field has experienced a booming phase of methods and applications.
This section focuses on the significant advances and emerging applications in the booming

phase. In this section, we address two key research directions. First, we examine how various
measurement errors affect phase uncertainties and we summarise the emerging compensation
algorithms. Next, we explore the development of dynamic 3D reconstruction methods using
advanced hardware.

4.1 High-accuracy measurement

Based on the differences in the phase calculation methods, FPP can be categorized into PMP45,
191, FTP34, and other techniques. The PMP modulates an object’s height information by projecting
multiple fringe patterns. This ensures phase extraction through point-to-point computations in the
temporal domain. Compared with FTP, PMP does not require filtering operations, offers simpler
computation, and exhibits greater robustness in the measurement of complex surfaces.
Furthermore, the point-to-point calculation approach performs better in scenarios with
non-uniform surface reflectivity. Consequently, PMP-based methods are increasingly implemented
for high-precision 3D shape measurements.
In practical measurement scenarios, the phase calculated by PMP is subject to errors introduced

by factors such as intensity noise, unstable illumination, inaccurate phase shifting, non-linear
response, fringe overexposure, and binary defocusing, as shown in Fig. 8(a). This section focuses
on PMP-based phase error compensation techniques and introduces the typical distributions of
various phase errors. According to Eq. (1), accurate phase calculation requires two prerequisites:
the background intensity A and the modulation intensity B must remain constant, and the amount
of phase shift δi must be known and generally satisfy Eq. (1). In practical measurements, multiple
noise sources exist that prevent the phase calculation from satisfying these two conditions,
resulting in a decrease in the accuracy of the final reconstructed 3D shape. Figures 8(b)–(g)
illustrate the influence of typical error sources and the corresponding generated phase error
distributions. It can be observed that, except for the intensity noise, the phase errors under other
factors exhibit distinct sinusoidal distributions. When using a 3-step phase-shifting fringe pattern
to calculate the phase, the phase error caused by unstable illumination shows the first frequency
distribution, the error from inaccurate phase shifting shows a second frequency distribution, the
errors from non-linearity and overexposure show a third frequency distribution, and the error from
the binary defocusing shows a sixth frequency distribution. Therefore, the possible causes of the
accuracy degradation in practical measurements can be roughly inferred from the distribution
pattern of the phase error in the results, allowing the corresponding error compensation and
correction methods to be applied. In addition to inaccurate phase shifting, phase-shift errors
caused by other factors can be suppressed by increasing the number of phase-shifting steps.
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However, increasing the number of phase-shifting steps reduces the measurement efficiency. Thus,
existing phase error compensation techniques primarily aim to achieve efficient and robust 3D
measurements with a limited number of projected patterns. The main classifications of these
techniques are shown in Fig. 8(a), and this section also follows this classification for introduction.
For each type of error, the basic principles, technical approaches, and research progress in
high-accuracy measurement methods for error avoidance or compensation are reviewed and
introduced.

Fig. 8. Phase-shifting fringes and their phase errors affected by different noise sources using 3-step
PMP: (a) Classification of phase error compensation methods. (b) Intensity noise. (c) Illumination
fluctuation. (d) Phase-shifting error. (e) Non-linearity effect. (f) Overexposure. (g) Binary defocusing.
4.1.1 Intensity noise suppression
The standard deviation of the phase error contained in the unwrapped phase obtained using the

N-step phase-shifting algorithm can be expressed as253:
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From the above equation, to minimize the impact of intensity noise on the reconstruction results,
the most direct methods involve increasing the number of phase-shifting steps N, modulation
intensity B, and fringe frequency f. Among these, increasing the number of phase-shifting steps
reduces the measurement efficiency and makes the object more susceptible to motion errors during
the measurement. Therefore, researchers have focused on improving the other two parameters
while reducing the number of projected images. This technical evolution is illustrated in Fig. 9(a).
In addition to the direct approach of using the available dynamic range of the projector as much

as possible, some studies have optimized the amplitude of the effective components in the
projected phase-shifting fringes to increase the modulation intensity80, 81. Wang et al.80 related the
optimization of N phase-shifting patterns as a point distribution problem in an N-dimensional
coding space, achieving the maximum fringe SNR through optimization. Zuo et al.81 leveraged the
insensitivity of three-step phase shifting to triple harmonic errors. By altering the triple harmonic
components in the sinusoidal fringes, they increased the amplitude of the effective fundamental
frequency component, thereby enhancing the dynamic range of the fringes. Another approach
involves denoising the fringe patterns. Fu and Zhang254 proposed an image decomposition method
to reduce the fringe pattern noise. Figs. 9(b) and (c) show the results of these methods.

Fig. 9. Results of intensity noise suppression methods. (a) Classification of intensity noise suppression
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methods. (b) Optimizing the SNR of fringe patterns80. (c) Changing the harmonic component of the
fringe patterns81.
In terms of increasing the fringe frequency, although a higher fringe frequency can effectively

reduce the impact of intensity noise, it also increases the error amplification factor in the temporal
phase unwrapping process and reduces the success rate of phase unwrapping. Therefore, the
maximum fringe frequency should be determined in conjunction with a specific FPP system and
phase-unwrapping strategy.
For more detailed discussions regarding fringe frequency and intensity noise, readers may refer

to the works of Zuo et al.44 and Wang et al.84.

4.1.2 Illumination fluctuation error correction
Although increasing the number of phase-shifting steps or using more stable light sources can

reduce the impact of illumination fluctuations, this leads to decreased measurement efficiency or
increased hardware costs. The post-processing of images using algorithms is a more efficient
approach. Onodera and Ishii85 measured the phase of six interferograms and obtained the phase
after error elimination by least-squares fitting of the interference fringes with an interferogram
function containing changes in the laser power and intensity. Zhang and Zhang255 used a stable
xenon lamp as a substitute for an unstable liquid crystal display/light-emitting diode (LCD/LED)
lamp. Liu et al.86 proposed an iterative algorithm that used the least-squares method to calculate
the phase shift and wavefront phase in two steps. The fluctuation factor was determined during the
phase-shift calculation, and the intensity fluctuations were compensated during the wavefront
phase calculation. Lu et al.87 corrected the errors caused by illumination fluctuations using a
histogram of the phase map. Chen et al.88 established a mathematical model for the time-varying
unstable projection light intensity and based on this, they proposed a method for real-time
correction of phase errors due to illumination instability. The results of some of these methods are
shown in Fig. 10.
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Fig. 10. Results of illumination error correction methods. (a) Classification of illumination fluctuation
error correction methods. (b) Method based on empirical mode decomposition255. (c) Method based on
histogram of phase87. (d) Real-time error correction method88. (e) Iterative-based method86.
Similar to other types of errors, correction methods for illumination fluctuation errors are also

being developed to achieve higher efficiency and precision. However, the time-varying nature of
illumination fluctuation itself makes these methods relatively sensitive to ambient light and object
surface reflectivity88. Therefore, the development of more robust algorithms requires further
exploration.

4.1.3 Phase-shifting error correction
One of the prerequisites for accurate phase recovery in phase-shifting profilometry is the

precise knowledge of the phase shifts, as shown in Fig. 11(a). In practice, however, phase-shift
errors arise from two primary sources: (1) imperfections in mechanical phase-shifting devices,
such as motion delays and non-uniform stepping (Fig. 11(b)) and (2) the dynamic motion of the
measured object. The former can be mitigated using phase-shift-insensitive algorithms90, 92, 256.
This subsection focuses on motion-induced phase errors, which are more challenging because of
their spatially and temporally varying nature. When an object moves during acquisition, a single
camera pixel integrates light from different physical points over time, causing pixelwise
deviations in the effective phase shift.
To address motion-induced errors, the existing correction strategies can be broadly categorized

into four groups: (i) object-tracking-based methods, (ii) phase-shift deviation estimation methods,
(iii) phase-averaging- or symmetry-based methods, and (iv) FTP-assisted methods.
(i) Object-tracking-based methods compensate for motion errors by estimating the 3D trajectory

or displacement of the object across frames. Some scholars have studied compensation methods
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based on motion tracking. Weise et al.91 compensated for motion-induced errors using Taylor
expansion to estimate the motion and position offset. Lu et al.95 proposed a method based on
Scale-Invariant Feature Transform (SIFT) to compensate for measurement errors caused by rigid
body motion, as shown in Fig. 11(c). Sui et al.257 proposed a method for extracting codeword maps
by considering the motion of projection pixels among the frames. Duan et al.258 proposed a
motion-estimated PMP based on a fringe-oriented synthetic phase correlation algorithm to
accurately detect the sub-pixel displacements of moving objects according to the object surface
features. He et al.259 proposed a bivariate polynomial distribution to describe and correct the phase
errors caused by the arbitrary motion of a measured object. Kang et al.260 proposed a dynamic 3D
shape measurement method using structured light based on a motion-induced phase shift. Wang et
al.261 used digital image correlation technology to track the three-dimensional motion of an object.
These approaches effectively reduce the errors under uniform or rigid motion along specific axes.
However, their performance degrades significantly under non-uniform, non-rigid, or complex 3D
motion scenarios.
(ii) Phase-shift deviation estimation methods directly extract the actual (unknown) phase shifts

from the acquired fringe patterns. Feng et al.262 proposed an iterative method for calculating the
average phase-shift deviation of a single segmented object. Wang et al.263 successfully
reconstructed the 3D shape of uniformly dynamic scenes using a motion-induced error reduction
method with additional temporal sampling. Liu et al.264 performed motion error compensation by
estimating the object motion from the difference between two 3D shapes. Most of these methods
require iterations for accurate motion phase-shift deviations, which increases the complexity of the
calculation process. Liu et al.265 proposed a real-time motion error compensation method that
estimated the unknown phase-shift deviation for 4-step phase shift fringe patterns. Guo et al.266

proposed a generalized phase-shift deviation estimation method for extracting phase-shift
deviations from the difference information between adjacent phases without additional projection
fringes, as shown in Fig. 11(d). These phase-shift deviation estimation methods can effectively
reduce the phase-shift errors of deformed objects through pixelwise error compensation. Although
powerful, most of these methods rely on iterative optimization, which increases the computational
complexity.
(iii) Phase-averaging- or symmetry-based methods exploit the harmonic characteristics of

motion errors, particularly their second-order distribution, to cancel errors through symmetric
phase design or post-processing. Wang et al.267 used the Hilbert transform to calculate an
additional phase and reduced the motion-induced errors by averaging the original and additional
phases. Guo et al.268 realized the reverse distribution of motion phase error by constructing π/2
phase shift of image groups, and proposed a reverse average motion phase error compensation
method of 4-step phase shift, as shown in Fig. 11(e). Yao et al.269 adjusted the projection sequence
of the 4-step phase shift fringe pattern, which further improved the computational efficiency.
These phase-averaging methods calculate the average phase map of the regular phase shifted
patterns and π/2 phase shifted patterns to cancel out the variability motion-induced errors. Wu et
al.270 approximated the phase change as an unknown but linear phase shift and proposed a
gradient-based equal-step 3-step phase-shifting algorithm to suppress the motion errors.
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Fig. 11. Phase-shifting error correction methods and their results. (a) Classification of phase-shifting
error correction method. (b) 3D measurement system based on mechanical phase shifting. (c) Motion
error compensation method based on object tracking95, 266. (d) Motion error compensation method
based on phase-shift deviation estimation266. (e) Symmetry-based motion error compensation method
for 4-step PSP268. (f) FTP-assisted motion error compensation method271.
(iv) FTP-assisted methods leverage the inherent motion robustness of FTP, which reconstructs

phase from a single fringe pattern and thus avoids inter-frame motion errors. FTP requires only a
single fringe pattern for phase reconstruction, inherently avoiding errors caused by motion from
the source. Therefore, many researchers have combined FTP with PSP for phase error
compensation. Cong et al.272 applied FTP to two adjacent frames of phase-shifting fringes to
extract the phase separately and then used the difference to estimate the phase-shift error. Li et
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al.273 performed an FTP transform on a single high-frequency fringe pattern to obtain the object
phase and then referenced the phase obtained from a set of low-frequency phase-shifting fringes to
generate the final high-precision phase map. Qian et al.274 detected moving regions of the object
within the image and then used FTP to compensate for PMP motion error in these regions, while
fully retaining the PMP results in stationary regions. As shown in Fig. 11(f), Guo et al.271 used a
dual-frequency composite grating to acquire high and low-frequency wrapped phases, employed a
virtual high-frequency method to identify moving regions in the image, and finally fused the
phases obtained from FTP and PMP to achieve real-time motion error elimination.
In summary, although significant progress has been made, most motion error compensation

methods impose constraints, such as assuming uniform motion, requiring prior knowledge of
object kinematics, or relying on iterative refinement. This limits their applicability to general
dynamic scenes. Spectral-based and hybrid approaches offer broader robustness but are
constrained by the inherent resolution limits of FTP on complex surfaces. For a more detailed
comparison of these phase-shifting error correction methods, readers can refer to the comparative
review by Lu et al.96.
4.1.4 Non-linear error compensation
Non-linear responses in digital projectors introduce high-order harmonic components into the

projected fringe patterns, leading to periodic phase errors in PMP. Even though increasing the
number of phase-shifting steps can suppress these harmonics275, 276, it compromises the
measurement speed, rendering such approaches unsuitable for high-speed dynamic applications.
Consequently, recent research has focused on achieving an effective non-linear error
compensation with a minimal number of fringe patterns. Existing strategies fall into two main
categories: pre-compensation methods (which pre-compensate for non-linearity before projection)
and post-compensation methods (which correct errors during the post-processing of the captured
images), as shown in Fig. 12(a)105.
Pre-compensation methods aim to linearize the output of the projector by pre-distorting the

input fringe patterns using an inverse model of the non-linear response of the system. The main
idea is to obtain the projector’s response function f through calibration and then apply its inverse
function f⁻¹ to the original images to ensure the sinusoidal nature of the projected fringes. Huang et
al.98 fitted the greyscale response curve of a projector with a polynomial and achieved linear
compensation of the greyscale curve by applying the inverse of this polynomial to the projected
fringes. Guo et al.99 applied the property that the cumulative distribution function (CDF) of the
fringes is independent of the phase and frequency to establish a look-up table from the CDF to the
gamma value. Hoang et al.101 calculated an accurate gamma value by solving the non-linear
function between the phase from large-step phase-shifting fringes and the actual distorted phase.
Liu et al.102 proposed an accurate mathematical model to describe the relationship between phase
error and gamma, where the actual gamma value can be estimated from the harmonic coefficients
of the phase. Li and Li103 further proposed a strict model for gamma distortion that considered the
defocusing effect, making the predicted gamma value more accurate under defocusing conditions.
Peng et al.104 employed cubic spline interpolation instead of the traditional single-parameter
gamma to better fit the response curve of the projector. Yu et al.106 leveraged the relationship
between the probability density function (PDF) curve of the truncated phase and gamma to
establish a look-up table through simulation. This method can accurately determine the gamma
value using as few as three fringe patterns. The workflow and experimental results are shown in
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Fig. 12(b). Muñoz et al.107 treated the gamma value estimation as

Fig. 12. Non-linear error compensation methods and their results. (a) Classification of non-linear error
compensation methods. (b) Pre-compensation method based on PDF106. (c) Pre-compensation method
based on SVR277. (d) Post-compensation method based on Hilbert transform278. (e) Post-compensation
method based on Gauss–Newton iterations279.
a one-dimensional optimization problem that calculates the gamma value by minimizing the
difference between the gamma-corrected phase plane and the least-squares plane. Wang et al.108

considered a defocused optical system affected by non-linearity and proposed a method that used
two response curves to jointly determine the appropriate precoding gamma value. Cai et al.277

introduced the support vector regression (SVR) concept from machine learning for non-linear
correction. They used a dataset containing PDF curves and gamma values to train the SVR model.
During measurement, the actual PDF was inputted into the SVR model to estimate the gamma
value of the system. The workflow and experimental results are shown in Fig. 12(c).
In addition to applying the inverse function of the projector response curve or performing

gamma pre-coding, another approach is the binary defocusing technique for fringe patterns.
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Although binary defocusing inherently avoids the gamma effect of the projector, it introduces
defocusing errors and limitations in the measurement depth of field. A detailed introduction and
discussion can be found in Section 4.1.6.
Post-compensation methods correct non-linear phase errors after image acquisition without

modifying the projected patterns. These can be further grouped based on their underlying
principles. Symmetry-based error cancellation: Huang et al.210 designed a dual three-step PMP
scheme with a π/3 initial phase offset, yielding two phase maps with opposite first- and third-order
errors, and averaging them cancelled non-linear distortions. Similarly, Cai et al.278 observed that
applying the Hilbert transform to distorted fringes produced a phase-error distribution opposite to
that of the original, enabling compensation via phase averaging, as shown in Fig. 12(d). Look-up
table (LUT) approaches: Zhang and Yau280 proposed a general LUT method applicable to arbitrary
phase-shifting steps, constructed by measuring phase errors on a flat reference surface. Pan et
al.100 used the property that the period of the non-linear phase error is the same as that of the
phase-shifting steps and proposed an iterative phase error compensation method. Yu et al.106 and
Liu et al. 281 linked the PDF of the wrapped phase to the harmonic error coefficients, enabling error
reconstruction from phase statistics. Wang et al.282 proposed a phase-shifting histogram
equalization method for non-linear correction and used spline interpolation to eliminate
discretization errors caused by histogram equalization. Song and Kong279 projected an additional
mask image alongside dual-frequency fringes, used least squares to estimate high-order harmonics,
and recovered the true phase via Gauss–Newton iterations, as shown in Fig. 12(e).
Compared with pre-compensation methods, post-compensation methods generally involve more

complex computational processes and have limited application scenarios. When the object is at a
different position or the projector’s focus is altered, passive methods often fail to effectively
suppress the phase errors caused by non-linearity105. Passive methods offer better robustness when
the non-linear response of a system changes over time283. In other cases, active methods are more
accurate and efficient.
4.1.5 High dynamic range measurement
Current research on high dynamic range (HDR) problems can be divided into two main

categories: device-based and algorithm-based methods. Device-based methods reduce the impact
of high reflectivity on the measurement results by modulating the camera’s exposure time, the
projector’s intensity, or by adding other equipment, as shown in Fig. 13(a).
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Fig. 13. HDR measurement methods and their results. (a) Classification of HDR error correction
methods. (b) Multi-exposure method110. (c) HDR measurement using polarization device116. (d) HDR
measurement using scanning mirror devices284. (e) HDR measurement based on pattern encoding285.
Zhang and Yau110 proposed a multiple exposure technique in which pixels from multiple fringe

patterns captured at different exposure times were selected. The pixel with the maximum intensity
value (which was not saturated) was selected from the corresponding pixels in each set, and the
results were fused into a single fringe pattern. The algorithmic workflow and experimental results
are shown in Fig. 13(b). The selection of exposure times for this method relies on subjective
experience, and the multiple exposure process is time-consuming. Therefore, many researchers
have proposed methods to automatically select exposure times and reduce the number of
exposures. Jiang et al.112 used the degree of modulation as a criterion for selecting pixels from the
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original fringe patterns, thereby automatically obtaining fringes with a high SNR. Ekstrand and
Zhang111 estimated the global optimal exposure time by analyzing the surface reflectivity of the
object. Feng et al.113 further divided the histogram distribution of the measured surface reflectivity
into several groups and adaptively predicted suitable exposure times for each group. Rao and
Da115 automatically calculated the exposure time by analyzing the degree of modulation and
maximum fringe intensity of each pixel, enabling the measurement of HDR regions with a
maximum of five exposures. Zhang286 pre-calibrated the camera’s response function to objects of
different reflectivity, determined the intrinsic constant parameters of the camera response, and
ultimately determined the optimal exposure time through a single exposure.
In addition to adjusting the exposure time to prevent camera saturation in HDR regions, the

required images can be acquired by varying the projected light intensity. Waddington and
Kofman287, 288 linearly adjusted the maximum input grey level (MIGL) of the projector and fused
phase-shifting fringes captured under different MIGLs into a single set of images. Li and
Kofman289 locally modified the MIGL of the projected fringes based on saturated pixels in the
captured images, requiring only three sets of fringes to complete the HDR measurement. Sheng et
al.290 corrected the projected image based on feedback from the overexposed pixel information,
reducing the intensity of the projector pixels corresponding to the overexposed points.
Furthermore, introducing additional hardware into the system can also assist in the 3D

measurement of HDR scenes, such as using polarization devices109, 113, 116, 291 (Fig. 13(c)), scanning
mirror devices284 (Fig. 13(d)), or photometric stereo techniques292-294.
Algorithm-based HDR techniques do not require repeatedly adjusting the device parameters or

introducing additional hardware but improving the fringes or phase at the algorithmic level to
enhance the measurement accuracy. Chen and Zhang114 found that when fringe periods were odd
and even numbers respectively, a specific number of phase-shifting steps allowed accurate phase
recovery from the overexposed fringes. Jiang et al.295 projected an additional set of inverted
fringes and partially or wholly replaced the original fringes based on the overexposure conditions
to compensate for the phase errors. Qi et al.296 investigated the influence of the number of
phase-shifting steps and degree of overexposure on the phase error and discussed the selection of
optimal system parameters. As shown in Fig. 13(e), He et al.285 designed a chequerboard-patterned
fringe to suppress the local high reflectivity and used the intersection information of the
chequerboard for decoding. Tan et al.297 applied an idea based on the Hilbert transform to phase
calculations from overexposed fringes.
Overall, among the hardware-based methods, multiple exposure techniques and methods used

to adjust the projection intensity exhibit high accuracy. Their lack of additional hardware makes
them easy to integrate into existing FPP systems. However, they require a relatively large number
of fringe patterns, resulting in a low measurement efficiency, which makes them difficult to apply
to online measurements. Incorporating additional hardware can, in principle, avoid high-reflection
areas, but it also introduces drawbacks such as reduced SNR and increased system complexity.
Algorithm-based methods can effectively reduce the required number of fringe patterns. However,
approaches that increase the number of phase-shifted fringes or alter the image encoding can also
reduce the measurement efficiency to some extent. Further reviews and comparisons can be found
in other survey articles298, 299.
4.1.6 Binary defocusing error compensation
Although binary defocusing technology offers advantages, such as high speed and immunity to
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non-linear effects, it also leads to reduced fringe contrast, decreased measurement depth of field,
and higher-order harmonic errors. Currently, the compensation techniques for binary defocusing
phase errors can be classified into two categories: intensity-based and phase-based optimization
methods, as shown in Fig. 14.

Fig. 14. Binary defocusing error compensation methods and their results. (a) Classification of binary
defocusing compensation methods. (b) Improved OPWM method300. (c) Binary defocusing method
using cylindrical lens301.
Intensity-based optimization methods aim to generate fringes with good sinusoidal quality after

applying the low-pass filtering effect of the projector by altering the intensity distribution of the
projecting binary fringe patterns. Early research introduced pulse width modulation (PWM)
techniques117 into binary defocusing to eliminate higher-order harmonics in binary square waves,
such as sinusoidal pulse width modulation (SPWM)118, 121 and optimal pulse width modulation
(OPWM)119. However, owing to the inherent characteristics of one-dimensional modulation, these
methods cannot be effectively applied to cases with large fringe periods or when the projector is
near focus. To address these issues, researchers have proposed fringe optimization methods based
on two-dimensional modulation techniques. Some of these methods use dithering techniques from
digital printing to improve the fringe quality. Wang and Zhang120 applied Bayer dithering to fringe
images to generate high-quality wide-period fringes. Lohry and Zhang302 combined the
Floyd–Steinberg error diffusion algorithm with a genetic algorithm to determine the most suitable
diffusion kernel matrix for defocusing. You et al.303 theoretically analyzed and compensated for
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the inherent bias present in the FS error diffusion. Although dithering techniques can quickly
eliminate higher-order harmonics, their accuracy is limited by the dithering technology itself and
requires further improvement.
Another approach is to minimize the intensity error or phase error between the target binary

fringe and ideal fringe. Dai and Zhang122 and Dai et al.304 optimized a dithered binary fringe by
changing the greyscale value (0 or 1) of each pixel individually. To further improve the
optimization speed and measurement accuracy under different defocusing conditions, researchers
have replaced pixel-by-pixel optimization with block-by-pixel optimization. By combining
different objective functions and optimization strategies123, 124, 305-307, binary defocusing schemes
with a broader application scope were proposed. However, the optimization process for
two-dimensional modulation is typically very time-consuming, and its efficiency is low when
dealing with different fringe periods and defocusing levels. As shown in Fig. 14(b), Zhu et al.300

obtained an optimal 1D intensity distribution through a 3-grey-level OPWM optimization strategy
and then extended it along another dimension using a binary modulation strategy. This method
achieved rapid optimization of binary fringes for large fringe periods and varying defocusing
levels. As shown in Fig. 14(c), Zhu et al.301 placed a cylindrical lens in front of a projection device,
and set its tilt angle to approximately 45°. The anisotropic filtering effect of the cylindrical lens
effectively eliminated the higher-order harmonic components in the binary fringes while
simultaneously increasing the measurement depth of field without altering the structure of the FPP
system. In addition, Kamagara et al.308 and Wang et al.309 conducted quantitative analyses and
discussed how to select an appropriate defocusing level.
Phase-based optimization methods use the characteristics of the phase distribution for error

compensation. Zhang310 found through analysis that the errors in the three-step phase-shifting
binary defocusing fringes primarily originate from the 6th and 12th harmonic components.
Therefore, additional 3-step phase-shifting fringes with phase shifts of π/6 and π/12 were
introduced to eliminate the errors at these frequencies. Zheng et al.311 applied a Hilbert transform
to the 3-step phase-shifting binary fringes and averaged the results with the original phase, thereby
eliminating the 5th harmonic error. Wang et al.312 merged dual 3-step phase-shifting fringe patterns
into a single image with three greyscale levels, binarized it using two-dimensional area
modulation, and further suppressed errors using a Hilbert transform. Xu et al.313, Liu et al.314, and
Zhang et al.315 established look-up tables that mapped the absolute phase or phase error to depth,
enabling the recovery of object depth information by looking up the corresponding values.
Regardless whether the methods are intensity-based or phase-based, the goal of these methods

is to overcome the limitations of traditional binary defocusing techniques with the aim of
increasing the measurement depth of field and improving the measurement accuracy. However,
their application scenarios differ, and they should be selected based on practical requirements.
When binary defocusing fringes must be obtained quickly without increasing the number of
projected patterns, 1D modulation techniques and dithering-based 2D modulation techniques can
be used. When only the accuracy of the phase after defocusing is considered, more
time-consuming optimization-based 2D modulation techniques or look-up table methods requiring
prior system calibration can be employed. Additional optical element methods can be used to
achieve defocusing measurements with a large depth of field. A more detailed discussion of
one-dimensional and two-dimensional modulation techniques can be found in the review article by
Li et al.316.
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In this section, the technical routes and research progress of phase error compensation
techniques are reviewed from six aspects: intensity noise suppression, illumination fluctuation
error correction, phase-shifting error correction, non-linear error compensation, high dynamic
range measurement, and binary defocusing error compensation. Overall, phase error compensation
is regarded as one of the most critical components in fringe-projection-based structured light 3D
measurement technology. Researchers have conducted extensive research focusing on
measurement accuracy, speed, and robustness. The research methods are complex and diverse,
with varying degrees of integration in different fields such as optics, 1D signal processing, 2D
image processing, and probability statistics, leading to significant technological developments.
4.2 High-speed measurement
4.2.1 FTP-based method

In high-speed dynamic 3D measurements, even with extremely fast acquisition, inevitable
differences exist between consecutive frames, leading to motion-induced artefacts. From a
theoretical perspective, single-frame fringe projection methods are therefore most suitable for
capturing dynamic scenes. Among these, FTP stands out because of its computational efficiency
and ease of parameter selection and has become the most widely used approach in high-speed 3D
shape measurements. As illustrated in Fig. 15(a), the principle of FTP-based dynamic
measurement technique involves projecting a high-frequency fringe generated by a physical
grating via Köhler illumination onto the object surface. The recorded fringe sequences can be
analyzed frame by frame using a two-dimensional Fourier transform or directly processed in three
dimensions to obtain a wrapped 3D phase field. After 3D phase unwrapping317 to ensure continuity
in all directions and system calibration, the true 3D geometry of the scene can be reconstructed.
To the best of our knowledge, Zhang and Su first introduced FTP to dynamic measurements in

2002 and successfully captured the evolution of the liquid vortex formation318, as shown in Fig.
15(b). Subsequently, this technique was used to measure eardrum vibrations319, as shown in Fig.
15(c). A key advantage of FTP is that it does not require pattern switching, enabling the use of a
simple physical grating as both the projection and illumination source. This avoids the cost and
complexity of DLP projectors and mechanical phase-shifting devices. Building on this principle,
Zhang et al. further employed stroboscopic illumination to measure high-speed rotating fan
blades320, as shown in Fig. 15(d), and later recorded the rapid shape changes of flapping-wing
microaerial vehicles317 and cracks on the impacted membrane surface. Subsequently, using the
same system, Zhang et al. measured the 3D shape of target surfaces under hypervelocity impact at
speeds of several kilometres per second, providing accurate 3D data for spacecraft protective
structural design and detonation/penetration analysis, as illustrated in Fig. 15(e). These pioneering
studies firmly established FTP as a cornerstone technique for dynamic 3D shape measurements,
demonstrating its effectiveness and scalability for capturing highly transient processes.
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Fig. 15. Principles and developments of FTP for high-speed dynamic 3D measurements. (a) Basic
principle of FTP using physical grating projection and Fourier analysis317. (b) & (c) Early extensions
for dynamic liquid vortex measurement and eardrum vibration capture318, 319. (d) Further optimization
including stroboscopic illumination, high-frequency vibration reconstruction, and flapping-wing
microaerial vehicle measurements320. (e) Advanced application to hypervelocity impact experiments for
aerospace research.
Traditional FTP relies on spatial-domain filtering, which inevitably leads to the loss of

high-frequency details. To address this limitation and enable dynamic measurement of objects
with abrupt changes, Qican321, Zhang et al.322, and Liu et al.323 proposed temporal Fourier
transform profilometry (TFTP). This method records the fringe sequences of the dynamic process
and performs a pixel-by-pixel temporal Fourier transform to reconstruct the evolving 3D shape
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pointwise. Because TFTP analyses signals in the temporal domain rather than in the spatial
domain, it eliminates the need for high-frequency fringes. Instead, it requires synchronization
between the fringe switching and camera acquisition to satisfy the sampling theorem. Zhang et al.
implemented a rotating grating to generate rapid phase-shifting patterns and prove this conception,
as shown in Fig. 16(a).

Fig. 16. TFTP and its development for dynamic 3D measurements. (a) Principle of TFTP323. (b)
Reference-plane-assisted TFTP323. (c) Temporal three-frequency composite TFTP324.
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The key idea of TFTP is to transfer the height-encoded modulation from the 2D spatial
frequency domain in the FTP to the 1D temporal frequency domain for each pixel. Consequently,
the spatial continuity assumption in FTP is replaced by the temporal continuity requirement in
TFTP. In practical dynamic measurements, discontinuities and abrupt depth variations in space are
common; however, it is easier to guarantee temporal continuity at a fixed spatial point. This
fundamental shift makes the TFTP particularly suitable for capturing discontinuous and rapidly
changing surfaces.
In practice, TFTP requires at least one 2D spatial phase map to be unwrapped at a certain

moment during the dynamic process, which serves as the initial reference for temporal phase
unwrapping across all pixels. To relax this requirement, Liu et al. introduced a
reference-plane-assisted 3D phase unwrapping approach323, in which the calibrated phase of a
reference plane guided the initial phase unwrapping of the measured object. This enabled the
reconstruction of dynamic events such as impacts and fractures, as shown in Fig. 16(b). However,
this strategy still imposes constraints on a limited depth range. To completely eliminate the
dependency on a spatially unwrappable initial frame, Zhang et al. proposed a temporal
three-frequency composite TFTP method324. In this approach, three different frequency fringes
were sequentially projected to produce composite temporal signals. By applying temporal filtering,
the signals were separated into three wrapped phases, which were then jointly unwrapped using
multi-frequency temporal phase unwrapping to obtain an absolute and continuous phase
distribution, as shown in Fig. 16(c). This innovation enabled the successful 3D reconstruction of
complex dynamic processes, such as the reciprocating motion of a cylinder push rod, while
preserving fine spatial details and handling cases in which no single spatial frame could be
reliably unwrapped.
To fundamentally address the phase unwrapping challenges of FTP in isolated or randomly

varying dynamic scenes and achieve a universal absolute phase reconstruction strategy, Zuo et al.
proposed micro Fourier transform profilometry (μFTP)325. In this method, three high-frequency
fringe patterns with slightly shifted frequencies were sequentially projected in a cyclic manner. A
white image was inserted between two consecutive fringes, and the camera synchronously
recorded the high-speed sequence, as shown in Fig. 17(a). The captured data were first processed
using background-normalized FTP to obtain high-quality wrapped phases. Next, three sets of
wrapped phases were combined and unwrapped through a novel temporal phase unwrapping with
projection distance minimization (TPU with PDM) algorithm. Compared with conventional
multi-frequency unwrapping strategies, μFTP achieved a significantly larger measurable depth
range and stronger robustness against noise, without relying on a spatially continuous reference
plane.
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Fig. 17. μFTP325. (a) Principle of μFTP with temporal phase unwrapping. (b) & (c) High-speed 3D
reconstruction of transient events such as bullet ejection and balloon rupture.
Benefiting from this design, the authors demonstrated 3D reconstructions of highly transient

events such as bullet ejection and balloon rupture at frame rates of up to 10,000 fps, as shown in
Figs. 17(b) and 17(c). These results showed that μFTP not only preserved the high-speed
advantages of the FTP family but also overcame the limitations of TFTP in handling discontinuous
or complex dynamic scenes, thus providing a more general and reliable solution for absolute
measurements in ultrafast 3D imaging.

4.2.2 PMP-based method
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Compared with transform-domain single-frame methods, multi-frame PMP43, 242, 326, 327 has found
broader applications in optical metrology. In this approach, a sequence of phase-shifting fringe
patterns is projected onto the object surface, and the phase of each pixel is calculated
independently along the temporal axis. Because the PMP relies on point-to-point computations
rather than additional filtering operations, it offers higher measurement accuracy, better flexibility,
and stronger robustness against abrupt reflectivity variations or surface discontinuities.
To extend the PMP to dynamic measurement scenarios, researchers have advanced the field

from both algorithmic and hardware perspectives. On the algorithmic side, the central objective is
to reduce the number of projected patterns while ensuring a reliable absolute phase reconstruction,
as shown in Fig. 18(a). The classical two-frequency phase-shifting method requires two sets of
three-step phase-shifting fringes (3+3) for absolute phase unwrapping. To further decrease the
number of projected patterns, Zuo et al. proposed a bi-frequency number-theoretical method53,
exploiting the invariance of the fringe average during two-frequency fringe projection. By directly
computing the average from high-frequency fringes and combining it with the π-shifting algorithm,
only two low-frequency patterns were needed. This reduced the total number to five (3+2).
Subsequently, Zuo et al. presented a four-pattern strategy (2+2)131, and two slope intensity patterns
with opposite directions were summed to construct the mean and subtracted to generate a
unit-frequency phase. With two π-shifting fringes, absolute phase reconstruction can be achieved
with only four patterns.
Although these methods effectively reduce the number of projected patterns, they are still based

on sequential two-frequency modulation. Therefore, they are not ideal for frame-by-frame
updating. To address this limitation, researchers have proposed fringe-composite strategies based
on cyclic projection so that each newly added pattern can immediately update the reconstruction
and achieve an equivalent single-frame performance. Following this idea, Liu et al. developed a
new two-frequency composite scheme128, which embedded two frequencies into one pattern and
separated them using different phase-shift steps, thereby reducing the required number of patterns
from six to five. Subsequently, Wang et al. proposed a period-coded phase-shifting strategy328,
embedding auxiliary periodic signals into standard four-step fringes to resolve phase ambiguities.
These signals were carefully designed to occupy the “free space” of the patterns, maximizing the
SNR while enabling dual-frequency absolute phase reconstruction with only four patterns. More
recently, Wu et al. introduced a two-wavelength, four-pattern phase-shifting method329 that
leveraged a variant-shifting phase strategy to simultaneously reconstruct two-phase maps at
different wavelengths.
On the hardware side, the widespread adoption of DLP projectors and the acceleration enabled

by GPU-based parallel computation have paved the way for real-time dynamic measurements
using phase-shifting techniques. By combining efficient algorithms with hardware optimization,
researchers have realized highly accurate real-time 3D measurement systems, as illustrated in Fig.
18(b).
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Fig. 18. Development of PMP for dynamic 3D measurements. (a) Algorithmic development of PMP for
dynamic measurements, focusing on reducing projected patterns and adopting fringe-composite
strategies. (b) Hardware progress with DLP projectors, GPU acceleration, and binary defocusing for
real-time measurements. (c)–(f) Representative results, showing higher speed, efficiency, and larger
measurement ranges in dynamic 3D reconstruction51, 53, 330, 331.
In 2009, the emergence of binary defocusing techniques have enabled the rapid switching of

phase-shifting fringe patterns125, 313, 316, 332, which in turn shifted research interest towards
high-speed, high-accuracy 3D shape measurements based on pointwise phase-shifting methods.
By introducing temporal phase unwrapping to dynamic 3D measurements, researchers have
established direct mapping between phase and height along the temporal axis, thereby allowing
pixelwise unwrapping of wrapped phases in complex or isolated static scenes.
In the multi-frequency category, additional phase-shifting fringes at different frequencies are
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projected to resolve the phase ambiguities. Figure 18 illustrates three representative two-frequency
unwrapping techniques: two-frequency, number-theoretical, and two-wavelength methods. Based
on these algorithms, Wang and Zhang employed a three-frequency heterodyne approach to project
binary fringes at 5000 Hz and achieved 3D reconstructions at 556 Hz using nine patterns per
result51, as shown in Fig. 18(c). To improve efficiency, Wang et al. later adopted a two-frequency
strategy requiring only six patterns and successfully reconstructed the surface dynamics of a
beating ex vivo rabbit heart330, as shown in Fig. 18(d). Building on this, Zuo et al. further
optimized the efficiency by proposing a bi-frequency number-theoretical method, reducing the
projection sequence to only five patterns and enabling 3D reconstruction at 1250 fps53, as shown
in Fig. 18(e). More recently, Jiang et al. introduced a band-limited projection system that replaced
conventional DLP projectors with a 4f spectrum-filtering design to generate high-quality
sinusoidal fringes. Compared with binary defocusing, this system achieved a deeper effective
measurement depth and enabled metre-scale measurement fields. Using this system, they captured
human body motion over a large field of view331, as shown in Fig. 18(f).
To achieve robust measurements under high-noise conditions, researchers have introduced Gray

codes to assist the phase-shifting techniques for phase unwrapping. The Gray code, first proposed
by Gray at Bell Labs in the 1940s333, is designed such that any two adjacent codewords differ by
only one bit (i.e. a Hamming distance of 1). Since the maximum and minimum codes also differ
by only one bit, they are often referred to as cyclic or reflected codes. The Gray code offers strong
robustness and noise immunity as a reliable encoding scheme that minimises errors. However,
when applied to dynamic measurements, it suffers from jump errors and a low coding efficiency.
Two methods have been developed to address the jump errors: post-correction and

pre-avoidance strategies. Post-correction methods directly unwrap the phase using erroneous
wrapped phases and decoded orders, and then exploit the continuity and monotonicity constraints
of the unwrapped phase to detect and correct errors via median filtering334, monotonicity
detection335-337, or principal component analysis338, 339. Although these methods can correct both
order jump errors and noise-induced errors, they are less effective in dynamic scenes where object
motion and projector defocusing broaden the errors. Therefore, post-correction methods are more
suitable for static scenes. Pre-avoidance strategies aim to eliminate jump errors in advance.
Representative approaches include complementary Gray code62 and tripartite phase unwrapping58,
where interleaved wrapped phases and fringe orders are constructed to avoid jump errors. On this
premise, many studies have been conducted to improve the robustness of phase unwrapping340-350.
In addition to error correction, the low coding efficiency remains another limitation of

Gray-code-assisted phase shifting, hindering its application in dynamic measurements. To encode
N fringe periods, at least log₂N Gray code patterns are required. This implies that 16 periods
typically require three phase-shifting fringes and four Gray code patterns. To improve efficiency,
researchers have focused on expanding coding capacity and enhancing code utilization. For
capacity expansion, Zheng et al.229 proposed a ternary Gray code by applying binary quantization
to generate an additional “0.5” level through defocusing, and it effectively increased the number
of encodable fringe orders from 2ᴹ to 3ᴹ for M Gray code patterns. Inspired by this, He et al.230

further extended the method to quaternary Gray codes, achieving higher efficiency at the cost of a
reduced SNR, making it suitable primarily for low-noise environments.
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Fig. 19. Development of Gray-code-assisted phase shifting for dynamic 3D measurements. (a)
Evolution of coding strategies to improve efficiency and robustness. (b)–(f) Representative dynamic
reconstructions such as Newton’s cradle impacts, block collapses, fan blade rotation, falling snow, and
water balloon bursts58-61.
To avoid SNR degradation, Wu et al. extensively explored utilization-enhancing strategies. First,

they proposed the cyclic complementary Gray code61 and shifting Gray code59, both capable of
avoiding order jump errors without requiring additional patterns, and achieved a 310-fps 3D
reconstruction. Following this, they proposed a time-overlapping Gray code, in which each Gray
code pattern was reused multiple times across phase-shift sequences, significantly improving the
efficiency to 452 fps. Finally, he further extended this idea to time-overlapping structured light
projection, which enabled the absolute labelling of 32-period fringes with only three projected
patterns, achieving a 3174-fps reconstruction of complex, high-noise dynamic scenes, as shown in
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Fig. 19(a). Using these approaches, measurement scenarios such as Newton’s cradle impacts,
block collapses, fan blade rotations, falling snow, and water balloon bursts were reconstructed, as
shown in Figs. 19(b)–(f).
Through this line of research, the two main limitations of Gray-code-assisted phase shifting are

systematically solved, while preserving its superior noise robustness. Compared with
dual-frequency phase-shifting methods, Gray-code-assisted phase shifting demonstrates stronger
noise immunity and reliability, making it more suitable for high-speed measurements in complex,
noisy environments, where the success rate is the priority.

4.2.3 Intensity-based method

Intensity-based 3D imaging has driven the development of miniaturized high-speed projection
technologies to address the inherent limitations of conventional digital light processing (DLP)
projectors. This line of research traces back to speckle-structured light projections in the virtual
reality/augmented reality (VR/AR) consumer electronics industry, in which 3D reconstruction can
be achieved by projecting only a single fixed speckle-like or dot pattern. Based on this principle,
the Israeli company PrimeSense launched its first 3D sensor in 2006351, as shown in Fig. 20(a).
The device projected infrared speckle patterns onto a target scene using a vertical cavity
surface-emitting laser (VCSEL)352. The depth-modulated image was captured using a camera and
subsequently converted into a depth map through spatial correlation, as illustrated in Fig. 20(b).
In 2009, Microsoft collaborated with PrimeSense to release the groundbreaking Kinect353,

which was a motion-sensing device equipped with a depth camera. Once launched, it became a
consumer success and pushed the wave of touchless motion-sensing gaming. Following this,
Lenovo and Intel introduced their own products, namely, Xtion Pro354 in 2010 and RealSense355 in
2014, respectively. Compared with earlier devices, RealSense achieved substantial miniaturization
and it enabled integration into the front-facing camera modules of laptops. These early systems
primarily targeted gaming applications and Apple was the first to push this technology to the
public. In 2017, Apple released the iPhone X and it replaced fingerprint-based authentication with
3D facial sensing. After acquiring PrimeSense, Apple successfully miniaturized and embedded the
3D camera into the “notch” display. The Face ID356 supports facial recognition for unlocking and
securing mobile payment. In parallel, the Chinese company Orbbec achieved mass production of
3D sensors as early as 2015357, breaking the monopoly of Apple, Microsoft, and Intel. In 2018,
Orbbec released the Astra P, a compact 3D sensor designed for smartphone integration.
All of these products were designed for the consumer market. They support tasks such as facial

expression tracking, face recognition, interactive gaming, and mobile payment, as shown in Figs.
20(c) and (d). However, to reduce the sensor cost and device size, they adopted speckle
structured-light projection with spatial matching, which imposes significant limitations on the
measurement accuracy and spatial resolution. For example, Orbbec’s Astra P achieved a depth
accuracy of 1 mm at a working distance of 600 mm27. Although this level of accuracy is sufficient
for daily interactive applications, it is inadequate for high-precision measurements. Moreover, for
certain complex and rapidly changing dynamic scenarios (e.g. high-speed impacts, structural
collapses, or rotating blades), the measurement capabilities of such systems are limited. Astra P,
for example, supports a maximum reconstruction frame rate of 320 × 200 pixels at 60 fps358. In
addition, they are insufficient for capturing and quantifying the entire transient process of
high-speed dynamic events.
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Fig. 20. Origin of speckle structured light projection for intensity-based 3D imaging. (a) Timeline of
representative devices to illustrate the early evolution of the technology. (b) Principle of depth sensing
via infrared speckle projection and spatial correlation. (c) & (d) Typical applications including facial
recognition, interactive gaming, and mobile payment.
To enhance the accuracy and speed of intensity-based 3D imaging, Schaffer et al. introduced a

temporally coded structured illumination technique in 2011 using acousto-optically deflected laser
speckles359. By using temporal correlation rather than spatial correlation, this method enabled
high-quality pixel-to-pixel measurements. However, the reliance on coherent laser speckles
inevitably introduced speckle noise, which degraded the method’s robustness and limited its
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measurement accuracy. To overcome these shortcomings, Heist et al. developed
incoherent-light-based alternatives. For example, they proposed an array-LED projector139 and a
GOBO projector140. Fast switching and mechanical rotational speeds enable the generation of
aperiodic sinusoidal fringe patterns at projection rates of up to 100 and 250 kHz, respectively.
Unlike laser-generated speckles, these aperiodic sinusoidal patterns are inherently free of speckle
noise. In addition, they have a strong tolerance to optical defocusing and system distortion owing
to their sinusoidal distributions. Therefore, these approaches significantly improve the robustness
and ensure reliable high-speed 3D measurements, even under unstable experimental conditions.
This intensity-based approach offers additional advantages when combined with a binocular

system. It does not require prior knowledge of the projected patterns, and therefore, it can greatly
loosen the constraints on the temporal variation of patterns and synchronization between the
projection and imaging systems. Moreover, because phase shifting is unnecessary, this approach is
especially suitable for ultra-high-speed 3D measurements without sacrificing spatial resolution.
Another important advantage of these projections is their spectral flexibility. By simply replacing
the illumination source and camera, the same optical set-up can be adapted for measurements
across different spectral bands142, 143, 360-362. This extends the applicability of the technique to
multi-spectral or wavelength-selective multi-modal imaging.
The overall development roadmap for the high-speed intensity-based projection is illustrated in

Fig. 21(a). The projection optical layouts of the two main approaches are shown in Fig. 21(b)139.
Both concepts exploit either the rapid switching of array-LED light sources or the high-speed
rotation of a rotating grating/slide disc to generate dynamic projection patterns. By doing so, they
easily surpass the inherent projection speed limitations of conventional DLP projectors
(approximately 22 kHz). The principle of the aperiodic sinusoidal fringe projection strategy is
illustrated in Fig. 21(c)141. By generating a sequence of non-periodic, phase-shifting fringe
patterns, each pixel obtains a temporally unique intensity signal for encoding. The correspondence
problem between the stereo images is then resolved by computing the normalized
cross-correlation between the temporal intensity sequence of each pixel from the first camera and
the intensity variations of the candidate pixels along the epipolar line of the second camera. This
temporal correlation strategy enables pixelwise matching with high precision and robustness.
For array-LED projections, Heist et al. first demonstrated a temporal matching method using a

proof-of-concept prototype in 2014139. Building on this foundation, they introduced a
multi-aperture projection architecture in 2018141 that improved the illumination efficiency and
reduced the system volume. Most recently, in 2023, the team released the goCRASH3D system,
which was capable of millisecond-range LED clocking, enabling ultra-robust 3D measurements
under extreme onboard conditions, such as crash tests. For GOBO-based projections, the group
developed a prototype in 2016 that employed a rotating-slide mechanism to project high-speed
switching aperiodic sinusoidal patterns. They achieved reconstruction rates exceeding 1300 fps140,
and the optical layout is shown in Fig. 21(b). Based on this concept, a compact GOBO projector
was developed in 2020, aimed at real-time multimodal measurements. In 2022363, the goSPE3D
system was introduced to address ultra-high-speed dynamic measurement tasks at frequencies up
to 50 kHz.
Based on these technological advancements, a range of breakthrough applications can be

achieved. For instance, transient events, such as collapsing blocks, airbag deployment, and ball
kicking have been successfully measured, as shown in Figs. 21(d)–(f). Real-time 3D facial
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reconstruction and multi-modal measurements for vital sign estimation were also achieved, as
illustrated in Fig. 21(g).

Fig. 21. Advances and evolution of intensity-based 3D imaging technique. (a) Development roadmap
of algorithmic and hardware improvements. (b) Projection optical layouts of array-LED and GOBO
systems.139 (c) Principle of aperiodic sinusoidal fringe projection for pixelwise temporal correlation.141

(d)–(f) High-speed 3D measurement of dynamic events.139, 140 (g) Multi-modal applications such as
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real-time 3D facial reconstruction for vital sign estimation.364.
In summary, the booming phase represented rapid development in the evolution of FPP and was

characterized by breakthroughs in measurement accuracy, computational efficiency, and
measurement speed. These developments have expanded its utility across industrial inspection,
scientific exploration, and biomedical imaging, and paved the way for the next phase of intelligent
innovations in computational 3D imaging.

5 Transformative phase: Recent breakthroughs and emerging

trends

In the first two phases, FPP underwent continuous evolution and development for measurement in
numerous practical scenarios. Some of these technical advances have already been translated into
industrial products and their maturity and wide applicability have been demonstrated. Faced with
such progress, some researchers in the field suggested that “the party is over” for FPP and they
have even shifted their focus. However, despite the remarkable achievements and extensive
applications accumulated over decades of development, several “hard-bone problems” remain
unsolved. Moreover, new challenges continue to emerge as measurement scenarios become
increasingly complex and diverse. This perspective often reflects a greater sense of resignation
when confronted with these persistent difficulties rather than exhaustion of innovation itself.
Although many simpler challenges in FPP appear to have been solved (sometimes even
overstudied), several significant challenges remain. These include the compatibility of
measurement accuracy and efficiency, measurement under complex reflection conditions, such as
HDR surfaces, (semi-)transparent objects, inter-reflections, and sub-surface scattering, and
measurement under complex transmission conditions, such as robust imaging under strong light
interference and scattering media.
The fundamental limitation is that nearly all existing methods are tied to physics-based

triangulation models. The contradictions between the single-shot and multi-frame methods make it
impossible for traditional methods to achieve both high accuracy and efficiency. In addition, the
intrinsic point-to-point phase analysis framework disenables accurate 3D reconstruction under
complex illumination conditions.
To achieve genuine breakthroughs, it is necessary to update conventional architectures. In

recent years, the rapid advancement of AI and CI technologies has pushed FPP into a
transformation phase. Based on these two advanced techniques, AI-based 3D imaging and
CI-based 3D imaging have emerged as new alternatives. These studies introduced entirely new
frameworks and provided fresh opportunities and transformative potential for FPP. In the
following sections, we review the recent progress along these two directions.
5.1 Deep learning: AI-based 3D imaging
With the rapid progress of AI, deep learning has emerged as a transformative force for 3D

imaging. Unlike traditional coded-projection strategies and physics-constrained phase unwrapping,
data-driven approaches learn and map from large amounts of experimental data directly. Instead,
they leverage large-scale training datasets and powerful neural architectures. This end-to-end
paradigm fundamentally overturns the conventional divide-and-conquer and locally optimized
pipelines of classical algorithms365, 366. Consequently, deep learning has opened new avenues for
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fringe analysis, phase unwrapping, and 3D reconstruction. In addition, deep leaning creates a
revolutionary shift from rule-based methods to adaptive data-driven intelligence. To date, deep
learning has demonstrated superior robustness against noise, efficiency in fringe coding, and
strong adaptability to complex scenes, positioning it as the starting point of the transformative
phase in optical 3D measurements. Next, we review the progress of AI-driven 3D measurement
technologies from four perspectives: AI-based fringe processing, AI-based fringe analysis,
end-to-end learning, and physics-informed learning, as shown in Fig. 22(a).
AI-based fringe processing. AI technologies originated from computer vision, where deep
learning was widely applied to tasks such as denoising, enhancement, and image restoration.
Inspired by this, early attempts in FPP regarded fringe patterns as a special type of structured
image and directly transferred AI-based methods from computer vision to fringe processing. The
typical tasks include fringe denoising, enhancement, demodulation, and generation for virtual
datasets. For fringe denoising, to the best of our knowledge, Yan et al.82 first introduced deep
learning, demonstrating that learning-based methods provided better stability, faster computation,
and parameter-free operation compared with traditional algorithms. Following this work,
researchers developed a series of approaches that targeted specific noise sources and measurement
scenarios173. For fringe enhancement, Liu et al.367 proposed a skip pyramid context aggregation
network (SP-CAN) to enhance single-exposure fringe images, thereby enabling accurate 3D
measurements on highly reflective surfaces. Zhang et al.368 presented a deep sinusoidal prior
model for recovering reliable phase information from severely degraded data, as illustrated in Fig.
22(b). For fringe demodulation, Li et al.179 applied deep networks to demodulate spatial frequency
composite fringes and achieved high-quality absolute surface reconstruction from a single
projection while avoiding spectrum aliasing. Subsequently, Chen et al.174 proposed a
deep-learning-enabled multiplexed FPP, which decomposed temporal information from a single
multiplexed fringe pattern to recover separate fringes and enabled high-resolution and high-speed
3D imaging using conventional low-speed cameras. For virtual dataset generation, Zheng et al.182

pioneered the use of computer graphics to build digital twins of FPP systems for virtual scanning,
which reduced experimental costs and data acquisition efforts. Wang et al.365 further extended this
idea by leveraging commercial graphics software to flexibly generate customized training datasets.
Overall, these studies demonstrate that deep-learning-based fringe processing significantly
improves noise robustness, dynamic range, measurement efficiency, and data accessibility of FPP.
AI-based fringe analysis. Beyond fringe pre-processing, researchers have explored the potential
of deep learning for fringe-to-phase analysis369, which is the core step in FPP. Unlike classical
Fourier or phase-shifting algorithms, which rely on explicit mathematical models and strict coding
strategies, AI-based methods learn non-linear mapping between fringes and phases through
data-driven training. This bypassed the limitations of rigid forward models and provided the
possibility of balancing accuracy and efficiency. In 2019, Feng et al.169 pioneered the first
deep-learning-based single-frame fringe analysis method, as shown in Fig. 22(c). By constructing
training datasets with ground-truth 3D shapes and their corresponding deformed fringes, they
designed a two-stage convolutional neural network (CNN) pipeline to sequentially extract the
fringe background, cosine, and sine components, followed by arctangent operations to solve the
wrapped phase. The experimental results showed that this approach not only surpassed traditional
single-frame methods, such as FTP and WFTP, but also achieved comparable accuracy to classical
12-step phase-shifting algorithms. More importantly, it resolved the long-standing contradiction
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between phase reconstruction accuracy and measurement efficiency, thereby marking the
beginning of the era of AI-based 3D imaging. Following this breakthrough, a variety of AI-based
fringe analysis methods have emerged to enhance adaptability and robustness174, 178, 186, 370-373. In
addition, to enhance the noise robustness of traditional phase unwrapping methods, numerous
deep-learning-based phase unwrapping approaches have been proposed. Wang et al.374 trained
networks to directly learn the mapping between wrapped and absolute phases, achieving reliable
unwrapping even for unseen phase fields. Yin et al.375 further improved the reconstruction quality
of the low-frequency phase in dual-frequency methods through deep learning, which enabled the
robust unwrapping of high-frequency (e.g., 64-period) wrapped phases from dual-frequency inputs.
These studies demonstrate how deep learning can significantly strengthen the resilience of phase
unwrapping in noisy and complex dynamic scenarios. However, the reliability and repeatability of
the results are crucial for 3D measurements, which is in sharp contrast to the inherent lack of
interpretability of deep-learning-based methods. Feng et al.376 demonstrated that a Bayesian
convolutional neural network could be trained to generate uncertainty maps of the estimated phase,
as shown in Fig. 22(d), providing a quantitative evaluation of the prediction reliability and
enabling more informed decision-making in downstream tasks. Together, the rapid rise of
AI-based fringe analysis marks the establishment of a data-driven computational framework that
parallels (and in some aspects surpasses) traditional physics-driven methods.
End-to-end learning. Several researchers have further leveraged the strong learning capabilities
of neural networks to achieve single-frame absolute 3D measurements. For instance, Nguyen et
al.177 directly bypassed the intermediate data processing steps of conventional FPP pipelines and
achieved end-to-end mapping from fringe patterns to 3D reconstruction results. Similarly, Li et
al.377 encoded object depth information into three-frequency composite fringes and adopted a
modified U-Net architecture to extract the high- and low-frequency phases separately. Thus,
absolute phase unwrapping was achieved in a single step. Such deep-learning-based single-frame
methods are particularly well suited for dynamic or transient scenes because they enable absolute
measurements using only one captured fringe image. However, all the intermediate processing
procedures of the 3D measurement workflow are omitted, and therefore, the accuracy and
robustness of these methods largely depend on the completeness and representativeness of the
training dataset. Moreover, it is often difficult to evaluate or trace measurement errors within such
a framework. Consequently, single-frame deep-learning approaches are more suitable for
vision-oriented tasks that emphasize speed over accuracy, rather than for high-precision industrial
inspection, where reliability and repeatability remain critical.
Physics-informed learning. To address the inherent trade-offs between speed, accuracy, and
interpretability in purely data-driven approaches, researchers have recently turned to
physics-informed deep learning (PIDL). Unlike black-box models, which rely solely on large
datasets, PIDL integrates physical priors, imaging models, and domain knowledge into the
network architecture or loss functions. This constrains the solution space by using well-established
optical principles. Yin et al.173 introduced a physics-informed fringe pattern analysis (PI-FPA)
framework that integrated a lightweight deep neural network with a learning-enhanced Fourier
transform profilometry module, as shown in Fig. 22(e). By embedding physical constraints into
the network, the PI-FPA enabled a more accurate and computationally efficient single-shot phase
reconstruction and effectively bridged the gap between speed and reliability. Similarly, Li et al.378

proposed a lightweight phase-estimation network (PE-Net), in which the loss function
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incorporated the similarity between the predicted and ground-truth phases in both the spatial and
spectral domains, as shown in Fig. 22(f). This design ensured a pixelwise-aligned reconstructed
phase and preserved the frequency-domain consistency, yielding a high-accuracy and real-time
solution. Furthermore, Li et al.379 developed a physics-informed zero-shot learning approach
combined with full-resolution multi-polarization hardware modulation, integrated physics priors,
and a dual-stream network to overcome underexposure and overexposure without pre-training.
This study achieved high-precision reconstruction of HDR scenes, as shown in Fig. 22(g).

Fig. 22. AI-based 3D imaging. (a) Progress of AI-driven 3D measurement technologies from four
perspectives82, 169, 173, 177, 365, 366. (b) Deep sinusoidal prior (DSP) for phase recovery from degraded
fringes368. (c) Deep-learning-based single-frame fringe analysis method169. (d) Bayesian CNN with
uncertainty maps376. (e) PI-FPA173. (f) Lightweight PE-Net with spatial-spectral consistency378. (g)
Physics-informed zero-shot learning approach combined with full-resolution multi-polarization (FM)
hardware modulation379.
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Collectively, these physics-informed strategies demonstrate that incorporating optical and
measurement principles directly into deep learning models can significantly enhance their
robustness, interpretability, and generalization. These advances point towards a new generation of
reliable, real-time AI-assisted 3D imaging solutions. For more detailed discussions on AI-based
3D imaging, readers may refer to the work of Zuo et al380.

5.2 Computational imaging: CI-based 3D imaging
With the rapid expansion of intelligent manufacturing and autonomous systems, the demand for

robust 3D reconstruction under complex reflection, transmission, and scattering conditions has
increased dramatically. The inherent “point-to-point” triangulation and phase-based error models
fundamentally constrain the performance of FPP in extreme environments. The underlying reason
is that traditional methods fail to separate and reconstruct high-dimensional information in a
low-dimensional space. To address this problem, CI-based 3D imaging has been developed by
integrating computational encoding with decoding frameworks. CI-based 3D imaging fully
leverages computational modelling to reconstruct distorted information from seemingly
insufficient or noisy measurements using flexible coding and compressed sensing. Among various
CI-based approaches, PSI stands out as a promising candidate. Since it was proposed in 2021,
existing studies have demonstrated its superior robustness under adverse conditions, such as
strong ambient interference, scattering media, or multi-path light transport189, 190, 381. The initial
concept of the PSI is to reconstruct a four-dimensional LTC to describe and separate complex
illumination components, which is a truly CI-based 3D measurement paradigm. This provides a
more general, adaptive, and noise-resilient measurement solution. The representative advances in
CI-based 3D measurements, with a focus on PSI and its extensions, are shown in Fig. 23(a).
To achieve general measurements under complex illumination conditions, the core task is to

describe the light transport process with unpredictable paths. However, a normal array camera can
only record the intensity distribution on the detected plane, and therefore, inverse problem-solving
is indispensable for inverting the harsh reflection and transmission processes. Early CI-based
strategies, such as primal-dual coding and homogeneous illumination encoding, demonstrated that
LTC could be experimentally probed. They also enabled 3D measurements under challenging
conditions, including specular reflections, scattering media, and strong lighting interference382-384.
However, these approaches typically require coaxial set-ups and are thus difficult to integrate with
standard structured light systems.
A more practical path has emerged from single-pixel imaging (SI), which leverages Helmholtz

reciprocity to interchange the roles of projectors and detectors. In this paradigm, image formation
is computationally achieved by projecting a sequence of patterns and reconstructing a scene from
the aggregated intensity measurements. By extending this principle, Jiang et al. proposed PSI, in
which each pixel of a conventional camera acted as an independent single-pixel detector. The PSI
enabled the decomposition of direct and global illumination without requiring additional hardware.
This made it possible to handle scenes with mixed reflectance types, including diffuse, specular,
inter-reflection, and sub-surface scattering, as shown in Fig. 23(b). Nevertheless, early PSI
systems required an unaffordable large number of projection patterns, which limited their
applicability to static scenes. To address this, projective PSI (pPSI) was developed by applying the
Fourier slice theorem to reduce the dimensionality of LTC recovery, thus reducing the number of
patterns to hundreds. More recently, multi-scale PSI (MS-PSI) has further improved the efficiency,
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requiring at least 15 projected patterns to achieve dynamic 3D measurements on multi-layer
surfaces, HDR scenes, and scattering media, as shown in Figs. 23(c) and (d)190.

Fig. 23. CI-based 3D imaging. (a) Representative advances in CI-based 3D measurement. (b)
PSI-based decomposition of direct and global illumination in mixed-reflectance scenes188. Dynamic
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MS-PSI reconstruction of (c) multi-layer structures and metals189, 381 and (d) HDR scenes through
scattering media190. (e) Imaging and noise models of PSI189.
In addition, annular Fourier coefficient measurements have been introduced to improve

encoding efficiency, and an efficient reconstruction algorithm for dual profilometry leverages
Fourier coefficients together with epipolar line constraints to bypass dual-image reconstruction,
thereby accelerating 3D reconstruction385-387. In addition to these experimental advances,
theoretical models of PSI have begun to mature, incorporating both imaging and noise
characteristics to explain its performance quantitatively, as shown in Fig. 23(e). The proposed
model elucidates light transport under complex illumination and the mechanisms that enable
accurate PSI-based 3D imaging. It also quantifies the environmental noise effects and provides a
framework for PSI error analysis.
PSI reconstructs geometric information through light transport modelling, rather than direct

triangulation. This new computational 3D imaging framework provides a new pathway for general
and robust measurements in environments that were previously deemed intractable. Apart from its
proven superiority, many potential applications can be explored based on this architecture. Further
utilization of direct components makes backlit 3D imaging, 3D imaging through flames, and
underwater 3D imaging possible, which are difficult for existing techniques. In addition, the
characterization of global components can be further studied for emerging imaging tasks such as
flow field monitoring, material classification, multi-modal imaging, and functional imaging.
Finally, broader applications may be considered after obtaining the LTC, such as point-spread
function measurements, volumetric imaging, scattering imaging, and biomedical imaging. For
more detailed discussions regarding the potential applications of PSI, readers can refer to the work
of Chen et al.189.
Beyond PSI-related techniques, CI frameworks have also been introduced into a broader range

of FPP methods to enhance system performance and expand application capabilities. For example,
CI-based fringe super-resolution techniques388, 389 exploit sub-pixel reconstruction strategies to
overcome hardware resolution limits and improve spatial detail recovery. In scattering or turbid
environments, descattering CI approaches enable the separation of encoded fringes and turbid
media390, thereby enhancing reconstruction robustness under complex light transport conditions.
In addition, compressive sensing-based fringe projection methods391 leverage sparsity priors to
reduce the number of required projections while maintaining the reconstruction accuracy and
improving the measurement efficiency. Therefore, the incorporation of CI principles extends FPP
beyond conventional phase calculations, enabling higher resolution, improved robustness, and
greater flexibility under challenging optical and practical constraints.
In summary, the participation of AI and CI has initiated a paradigm shift from geometry-based

frameworks to data-driven and model-based architectures. This transformation is not a flash in the
pan; rather, it is a continuous process. During this process, intelligence and computation are
deeply integrated into every stage of 3D imaging, from illumination design and data acquisition to
3D reconstruction and error tracing. As these innovations continue to be made, FPP is evolving
into a more intelligent, versatile, and cross-disciplinary technology. These advances are expected
to reshape the 3D optical metrology in the coming years.
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6 Current challenges and future perspectives

3D imaging technologies have made significant progress over the past decades. However,
substantial new challenges have arisen from emerging measurement requirements. To this end, we
will discuss several key challenges in 3D imaging technologies in this section and highlight the
emerging research directions to provide potential solutions.

6.1 Current challenges

6.1.1. Multi-type surface 3D measurement
Traditional 3D measurement methods are typically developed based on the assumption of

Lambertian reflection. However, in practical applications, the objects often exhibit diverse
reflection characteristics. For example, metal surfaces may cause sensor saturation or significantly
reduce the SNR, inter-reflection in concave structures introduces misleading light paths, and
sub-surface scattering in biological tissues or polymers blurs fine structural details. Each of these
cases violates the Lambertian assumption to varying degrees. Therefore, the direct use of
conventional methods introduces errors or even fails to measure such multitype or mixed-surface
scenarios.
To address these challenges, task-specific algorithm optimization is often required, which

inevitably limits the universality of these methods. Although emerging AI- and CI-based methods
have shown the potential to enhance generalization by learning from data or introducing
higher-dimensional representations, they still suffer from critical issues, such as error
non-traceability, reduced interpretability, and limited measurement efficiency. Moreover, for some
special surfaces such as glass or other semi-transparent media, fringe information cannot be
effectively captured in the visible spectrum. This leads to a complete measurement failure.
Therefore, robust and generalized measurements of multi-type surfaces remain an open problem.
To improve the reliability and interpretability of AI-based approaches, it is vital to emphasise

the use of physics-informed deep learning392-395. For measurement tasks, the “reliability-first” rule
should be given priority. Therefore, more physical constraints should be embedded into the
network design to mitigate the black-box nature of AI models and reduce the likelihood of
unpredictable errors. In addition, a “divide-and-conquer” rather than “end-to-end” strategy is
preferred. It is suggested that AI should be assigned to perform multiple simpler, well-defined
sub-tasks rather than solving the entire problem holistically to attain higher certainty of the
measurement results. The other benefit is that decomposing the measurement task into physically
constrained sub-problems enables the integration of hybrid learning396, 397. Distinct models can be
optimized for different sub-tasks to maximize the synergy between physical modelling and
data-driven learning. Another pivotal direction is measurement uncertainty estimation and error
traceability376, 398-401. Unlike imaging tasks, meteorological measurements require high
repeatability and traceability. Therefore, uncertainty quantification is indispensable in AI-based
metrology. Although we can tolerate such errors, we must be able to recognize, quantify, and
predict them. This capability allows operators to identify unreliable data and enhances the
measurement robustness. In summary, enhancing the traceability, repeatability, and reliability is
fundamental to data-driven AI-based measurement methods.
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For CI-based methods, improving the encoding and measurement efficiencies is equally
essential. This requires rethinking and optimizing the entire imaging pipeline. Imaging targets
have shifted from traditional image-driven digital processing to task-driven computational
imaging. The system transmits only the core information necessary for the measurement task.
Therefore, it can maximize the information throughput. For example, in PSI, the essential task is
the localization of direct components rather than the reconstruction of full light transport
coefficient maps. In this context, dimensionality-reduction principles, such as the Fourier slice
theorem402-404 or position-invariance theorem190 can be incorporated to drastically reduce the
required encoded information. In addition, compressive sensing (CS)405-411, inverse-problem
parameter optimization412-416, optimal spectral sampling417-421, spatiotemporal multiplexing422-424,
and hardware acceleration127, 425 can be leveraged to further boost the performance. In essence,
CI-based strategies aim to transmit the most critical information using efficient computational
imaging means.

6.1.2. Multi-path scene 3D imaging
In addition to surface reflection properties, disturbances during light transmission and

illumination conditions have a significant effect on 3D imaging. For instance, outdoor
measurements often encounter strong light interference426, while in metal additive manufacturing,
real-time monitoring through dust-laden environments suffers from volumetric scattering.
Moreover, underwater 3D imaging faces flow disturbance and impurity interference 427, and in
material sorting, the rapid classification of objects embedded within semi-transparent surfaces is
challenged by multiple direct transmission paths. Moreover, non-uniform reflectance
surfaces428-431 or stepped regions432 with depth discontinuities may lead to information mixing,
where a device’s defocusing433 or non-linear response434 degrade the quality of raw measurements.
In these scenarios, the propagation of light no longer follows the conventional “point-to-point”
single reflection model, and it leads to the mixing or loss of depth-encoding information. Although
PSI and related methods can separate parts of the global illumination components, their
effectiveness drastically diminishes once the indirect illumination components become dominant.
Under such extreme conditions, the problem often evolves into 3D imaging through scattering
media or even non-line-of-sight (NLOS) 3D imaging. Both represent cutting-edge research
challenges, with substantial theoretical and technical difficulties. However, for structured light
projections, systematic attempts to address these problems are still scarce. Hence, achieving robust
multi-path scene 3D imaging remains an unsolved challenge.
To address these challenges, concepts can be borrowed from other computational imaging

domains, such as compressive sensing407, 435, 436, scattering imaging437-440, NLOS imaging441-445,
and biomedical imaging446-450. These research areas share significant mathematical and physical
similarities with 3D imaging problems under multi-path propagation. The key challenge is
decoupling and reconstructing multiple depth components that are spatially or temporally
compressed into a single measurement.
In multi-path 3D imaging, the mathematical formulation closely resembles that of compressive

sensing, with the goal of recovering high-dimensional information from compressed observations.
Various coding and decoding strategies have been proposed for typical CS-based imaging systems,
such as single-pixel imaging197, 451-454, compressed ultrafast photography (CUP)455, 456, and
snapshot compressive imaging (SCI)457. These frameworks can be adapted to solve depth
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compression problems. For example, multi-layer 3D reconstruction can be transformed into an
equivalent single-layer inverse problem through CS-based encoding and decoding, thus enabling
volumetric imaging of scattering or semi-transparent media458. As the turbidity of the transmission
medium increases and the imaging environment degrades, the problem gradually approaches the
regimes of scattering imaging and NLOS imaging. In scattering imaging, techniques such as
adaptive optics437, 459-462, wavefront shaping463-465, transmission matrix inversion466-468,
deep-learning-assisted reconstruction469-472, and optical memory effect439, 473-475 have demonstrated
the ability to recover clear images from strongly scattered media. These approaches can be
integrated into FPP to facilitate the transmission and reconstruction of depth-encoded 2D intensity
images. Once a clean 2D image is recovered, conventional 3D reconstruction algorithms can be
used to achieve 3D imaging using the scattering media.
Similarly, NLOS imaging focuses on recovering ballistic or direct light components from

diffusely scattered light. Representative strategies include intensity-based methods476-479 that
reconstruct hidden geometries by exploiting occluder-induced modulation or surface albedo cues.
In contrast, time-of-flight (ToF) approaches443, 480-482 use ultrafast photon detectors to model the
multiple bounces of light. These techniques can be used to extract direct illumination components
under multi-path or scattering conditions and guarantee more accurate depth reconstruction in
complex environments.
In biomedical imaging, light propagation through biological tissues also suffers from strong

scattering, which causes a trade-off between penetration depth and spatial resolution. Conceptually,
this is similar to volumetric imaging using thick-scattering media in multi-path 3D measurements.
Thus, techniques developed for biomedical optics can offer valuable insights. These techniques
include physical-optical methods such as wavelength conversion483-487, energy conversion488-492,
and phase compensation493-496, and computational optical techniques such as digital phase
conjugation497-500, iterative wavefront shaping501-503, transmission and reflection matrix
methods504-508, and autocorrelation imaging444, 509-511. By integrating these concepts, multi-path 3D
imaging can potentially achieve deeper and more robust volumetric reconstructions in turbid or
occluded environments.
6.1.3. Multi-functional and multi-modal imaging
Instead of geometric information, advanced systems are expected to simultaneously extract

physiological, material, and mechanical parameters for multi-functional and multi-modal
capabilities. For instance, physiological parameter measurements based on spectral or thermal
imaging are crucial for non-invasive medical diagnostics512-515. Material identification and
maturity detection are important for food quality control and ripeness assessment516. Mechanical
parameter measurements such as deformation or strain monitoring430, 517-522 are helpful for
structural health evaluations in engineering. In addition, chromophore or functional group imaging
enables the investigation of optical properties523, 524, which are required for biomedical and
chemical analyses. Although researchers have attempted to expand the measurement dimensions
and modalities of structured light systems, realizing such integrated functionalities within a single
3D imaging framework remains highly challenging. Different modalities require distinct
illumination spectral bands, sensing mechanisms, or computational models, and therefore, it is
difficult to balance the measurement efficiency, accuracy, and system complexity. Moreover,
cross-modal data fusion introduces additional challenges in calibration, error propagation, and
joint encoding–decoding of multi-dimensional signals. Therefore, multi-functional and
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multi-modal imaging still requires in-depth research for future 3D imaging systems.
Further advances are expected in the co-optimization of sensing–storage–computation within a

unified computational framework525. This paradigm represents a shift from traditional sequential
imaging pipelines towards a holistic optimization process. Optical acquisition, data processing,
and interpretation are no longer treated as independent stages; instead, each component is jointly
designed and mutually informed. Through collaborative design of optical encoding, signal
acquisition, and computational reconstruction, these systems can achieve optimal performance.
For example, the inefficiency and complexity hinder the development of conventional
spectroscopic systems because cumbersome elements such as prisms, gratings, and spectral filters
are required. In recent years, there has been a surge in computational snapshot hyperspectral
imaging techniques driven by compressive sensing theory and computational photography.
Representative examples include the computed tomography imaging spectrometer (CTIS)526-528,
coded aperture snapshot spectral imaging (CASSI)529-532, broadband hyperspectral image
sensors533-535, and sub-ångström snapshot spectroscopy536. These methods have led to significant
progress in coded-aperture modulation, high-sensitivity sensor fabrication, and large-scale
high-resolution spectral reconstruction. The jointly optimized strategies enable snapshot
acquisition of high-dimensional spatial–temporal–spectral information. They allow the real-time
reconstruction of multi-modal parameters such as material composition, tissue constituents, blood
oxygen saturation, and atomic spectroscopy.
In summary, 3D imaging currently faces challenges such as complex surface reflections,

multi-path transmission, and multi-functional sensing. Table 2 summarizes these representative
challenges and their applications and provides an overview of the key directions and
considerations for future 3D imaging research.
Table 2.An overview of representative challenges and their promising applications for future
directions of 3D imaging research.

Category Challenges Applications

#1: Multi-type surface 3D

measurement

Measurement under complex

reflection conditions.

- HDR surface measurement

- Transparent surface measurement

- Inter-reflection surface measurement

- Sub-surface scattering surface measurement

- Inspection of reflective/translucent objects

- Heritage preservation

- Quality control for optical components

- Biomedical surface scanning (skin, tissues)

#2: Multi-path scene 3D

imaging

Imaging under complex

transmission conditions.

- 3D imaging under strong light interference

- Multi-layer 3D imaging

- 3D imaging through scattering media

- Non-line-of-sight 3D imaging

- Robotics for occluded object detection

- Through-wall or foggy environment imaging

- Industrial inspection of layered structures

- Surveillance and search-and-rescue applications

#3: Multi-functional and

multi-modal imaging

Imaging with extended

applications.

- Physiological parameter measurement

- Material identification

- Maturity detection

- Mechanical parameter measurement

- Chromophore imaging

- Medical diagnostics

- Food quality and ripeness assessment

- Material composition analysis

- Strain/deformation monitoring

- Optical properties measurement
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6.2 Future perspectives

6.2.1. Hardware-empowered 3D imaging: Towards the co-optimization of system and
algorithms
The continuous evolution of novel imaging hardware has provided new opportunities for 3D

imaging, particularly when co-optimised with reconstruction algorithms. Rather than being
considered independently, hardware and algorithms are increasingly being designed together to
maximize sensing performance. Polarization cameras, for example, provide additional polarization
information beyond the intensity. When coupled with polarization-aware reconstruction models,
they enable the robust 3D measurements of transparent or reflective objects291, 537-539 or facilitate
underwater imaging through polarization-based dehazing algorithms540-543. Thermal cameras can
detect information in the infrared waveband and shape recovery of refractive materials, such as
glass and plastics, by encoding structured light in the temperature field544-548. Multi-spectral and
hyperspectral cameras provide multi-channel signals with significant intensity differences.
Co-designed spectral–geometric reconstruction frameworks not only enhance HDR depth
imaging544, 545 but also enable the joint estimation of material and physiological parameters549-552.
Event cameras record images using asynchronous reconstruction algorithms, which guarantees the
ability to detect micro-scale brightness change553-558. This reduces redundant data and ensures
dynamic reconstruction under fast motion or extreme illumination conditions. Single-photon
avalanche diode (SPAD) cameras provide single-photon sensitivity with picosecond timing
precision. When integrated with photon-statistics-based depth estimation or time-correlated
computational models, accurate depth recovery can be achieved under ultra-low-light or strong
sunlight conditions149. Finally, metasurface-based optical devices offer a method for manipulating
amplitude, phase, polarization, and wavelength at the sub-wavelength scale. The newly modulated
dimensions and scales have the advantages of compactness, extended depth of field, low power
consumption, and multi-functional wavefront modulation for 3D imaging559-566.
These examples demonstrate a trend shift in the co-optimization of systems and algorithms.

Imaging and computation are unified within a collaborative framework to make full use of the
emerging hardware. This collaboration provides 3D imaging systems with enhanced detection
capabilities, adaptability, and intelligence.
6.2.2. Computational 3D imaging: On the convergence of CI and AI
CI has high interpretability and generalization based on rigorous high-dimensional physical

modelling. In addition, it provides opportunities for handling multiple types of surfaces and
complex illumination scenarios. However, this physical-model-driven approach often succeeds at
the expense of massive measurements or complicated algorithms. In contrast, AI directly learns
efficient non-linear mappings from data and enables fast, flexible, and noise-robust 3D
reconstruction. However, its black-box nature reduces measurement interpretability. Therefore, it
is difficult to trace or quantify measurement errors, which is essential for high-precision and
reliability-demanding applications. These characteristics suggest that the CI and AI are
complementary partners rather than competitors. CI ensures a physically grounded and
interpretable framework, whereas AI provides efficiency, adaptability, and robustness. Like “the
left hand of physics and the right hand of intelligence”, their cooperation can overcome the
inherent weaknesses of each side and forms a powerful solution for tackling complex tasks under
extreme environments. Building on this synergy, we envision several future research directions.
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First, developing hybrid CI–AI frameworks that integrate physical priors directly into neural
network architectures can enhance interpretability while maintaining computational efficiency.
Second, adaptive acquisition strategies guided by AI can lead to an optimal coding strategy for CI,
thereby enabling faster and more resource-efficient 3D imaging. Third, uncertainty quantification
methods can be embedded to provide confidence estimates for reconstructed surfaces, thereby
addressing reliability concerns in precision-critical applications. Finally, extending CI–AI methods
to handle diverse real-world scenarios, such as dynamic scenes, mixed scattering, and
non-Lambertian surfaces, will broaden the applicability of 3D imaging techniques. Ultimately, the
convergence of CI and AI will shape the future of the next-generation computational 3D imaging
techniques.

7 Conclusion

In this paper, we have presented a comprehensive review of FPP. This review highlights the vast
advancements in theory, techniques, and applications as the field extends towards extreme
measurement scenarios. This review traces the development of FPP over the last four decades and
divides it into three major phases. Basic theories and implementations were established in the
foundation phase (1983–2006), while advances for improved accuracy, speed, and expanded
applications were reviewed during the booming phase (2007–2018), and the breakthroughs
enabled by AI and CI were discussed in the transformative phase (2019–present). This review
summarizes the challenges associated with complex surface reflection, multi-path light
transmission, and multi-functional sensing. Looking forward, the future trajectory of FPP will be
driven by the co-optimization of the system and algorithms, and the convergence of CI and AI.
Figure 24 is used to wrap up this review. With the continuous advancement of computational

frameworks, data processing capabilities, and hardware architectures, traditional phase
analysis-based geometric triangulation methods are progressively evolving toward inverse
problem-driven computational 3D imaging. These developments pave the way for intelligent 3D
sensing systems with unprecedented adaptability, enabling reliable operation across diverse
conditions and scales in industrial inspection, advanced manufacturing, biomedical imaging, and
scientific exploration.

Fig. 24. Technical development from geometric triangulation to computational 3D imaging.



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 59 / 90

Acknowledgements

We gratefully acknowledge Prof. Xianyu Su for his invaluable contributions to this work and to
the field of structured-light 3D reconstruction, and remember him with deep respect and lasting
appreciation. This research was supported by the National Natural Science Foundation of China
(62575193, 62575192, 62505076, and 62205226), the National Postdoctoral Program for
Innovative Talents of China (BX2021199), the General Financial Grant from the China
Postdoctoral Science Foundation (2022M722290), and the Key Science and Technology Research
and Development Program of Jiangxi Province (20224AAC01011).

Author details

Zhoujie Wu¹, Wenbo Guo¹˒⁴, Feifei Chen¹, Zhengdong Chen¹, Chen Zhang³, Yueyang Li¹,
Yuankun Liu¹, Yajun Wang¹, Xianyu Su¹, Gunther Notni²˒³, and Qican Zhang¹
1College of Electronics and Information Engineering, Sichuan University, Chengdu, 610065, China,
2Fraunhofer Institute for Applied Optics and Precision Engineering IOF, Jena 07745, Germany,
3Faculty of Mechanical Engineering, Technical University Ilmenau, Ilmenau 98693, Germany
4Henan University of Urban Construction, Pingdingshan, Henan 467036, China.

* Corresponding authors:
Zhoujie Wu (zhoujiewu@scu.edu.cn)
Gunther Notni (Gunther.Notni@iof.fraunhofer.de)
Qican Zhang (zqc@scu.edu.cn)

Author contributions

Z.W.: conceptualization, writing – original draft, data curation, visualization, supervision, project
administration, funding acquisition. W.G.: investigation, writing – original draft, visualization, and
editing. F.C.: writing – review and editing. Z.C.: writing – review and editing. C.Z.: writing –
review, visualization. Y.L.: writing – review, visualization. Y.L.: writing – review and editing. Y.W.:
writing – review and editing. X.S.: writing – review and editing. G.N.: conceptualization, writing
– review and editing, visualization. Q.Z.: writing – review, resources, supervision, project
administration, funding acquisition.

Data availability

Data will be made available from the authors upon reasonable request.

Conflicts of interest

The authors declare that are no conflicts of interests that could have appeared to influence the
work reported in this paper.



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 60 / 90

References

1. Zhong, R. Y. et al. Intelligent manufacturing in the context of industry 4.0: a review.
Engineering 3, 616-630 (2017).

2. Alzuhiri, M. et al. IMU-assisted robotic structured light sensing with featureless
registration under uncertainties for pipeline inspection. NDT & E International 139,
102936 (2023).

3. Antolin-Urbaneja, J. C. et al. Robotized 3D scanning and alignment method for
dimensional qualification of big parts printed by material extrusion. Robotics 13, 175
(2024).

4. Wang, J. S. et al. A mobile robotic measurement system for large-scale complex
components based on optical scanning and visual tracking. Robotics and
Computer-Integrated Manufacturing 67, 102010 (2021).

5. Ito, A. et al. Impact of the use of deep-learning 3D camera on workflow and patient
positioning in CT examinations. European Journal of Radiology 191, 112324 (2025).

6. Li, Y. T. et al. 3DGR-CT: sparse-view CT reconstruction with a 3D Gaussian
representation. Medical Image Analysis 103, 103585 (2025).

7. Liu, T. et al. 3D reconstruction of bone CT scan images based on deformable convex
hull. Medical & Biological Engineering & Computing 62, 551-561 (2024).

8. Ahn, J. S. et al. Development of three-dimensional dental scanning apparatus using
structured illumination. Sensors 17, 1634 (2017).

9. Javaid, M., Haleem, A. & Kumar, L. Current status and applications of 3D scanning in
dentistry. Clinical Epidemiology and Global Health 7, 228-233 (2019).

10. Kühmstedt, P. et al. CAD-CAM-system for dental purpose—an industrial application.
Proceedings of The 4th International Workshop on Automatic Processing of Fringe
Patterns (Fringe 2001). Bremen, Germany: Elsevier, 2001, 667-672.

11. Karim, M. R. et al. Application of LiDAR sensors for crop and working environment
recognition in agriculture: a review. Remote Sensing 16, 4623 (2024).

12. Pan, Y. et al. Panoptic mapping with fruit completion and pose estimation for
horticultural robots. Proceedings of 2023 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS). Detroit, MI, USA: IEEE, 2023, 4226-4233.

13. Yu, S. W. et al. Sensors, systems and algorithms of 3D reconstruction for smart
agriculture and precision farming: a review. Computers and Electronics in Agriculture
224, 109229 (2024).

14. Geng, J. Structured-light 3D surface imaging: a tutorial. Advances in Optics and
Photonics 3, 128-160 (2011).

15. Gorthi, S. S. & Rastogi, P. Fringe projection techniques: whither we are? Optics and
Lasers in Engineering 48, 133-140 (2010).

16. Xu, J. & Zhang, S. Status, challenges, and future perspectives of fringe projection
profilometry. Optics and Lasers in Engineering 135, 106193 (2020).

17. Steel, W. H. Interferometry. (Cambridge: Cambridge University Press, 1985).
18. Wyant, J. C. White light interferometry. Proceedings of the SPIE 4737, Holography: A

Tribute to Yuri Denisyuk and Emmett Leith. Orlando, FL, United States: SPIE, 2002,
98-107.



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 61 / 90

19. Yang, S. M. & Zhang, G. F. A review of interferometry for geometric measurement.
Measurement Science and Technology 29, 102001 (2018).

20. Georgiev, I. et al. Importance caching for complex illumination. Computer Graphics
Forum 31, 701-710 (2012).

21. Pan, X. X. et al. Haze removal for a single remote sensing image based on deformed
haze imaging model. IEEE Signal Processing Letters 22, 1806-1810 (2015).

22. Sankaranarayanan, A. C. et al. Compressive acquisition of dynamic scenes.
Proceedings of 11th European Conference on Computer Vision. Heraklion, Crete,
Greece: Springer, 2010, 129-142.

23. Keller, M. et al. Real-time 3D reconstruction in dynamic scenes using point-based
fusion. Proceedings of 2013 International Conference on 3D Vision-3DV 2013. Seattle,
WA, USA: IEEE, 2013, 1-8.

24. Zhao, X. Y. et al. A review on 3D measurement of highly reflective objects using
structured light projection. The International Journal of Advanced Manufacturing
Technology 132, 4205-4222 (2024).

25. Wang, J. H., Zhou, Y. G. & Yang, Y. X. 3-D measurement method for nonuniform
reflective objects. IEEE Transactions on Instrumentation and Measurement 69,
9132-9143 (2020).

26. Sato, K. et al. Measurements of reflection characteristics and refractive indices of
interior construction materials in millimeter-wave bands. Proceedings of 1995 IEEE
45th Vehicular Technology Conference. Countdown to the Wireless Twenty-First
Century. Chicago, IL, USA: IEEE, 1995, 449-453.

27. Liu, F. S. et al. Review of recent literature on the light absorption properties of black
carbon: refractive index, mass absorption cross section, and absorption function.
Aerosol Science and Technology 54, 33-51 (2020).

28. Hu, D. et al. Measurement methods for optical absorption and scattering properties of
fruits and vegetables. Transactions of the Asabe 58, 1387-1401 (2015).

29. Indhu, R. et al. Overview of laser absorptivity measurement techniques for material
processing. Lasers in Manufacturing and Materials Processing 5, 458-481 (2018).

30. Thai, T. Q. et al. Importance of exposure time on DIC measurement uncertainty at
extreme temperatures. Experimental Techniques 43, 261-271 (2019).

31. Takeda, M. & Mutoh, K. Fourier transform profilometry for the automatic measurement
of 3-D object shapes. Applied Optics 22, 3977-3982 (1983).

32. Takeda, M., Ina, H. & Kobayashi, S. Fourier-transform method of fringe-pattern
analysis for computer-based topography and interferometry. Journal of the Optical
Society of America 72, 156-160 (1982).

33. Takeda, M. Spatial-carrier fringe-pattern analysis and its applications to precision
interferometry and profilometry: an overview. Industrial Metrology 1, 79-99 (1990).

34. Su, X. Y. & Chen, W. J. Fourier transform profilometry: a review. Optics and Lasers in
Engineering 35, 263-284 (2001).

35. Kemao, Q. Windowed Fourier transform for fringe pattern analysis. Applied Optics 43,
2695-2702 (2004).

36. Kemao, Q. Two-dimensional windowed Fourier transform for fringe pattern analysis:
principles, applications and implementations. Optics and Lasers in Engineering 45,



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 62 / 90

304-317 (2007).
37. Sandoz, P. Wavelet transform as a processing tool in white-light interferometry. Optics

Letters 22, 1065-1067 (1997).
38. Zhong, J. G. & Weng, J. W. Spatial carrier-fringe pattern analysis by means of wavelet

transform: wavelet transform profilometry. Applied Optics 43, 4993-4998 (2004).
39. Zhong, M., Chen, W. J. & Su, X. Y. A comparison of one and two-dimensional

s-transform in fringe pattern demodulation. Optics and Lasers in Engineering 55,
212-220 (2014).

40. Zhong, M. et al. Two-dimensional S-transform profilometry with an asymmetry
Gaussian window. Optics Communications 402, 430-436 (2017).

41. Zhong, M. et al. 3D surface profilometry based on 2D S-transform method with
optimized window. Optik 139, 87-94 (2017).

42. Mansinha, L., Stockwell, R. G. & Lowe, R. P. Pattern analysis with two-dimensional
spectral localisation: applications of two-dimensional S transforms. Physica A:
Statistical Mechanics and its Applications 239, 286-295 (1997).

43. Srinivasan, V., Liu, H. C. & Halioua, M. Automated phase-measuring profilometry of
3-D diffuse objects. Applied Optics 23, 3105-3108 (1984).

44. Zuo, C. et al. Temporal phase unwrapping algorithms for fringe projection profilometry:
a comparative review. Optics and Lasers in Engineering 85, 84-103 (2016).

45. Cheng, Y. Y. & Wyant, J. C. Two-wavelength phase shifting interferometry. Applied
Optics 23, 4539-4543 (1984).

46. Cheng, Y. Y. & Wyant, J. C. Multiple-wavelength phase-shifting interferometry. Applied
Optics 24, 804-807 (1985).

47. Gushov, V. I. & Solodkin, Y. N. Automatic processing of fringe patterns in integer
interferometers. Optics and Lasers in Engineering 14, 311-324 (1991).

48. Huntley, J. M. & Saldner, H. Temporal phase-unwrapping algorithm for automated
interferogram analysis. Applied Optics 32, 3047-3052 (1993).

49. Parshall, D. & Kim, M. K. Digital holographic microscopy with dual-wavelength phase
unwrapping. Applied Optics 45, 451-459 (2006).

50. Saldner, H. O. & Huntley, J. M. Temporal phase unwrapping: application to surface
profiling of discontinuous objects. Applied Optics 36, 2770-2775 (1997).

51. Wang, Y. J. & Zhang, S. Superfast multifrequency phase-shifting technique with
optimal pulse width modulation. Optics Express 19, 5149-5155 (2011).

52. Zhong, J. G. & Wang, M. Phase unwrapping by a lookup table method: application to
phase maps with singular points. Optical Engineering 38, 2075-2080 (1999).

53. Zuo, C. et al. High-speed three-dimensional shape measurement for dynamic scenes
using bi-frequency tripolar pulse-width-modulation fringe projection. Optics and Lasers
in Engineering 51, 953-960 (2013).

54. Laughner, J. I. et al. Mapping cardiac surface mechanics with structured light imaging.
American Journal of Physiology-Heart and Circulatory Physiology 303, H712-H720
(2012).

55. Sansoni, G., Carocci, M. & Rodella, R. Three-dimensional vision based on a
combination of gray-code and phase-shift light projection: analysis and compensation
of the systematic errors. Applied Optics 38, 6565-6573 (1999).



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 63 / 90

56. Sansoni, G. et al. Three-dimensional imaging based on Gray-code light projection:
characterization of the measuring algorithm and development of a measuring system
for industrial applications. Applied Optics 36, 4463-4472 (1997).

57. Wang, Y. J., Zhang, S. & Oliver, J. H. 3D shape measurement technique for multiple
rapidly moving objects. Optics Express 19, 8539-8545 (2011).

58. Wu, Z. J. et al. High-speed and high-efficiency three-dimensional shape measurement
based on Gray-coded light. Photonics Research 8, 819-829 (2020).

59. Wu, Z. J., Guo, W. B. & Zhang, Q. C. High-speed three-dimensional shape
measurement based on shifting Gray-code light. Optics Express 27, 22631-22644
(2019).

60. Wu, Z. J. et al. Time-overlapping structured-light projection: high performance on 3D
shape measurement for complex dynamic scenes. Optics Express 30, 22467-22486
(2022).

61. Wu, Z. J. et al. High-speed three-dimensional shape measurement based on cyclic
complementary Gray-code light. Optics Express 27, 1283-1297 (2019).

62. Zhang, Q. C. et al. 3-D shape measurement based on complementary Gray-code light.
Optics and Lasers in Engineering 50, 574-579 (2012).

63. Zhang, Z. A flexible new technique for camera calibration. IEEE Transactions on
Pattern Analysis and Machine Intelligence 22, 1330-1334 (2000).

64. Huang, L., Chua, P. S. K. & Asundi, A. Least-squares calibration method for fringe
projection profilometry considering camera lens distortion. Applied Optics 49,
1539-1548 (2010).

65. Tsai, R. A versatile camera calibration technique for high-accuracy 3D machine vision
metrology using off-the-shelf TV cameras and lenses. IEEE Journal on Robotics and
Automation 3, 323-344 (1987).

66. Asundi, A. & Wensen, Z. Unified calibration technique and its applications in optical
triangular profilometry. Applied Optics 38, 3556-3561 (1999).

67. Cai, Z. W. et al. Phase-3D mapping method developed from back-projection
stereovision model for fringe projection profilometry. Optics Express 25, 1262-1277
(2017).

68. Léandry, I., Brèque, C. & Valle, V. Calibration of a structured-light projection system:
development to large dimension objects. Optics and Lasers in Engineering 50,
373-379 (2012).

69. Li, Z. W. et al. Complex object 3D measurement based on phase-shifting and a neural
network. Optics Communications 282, 2699-2706 (2009).

70. Zhao, W. J., Su, X. Y. & Chen, W. J. Discussion on accurate phase–height mapping in
fringe projection profilometry. Optical Engineering 56, 104109 (2017).

71. Li, W. S., Su, X. Y. & Liu, Z. B. Large-scale three-dimensional object measurement: a
practical coordinate mapping and image data-patching method. Applied Optics 40,
3326-3333 (2001).

72. Reich, C., Ritter, R. & Thesing, J. 3-D shape measurement of complex objects by
combining photogrammetry and fringe projection. Optical Engineering 39, 224-231
(2000).

73. Notni, G. et al. Flexible autocalibrating full-body 3D measurement system using digital



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 64 / 90

light projection. Proceedings of the SPIE 3824, Optical Measurement Systems for
Industrial Inspection. Munich, Germany: SPIE, 1999, 79-88.

74. Schreiber, W. & Notni, G. Theory and arrangements of self-calibrating whole-body
three-dimensional measurement systems using fringe projection technique. Optical
Engineering 39, 159-170 (2000).

75. Chen, X. B. et al. Accurate calibration for a camera–projector measurement system
based on structured light projection. Optics and Lasers in Engineering 47, 310-319
(2009).

76. Huang, B. Y. et al. A fast and flexible projector-camera calibration system. IEEE
Transactions on Automation Science and Engineering 18, 1049-1063 (2021).

77. Moreno, D. & Taubin, G. Simple, accurate, and robust projector-camera calibration.
Proceedings of the 2012 Second International Conference on 3d Imaging, Modeling,
Processing, Visualization & Transmission. Zurich, Switzerland: IEEE, 2012, 464-471.

78. Zhang, S. & Huang, P. S. Novel method for structured light system calibration. Optical
Engineering 45, 083601 (2006).

79. Li, B. W., Karpinsky, N. & Zhang, S. Novel calibration method for structured-light
system with an out-of-focus projector. Applied Optics 53, 3415-3426 (2014).

80. Wang, Y. C. et al. Maximum SNR pattern strategy for phase shifting methods in
structured light illumination. Journal of the Optical Society of America A 27, 1962-1971
(2010).

81. Zuo, C. et al. Optimized three-step phase-shifting profilometry using the third
harmonic injection. Optica Applicata 43, 393-408 (2013).

82. Yan, K. T. et al. Fringe pattern denoising based on deep learning. Optics
Communications 437, 148-152 (2019).

83. Lv, S. Z. & Kemao, Q. Modeling the measurement precision of fringe projection
profilometry. Light: Science & Applications 12, 257 (2023).

84. Wang, J. H. et al. Noise-induced phase error comparison in multi-frequency
phase-shifting profilometry based on few fringes. Optics & Laser Technology 159,
109034 (2023).

85. Onodera, R. & Ishii, Y. Phase-extraction analysis of laser-diode phase-shifting
interferometry that is insensitive to changes in laser power. Journal of the Optical
Society of America A 13, 139-146 (1996).

86. Liu, Q. et al. Phase shift extraction and wavefront retrieval from interferograms with
background and contrast fluctuations. Journal of Optics 17, 025704 (2015).

87. Lu, Y. Y., Zhang, R. H. & Guo, H. W. Correction of illumination fluctuations in
phase-shifting technique by use of fringe histograms. Applied Optics 55, 184-197
(2016).

88. Chen, C., Wan, Y. Y. & Cao, Y. P. Instability of projection light source and real-time
phase error correction method for phase-shifting profilometry. Optics Express 26,
4258-4270 (2018).

89. Zheng, D. L. et al. High-speed phase-shifting profilometry under fluorescent light.
Optics and Lasers in Engineering 128, 106033 (2020).

90. Hariharan, P., Oreb, B. F. & Eiju, T. Digital phase-shifting interferometry: a simple
error-compensating phase calculation algorithm. Applied Optics 26, 2504-2506



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 65 / 90

(1987).
91. Weise, T., Leibe, B. & Van Gool, L. Fast 3D scanning with automatic motion

compensation. Proceedings of the 2007 IEEE Conference on Computer Vision and
Pattern Recognition. Minneapolis, MN, USA: IEEE, 2007, 1-8.

92. Hao, Q., Zhu, Q. D. & Hu, Y. Random phase-shifting interferometry without accurately
controlling or calibrating the phase shifts. Optics Letters 34, 1288-1290 (2009).

93. Lu, L. et al. New approach to improve the accuracy of 3-D shape measurement of
moving object using phase shifting profilometry. Optics Express 21, 30610-30622
(2013).

94. Lu, L. et al. New approach to improve the performance of fringe pattern profilometry
using multiple triangular patterns for the measurement of objects in motion. Optical
Engineering 53, 112211 (2014).

95. Lu, L. et al. Automated approach for the surface profile measurement of moving
objects based on PSP. Optics Express 25, 32120-32131 (2017).

96. Lu, L. et al. Motion induced error reduction methods for phase shifting profilometry: a
review. Optics and Lasers in Engineering 141, 106573 (2021).

97. Bräuer-Burchardt, C., Kühmstedt, P. & Notni, G. Phase error analysis and
compensation in fringe projection profilometry. Proceedings of the SPIE 9526,
Modeling Aspects in Optical Metrology V. Munich, Germany: SPIE, 2015, 952608.

98. Huang, P. S., Zhang, C. P. & Chiang, F. P. High-speed 3-D shape measurement based
on digital fringe projection. Optical Engineering 42, 163-168 (2003).

99. Guo, H. W., He, H. T. & Chen, M. Y. Gamma correction for digital fringe projection
profilometry. Applied Optics 43, 2906-2914 (2004).

100. Pan, B. et al. Phase error analysis and compensation for nonsinusoidal waveforms in
phase-shifting digital fringe projection profilometry. Optics Letters 34, 416-418 (2009).

101. Hoang, T. et al. Generic gamma correction for accuracy enhancement in
fringe-projection profilometry. Optics Letters 35, 1992-1994 (2010).

102. Liu, K. et al. Gamma model and its analysis for phase measuring profilometry. Journal
of the Optical Society of America A 27, 553-562 (2010).

103. Li, Z. W. & Li, Y. F. Gamma-distorted fringe image modeling and accurate gamma
correction for fast phase measuring profilometry. Optics Letters 36, 154-156 (2011).

104. Peng, J. Z. et al. Phase error correction for fringe projection profilometry by using
constrained cubic spline. Advances in Manufacturing 2, 39-47 (2014).

105. Zhang, S. Comparative study on passive and active projector nonlinear gamma
calibration. Applied Optics 54, 3834-3841 (2015).

106. Yu, X. et al. Flexible gamma calculation algorithm based on probability distribution
function in digital fringe projection system. Optics Express 27, 32047-32057 (2019).

107. Muñoz, A. et al. Least-squares gamma estimation in fringe projection profilometry.
Applied Optics 60, 1137-1142 (2021).

108. Wang, J. et al. A rapid and accurate gamma compensation method based on double
response curve fitting for high-quality fringe pattern generation. Optics & Laser
Technology 160, 109084 (2023).

109. Chen, T. B. et al. Polarization and phase-shifting for 3D scanning of translucent
objects. Proceedings of the 2007 IEEE Conference on Computer Vision and Pattern



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 66 / 90

Recognition. Minneapolis, MN, USA: IEEE, 2007, 1-8.
110. Zhang, S. & Yau, S. T. High dynamic range scanning technique. Optical Engineering

48, 033604 (2009).
111. Ekstrand, L. & Zhang, S. Autoexposure for three-dimensional shape measurement

using a digital-light-processing projector. Optical Engineering 50, 123603 (2011).
112. Jiang, H. Z., Zhao, H. J. & Li, X. D. High dynamic range fringe acquisition: a novel 3-D

scanning technique for high-reflective surfaces. Optics and Lasers in Engineering 50,
1484-1493 (2012).

113. Feng, S. J. et al. General solution for high dynamic range three-dimensional shape
measurement using the fringe projection technique. Optics and Lasers in Engineering
59, 56-71 (2014).

114. Chen, B. & Zhang, S. High-quality 3D shape measurement using saturated fringe
patterns. Optics and Lasers in Engineering 87, 83-89 (2016).

115. Rao, L. & Da, F. P. High dynamic range 3D shape determination based on automatic
exposure selection. Journal of Visual Communication and Image Representation 50,
217-226 (2018).

116. Xiang, G., Zhu, H. J. & Guo, H. W. Spatial phase-shifting profilometry by use of
polarization for measuring 3D shapes of metal objects. Optics Express 29,
20981-20994 (2021).

117. Agelidis, V. G., Balouktsis, A. & Balouktsis, I. On applying a minimization technique to
the harmonic elimination PWM control: the bipolar waveform. IEEE Power Electronics
Letters 2, 41-44 (2004).

118. Ayubi, G. A. et al. Pulse-width modulation in defocused three-dimensional fringe
projection. Optics Letters 35, 3682-3684 (2010).

119. Wang, Y. L. & Zhang, S. Optimal pulse width modulation for sinusoidal fringe
generation with projector defocusing. Optics Letters 35, 4121-4123 (2010).

120. Wang, Y. L. & Zhang, S. Three-dimensional shape measurement with binary dithered
patterns. Applied Optics 51, 6631-6636 (2012).

121. Zuo, C. et al. Optimized pulse width modulation pattern strategy for three-dimensional
profilometry with projector defocusing. Applied Optics 51, 4477-4490 (2012).

122. Dai, J. F. & Zhang, S. Phase-optimized dithering technique for high-quality 3D shape
measurement. Optics and Lasers in Engineering 51, 790-795 (2013).

123. Dai, J. F., Li, B. W. & Zhang, S. High-quality fringe pattern generation using binary
pattern optimization through symmetry and periodicity. Optics and Lasers in
Engineering 52, 195-200 (2014).

124. Sun, J. S. et al. Improved intensity-optimized dithering technique for 3D shape
measurement. Optics and Lasers in Engineering 66, 158-164 (2015).

125. Lei, S. Y. & Zhang, S. Flexible 3-D shape measurement using projector defocusing.
Optics Letters 34, 3080-3082 (2009).

126. Notni, G. H. & Notni, G. Digital fringe projection in 3D shape measurement: an error
analysis. Proceedings of the SPIE 5144, Optical Measurement Systems for Industrial
Inspection III. Munich, Germany: SPIE, 2003, 372-380.

127. Zhang, S., Royer, D. & Yau, S. T. GPU-assisted high-resolution, real-time 3-D shape
measurement. Optics Express 14, 9120-9129 (2006).



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 67 / 90

128. Liu, K. et al. Dual-frequency pattern scheme for high-speed 3-D shape measurement.
Optics Express 18, 5229-5244 (2010).

129. Zhang, S. Recent progresses on real-time 3D shape measurement using digital fringe
projection techniques. Optics and Lasers in Engineering 48, 149-158 (2010).

130. Gao, W. J. & Kemao, Q. Parallel computing in experimental mechanics and optical
measurement: a review. Optics and Lasers in Engineering 50, 608-617 (2012).

131. Zuo, C. et al. High-speed three-dimensional profilometry for multiple objects with
complex shapes. Optics Express 20, 19493-19510 (2012).

132. Karpinsky, N. L. et al. High-resolution, real-time three-dimensional shape
measurement on graphics processing unit. Optical Engineering 53, 024105 (2014).

133. Zhan, G. M. et al. High-speed FPGA-based phase measuring profilometry architecture.
Optics Express 25, 10553-10564 (2017).

134. Zhang, S. & Huang, P. S. High-resolution, real-time three-dimensional shape
measurement. Optical Engineering 45, 123601 (2006).

135. Nguyen, H. et al. Real-time, high-accuracy 3D imaging and shape measurement.
Applied Optics 54, A9-A17 (2015).

136. Tao, T. Y. et al. Real-time 3-D shape measurement with composite phase-shifting
fringes and multi-view system. Optics Express 24, 20253-20269 (2016).

137. Wand, M. et al. Efficient reconstruction of nonrigid shape and motion from real-time 3D
scanner data. ACM Transactions on Graphics (TOG) 28, 15 (2009).

138. Dudley, D., Duncan, W. M. & Slaughter, J. Emerging digital micromirror device (DMD)
applications. Proceedings of the SPIE 4985, Moems Display and Imaging Systems.
San Jose, CA, United States: SPIE, 2003, 14-25.

139. Heist, S. et al. Array projection of aperiodic sinusoidal fringes for high-speed
three-dimensional shape measurement. Optical Engineering 53, 112208 (2014).

140. Heist, S. et al. High-speed three-dimensional shape measurement using GOBO
projection. Optics and Lasers in Engineering 87, 90-96 (2016).

141. Heist, S. et al. GOBO projection for 3D measurements at highest frame rates: a
performance analysis. Light: Science & Applications 7, 71 (2018).

142. Heist, S. et al. 5D hyperspectral imaging: fast and accurate measurement of surface
shape and spectral characteristics using structured light. Optics Express 26,
23366-23379 (2018).

143. Landmann, M. et al. High-speed 3D thermography. Optics and Lasers in Engineering
121, 448-455 (2019).

144. Kondo, Y. et al. Development of HyperVision HPV-X high-speed video camera.
Shimadzu Review 69, 285-291 (2013).

145. Gallego, G. et al. Event-based vision: a survey. IEEE Transactions on Pattern Analysis
and Machine Intelligence 44, 154-180 (2022).

146. Huang, X. Y., Zhang, Y. Y. & Xiong, Z. W. High-speed structured light based 3D
scanning using an event camera. Optics Express 29, 35864-35876 (2021).

147. Muglikar, M., Gallego, G. & Scaramuzza, D. ESL: event-based structured light.
Proceedings of the 2021 International Conference on 3D Vision (3DV). London, United
Kingdom: IEEE, 2021, 1165-1174.

148. Fujimoto, Y. et al. Structured light of flickering patterns having different frequencies for



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 68 / 90

a projector-event-camera system. Proceedings of the 2022 IEEE Conference on
Virtual Reality and 3D User Interfaces (VR). Christchurch, New Zealand: IEEE, 2022,
582-588.

149. Sundar, V. et al. Single-photon structured light. Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. New Orleans, LA, USA:
IEEE, 2022, 17865-17875.

150. Bronzi, D. et al. Automotive three-dimensional vision through a single-photon counting
SPAD camera. IEEE Transactions on Intelligent Transportation Systems 17, 782-795
(2016).

151. Morimoto, K. et al. Megapixel time-gated SPAD image sensor for 2D and 3D imaging
applications. Optica 7, 346-354 (2020).

152. Su, X. Y. & Zhang, Q. C. Dynamic 3-D shape measurement method: a review. Optics
and Lasers in Engineering 48, 191-204 (2010).

153. Zhang, Z. H. Review of single-shot 3D shape measurement by phase
calculation-based fringe projection techniques. Optics and Lasers in Engineering 50,
1097-1106 (2012).

154. Zhang, S. High-speed 3D shape measurement with structured light methods: a review.
Optics and Lasers in Engineering 106, 119-131 (2018).

155. Zhang, S. Absolute phase retrieval methods for digital fringe projection profilometry: a
review. Optics and Lasers in Engineering 107, 28-37 (2018).

156. Guo, Y. M. et al. Deep learning for visual understanding: a review. Neurocomputing
187, 27-48 (2016).

157. Deng, L. & Yu, D. Deep learning: methods and applications. Foundations and Trends®
in Signal Processing 7, 197-387 (2014).

158. Min, S., Lee, B. & Yoon, S. Deep learning in bioinformatics. Briefings in Bioinformatics
18, 851-869 (2017).

159. Schmidhuber, J. Deep learning in neural networks: an overview. Neural Networks 61,
85-117 (2015).

160. Ngiam, J. et al. Multimodal deep learning. Proceedings of the 28th International
Conference on Machine Learning. Bellevue, Washington, USA: Omnipress, 2011,
689-696.

161. Pouyanfar, S. et al. A survey on deep learning: algorithms, techniques, and
applications. ACM Computing Surveys (CSUR) 51, 92 (2018).

162. Ching, T. et al. Opportunities and obstacles for deep learning in biology and medicine.
Journal of the Royal Society Interface 15, 20170387 (2018).

163. LeCun, Y., Bengio, Y. & Hinton, G. Deep learning. Nature 521, 436-444 (2015).
164. Krizhevsky, A., Sutskever, I. & Hinton, G. E. ImageNet classification with deep

convolutional neural networks. Proceedings of the 26th International Conference on
Neural Information Processing Systems. Lake Tahoe, Nevada, United States: Curran
Associates Inc., 2012, 1106-1114.

165. He, K. M. et al. Deep residual learning for image recognition. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. Las Vegas, NV, USA: IEEE,
2016, 770-778.

166. Goodfellow, I. et al. Generative adversarial networks. Communications of the ACM 63,



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 69 / 90

139-144 (2020).
167. Vaswani, A. et al. Attention is all you need. Proceedings of the 31st International

Conference on Neural Information Processing Systems. Long Beach, California, USA:
Curran Associates Inc., 2017, 6000-6010.

168. Devlin, J. et al. BERT: pre-training of deep bidirectional transformers for language
understanding. Proceedings of the 2019 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers). Minneapolis, Minnesota, USA: Association for
Computational Linguistics, 2019, 4171-4186.

169. Feng, S. J. et al. Fringe pattern analysis using deep learning. Advanced Photonics 1,
025001 (2019).

170. Machineni, R. C. et al. End-to-end deep learning-based fringe projection framework
for 3D profiling of objects. Computer Vision and Image Understanding 199, 103023
(2020).

171. Nguyen, A. H. et al. Generalized fringe-to-phase framework for single-shot 3D
reconstruction integrating structured light with deep learning. Sensors 23, 4209
(2023).

172. Kim, W. H. et al. Novel approach for fast structured light framework using deep
learning. Image and Vision Computing 150, 105204 (2024).

173. Yin, W. et al. Physics-informed deep learning for fringe pattern analysis.
Opto-Electronic Advances 7, 230034 (2024).

174. Chen, W. W. et al. Deep-learning-enabled temporally super-resolved multiplexed
fringe projection profilometry: high-speed kHz 3D imaging with low-speed camera.
PhotoniX 5, 25 (2024).

175. Yin, W. et al. Temporal phase unwrapping using deep learning. Scientific Reports 9,
20175 (2019).

176. Liang, J. et al. Deep convolutional neural network phase unwrapping for fringe
projection 3D imaging. Sensors 20, 3691 (2020).

177. Nguyen, H., Wang, Y. Z. & Wang, Z. Y. Single-shot 3D shape reconstruction using
structured light and deep convolutional neural networks. Sensors 20, 3718 (2020).

178. Qian, J. M. et al. Deep-learning-enabled geometric constraints and phase unwrapping
for single-shot absolute 3D shape measurement. APL Photonics 5, 046105 (2020).

179. Li, Y. X. et al. Composite fringe projection deep learning profilometry for single-shot
absolute 3D shape measurement. Optics Express 30, 3424-3442 (2022).

180. Zhu, X. J. et al. Hformer: hybrid convolutional neural network transformer network for
fringe order prediction in phase unwrapping of fringe projection. Optical Engineering
61, 093107 (2022).

181. Yu, H. T. et al. Deep learning-based fringe modulation-enhancing method for accurate
fringe projection profilometry. Optics Express 28, 21692-21703 (2020).

182. Zheng, Y. et al. Fringe projection profilometry by conducting deep learning from its
digital twin. Optics Express 28, 36568-36583 (2020).

183. Feng, S. J. et al. Generalized framework for non-sinusoidal fringe analysis using deep
learning. Photonics Research 9, 1084-1098 (2021).

184. Yang, Y. et al. Phase error compensation based on Tree-Net using deep learning.



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 70 / 90

Optics and Lasers in Engineering 143, 106628 (2021).
185. Song, J. W. et al. Super-resolution phase retrieval network for single-pattern

structured light 3D imaging. IEEE Transactions on Image Processing 32, 537-549
(2023).

186. Wang, K. Q. et al. Deep learning spatial phase unwrapping: a comparative review.
Advanced Photonics Nexus 1, 014001 (2022).

187. Yu, H. T. et al. Untrained deep learning-based phase retrieval for fringe projection
profilometry. Optics and Lasers in Engineering 164, 107483 (2023).

188. Jiang, H. Z. et al. Parallel single-pixel imaging: a general method for direct–global
separation and 3D shape reconstruction under strong global illumination. International
Journal of Computer Vision 129, 1060-1086 (2021).

189. Chen, F. F. et al. Modeling of parallel single-pixel imaging for 3D reconstruction: new
insights and opportunities. Advanced Devices & Instrumentation 7, 0118 (2026).

190. Wu, Z. J. et al. Dynamic 3D shape reconstruction under complex reflection and
transmission conditions using multi-scale parallel single-pixel imaging. Light:
Advanced Manufacturing 5, 373-384 (2024).

191. Zuo, C. et al. Phase shifting algorithms for fringe projection profilometry: a review.
Optics and Lasers in Engineering 109, 23-59 (2018).

192. Albrecht, P. & Michaelis, B. Stereo photogrammetry with improved spatial resolution.
Proceedings of Fourteenth International Conference on Pattern Recognition (ICPR
1998). Brisbane, Australia: IEEE Computer Society, 1998, 845-849.

193. Wiegmann, A., Wagner, H. & Kowarschik, R. Human face measurement by projecting
bandlimited random patterns. Optics Express 14, 7692-7698 (2006).

194. Grosse, M. et al. Fast data acquisition for three-dimensional shape measurement
using fixed-pattern projection and temporal coding. Optical Engineering 50, 100503
(2011).

195. Lutzke, P. et al. Experimental comparison of phase-shifting fringe projection and
statistical pattern projection for active triangulation systems. Proceedings of the SPIE
8788, Optical Measurement Systems for Industrial Inspection VIII. Munich, Germany:
SPIE, 2013, 878813.

196. Din, I. et al. Projector calibration for pattern projection systems. Journal of Applied
Research and Technology 12, 80-86 (2014).

197. Zhang, Z. B., Ma, X. & Zhong, J. G. Single-pixel imaging by means of Fourier
spectrum acquisition. Nature Communications 6, 6225 (2015).

198. Huang, P. S. et al. Color-encoded fringe projection and phase shifting for 3D surface
contouring. Proceedings of the SPIE 3407, International Conference on Applied
Optical Metrology. Balatonfured, Hungary: SPIE, 1998, 477-482.

199. Goldstein, R. M., Zebker, H. A. & Werner, C. L. Satellite radar interferometry:
two-dimensional phase unwrapping. Radio Science 23, 713-720 (1988).

200. Bone, D. J. Fourier fringe analysis: the two-dimensional phase unwrapping problem.
Applied Optics 30, 3627-3632 (1991).

201. Zhang, S., Li, X. L. & Yau, S. T. Multilevel quality-guided phase unwrapping algorithm
for real-time three-dimensional shape reconstruction. Applied Optics 46, 50-57 (2007).

202. Inokuchi, S. et al. Range imaging system for 3-D object recognition. Proceedings of



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 71 / 90

Seventh International Conference on Pattern Recognition (ICPR 1984). Montreal, QC,
Canada: IEEE Computer Society Press, 1984, 806-808.

203. Ito, M. & Ishii, A. A three-level checkerboard pattern (TCP) projection method for
curved surface measurement. Pattern Recognition 28, 27-40 (1995).

204. Wang, Y. J. & Zhang, S. Novel phase-coding method for absolute phase retrieval.
Optics Letters 37, 2067-2069 (2012).

205. Tian, J. D., Ding, Y. B. & Peng, X. Self-calibration of a fringe projection system using
epipolar constraint. Optics & Laser Technology 40, 538-544 (2008).

206. Xiao, Y. L., Xue, J. P. & Su, X. Y. Robust self-calibration three-dimensional shape
measurement in fringe-projection photogrammetry. Optics Letters 38, 694-696 (2013).

207. Bouguet, J.-Y. Camera Calibration Toolbox for Matlab. Pasadena, CA: California
Institute of Technology, 2004. Available: https://data.caltech.edu/records/jx9cx-fdh55

208. Lin, J. F. & Su, X. Y. Two-dimensional Fourier transform profilometry for the automatic
measurement of three-dimensional object shapes. Optical Engineering 34, 3297-3302
(1995).

209. Huang, L. et al. Comparison of Fourier transform, windowed Fourier transform, and
wavelet transform methods for phase extraction from a single fringe pattern in fringe
projection profilometry. Optics and Lasers in Engineering 48, 141-148 (2010).

210. Huang, P. S., Hu, Q. J. & Chiang, F. P. Double three-step phase-shifting algorithm.
Applied Optics 41, 4503-4509 (2002).

211. Zhang, S. & Yau, S. T. High-speed three-dimensional shape measurement system
using a modified two-plus-one phase-shifting algorithm. Optical Engineering 46,
113603 (2007).

212. Ma, S. et al. Blind phase error suppression for color-encoded digital fringe projection
profilometry. Optics Communications 285, 1662-1668 (2012).

213. Flores, J. L. et al. Color-fringe pattern profilometry using a generalized phase-shifting
algorithm. Applied Optics 54, 8827-8834 (2015).

214. Wan, Y. Y. et al. Single-shot real-time three dimensional measurement based on
hue-height mapping. Optics Communications 416, 10-18 (2018).

215. Zhang, B. W. et al. A robust phase unwrapping method for phase shifting coding
high-frequency color fringe projection profilometry. Optics Communications 558,
130377 (2024).

216. Su, W. H. Color-encoded fringe projection for 3D shape measurements. Optics
Express 15, 13167-13181 (2007).

217. Itoh, K. Analysis of the phase unwrapping algorithm. Applied Optics 21, 2470-2470
(1982).

218. Huntley, J. M. Noise-immune phase unwrapping algorithm. Applied Optics 28,
3268-3270 (1989).

219. Zhang, K., He, X. & Xu, J. P. Betterment of branch setting in Glodstein’ algorithm.
Microcomputer Information 24, 290-291, 294 (2008).

220. Zhang, Y. et al. Application of a novel branch-cut algorithm in phase unwrapping.
Journal of University of Electronic Science and Technology of China 42, 555-558
(2013).

221. Flynn, T. J. Two-dimensional phase unwrapping with minimum weighted discontinuity.



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 72 / 90

Journal of the Optical Society of America A 14, 2692-2701 (1997).
222. Zhang, T., Lu, Y. G. & Zhang, X. P. Minimum-discontinuity phase unwrapping algorithm

based on edge detection. Acta Optica Sinica 29, 180-186 (2008).
223. Lu, Y. G., Zhang, T. & Zhang, X. P. Two-dimensional minimum discontinuity phase

unwrapping based on tabu search. Proceedings of the SPIE 7160, 2008 International
Conference on Optical Instruments and Technology: Optoelectronic Measurement
Technology and Applications. Beijing, China: SPIE, 2008, 71602L.

224. Zhao, M. et al. Quality-guided phase unwrapping technique: comparison of quality
maps and guiding strategies. Applied Optics 50, 6214-6224 (2011).

225. Cusack, R. & Papadakis, N. New robust 3-D phase unwrapping algorithms:
application to magnetic field mapping and undistorting echoplanar images.
Neuroimage 16, 754-764 (2002).

226. Jenkinson, M. Fast, automated, N ‐ dimensional phase ‐ unwrapping algorithm.
Magnetic Resonance in Medicine 49, 193-197 (2003).

227. Abdul-Rahman, H. et al. Fast three-dimensional phase-unwrapping algorithm based
on sorting by reliability following a non-continuous path. Proceedings of SPIE 5856,
Optical Measurement Systems for Industrial Inspection IV. Munich, Germany: SPIE,
2005, 32-40.

228. Su, X. Y. & Chen, W. J. Reliability-guided phase unwrapping algorithm: a review.
Optics and Lasers in Engineering 42, 245-261 (2004).

229. Zheng, D. L. et al. Ternary Gray code-based phase unwrapping for 3D measurement
using binary patterns with projector defocusing. Applied Optics 56, 3660-3665 (2017).

230. He, X. Y. et al. Quaternary gray-code phase unwrapping for binary fringe projection
profilometry. Optics and Lasers in Engineering 121, 358-368 (2019).

231. He, X. Y. & Kemao, Q. A comparison of n-ary simple code and n-ary gray code phase
unwrapping in high-speed fringe projection profilometry. Optics and Lasers in
Engineering 128, 106046 (2020).

232. Zheng, D. L. & Da, F. P. Phase coding method for absolute phase retrieval with a large
number of codewords. Optics Express 20, 24139-24150 (2012).

233. Zhou, C. L. et al. An improved stair phase encoding method for absolute phase
retrieval. Optics and Lasers in Engineering 66, 269-278 (2015).

234. Chen, X. C. et al. Quantized phase coding and connected region labeling for absolute
phase retrieval. Optics Express 24, 28613-28624 (2016).

235. Wang, Y. J. et al. Improved phase-coding methods with fewer patterns for 3D shape
measurement. Optics Communications 401, 6-10 (2017).

236. Wu, G. X. et al. High-resolution few-pattern method for 3D optical measurement.
Optics Letters 44, 3602-3605 (2019).

237. Cai, B. L. et al. Absolute phase measurement with four patterns based on variant
shifting phases. Review of Scientific Instruments 91, 065115 (2020).

238. Creath, K. et al. Step height measurement using two-wavelength phase-shifting
interferometry. Applied Optics 26, 2810-2816 (1987).

239. Yin, W. et al. High-speed 3D shape measurement using the optimized composite
fringe patterns and stereo-assisted structured light system. Optics Express 27,
2411-2431 (2019).



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 73 / 90

240. He, X. Y. & Kemao, Q. A comparative study on temporal phase unwrapping methods in
high-speed fringe projection profilometry. Optics and Lasers in Engineering 142,
106613 (2021).

241. Wu, Z. J., Guo, W. B. & Zhang, Q. C. Two-frequency phase-shifting method vs.
Gray-coded-based method in dynamic fringe projection profilometry: a comparative
review. Optics and Lasers in Engineering 153, 106995 (2022).

242. Zhou, W. S. & Su, X. Y. A direct mapping algorithm for phase-measuring profilometry.
Journal of Modern Optics 41, 89-94 (1994).

243. Du, H. & Wang, Z. Y. Three-dimensional shape measurement with an arbitrarily
arranged fringe projection profilometry system. Optics Letters 32, 2438-2440 (2007).

244. Feng, S. J., Chen, Q. & Zuo, C. Graphics processing unit–assisted real-time
three-dimensional measurement using speckle-embedded fringe. Applied Optics 54,
6865-6873 (2015).

245. Zhang, Z. H. et al. Simple calibration of a phase-based 3D imaging system based on
uneven fringe projection. Optics Letters 36, 627-629 (2011).

246. Reitemeier, B. et al. Optical modeling of extraoral defects. The Journal of Prosthetic
Dentistry 91, 80-84 (2004).

247. Kuhmstedt, P. et al. Phasogrammetric optical 3D sensor for the measurement of large
objects. Proceedings of the SPIE 5457, Optical Metrology in Production Engineering.
Strasbourg, France: SPIE, 2004, 56-64.

248. Notni, G. et al. Selfcalibrating fringe projection setups for industrial use. in Fringe 2005:
The 5th International Workshop on Automatic Processing of Fringe Patterns (ed Osten,
W.) (Berlin, Heidelberg: Springer, 2005), 436-441.

249. Kuhmstedt, P. et al. Optical 3D sensor for large objects in industrial application.
Proceedings of the SPIE 5856, Optical Measurement Systems for Industrial Inspection
IV. Munich, Germany: SPIE, 2005, 118-127.

250. Li, Z. W. Accurate calibration method for a structured light system. Optical Engineering
47, 053604 (2008).

251. Zhang, S. Flexible and high-accuracy method for uni-directional structured light
system calibration. Optics and Lasers in Engineering 143, 106637 (2021).

252. Feng, S. J. et al. Calibration of fringe projection profilometry: a comparative review.
Optics and Lasers in Engineering 143, 106622 (2021).

253. Li, J. L., Hassebrook, L. G. & Guan, C. Optimized two-frequency
phase-measuring-profilometry light-sensor temporal-noise sensitivity. Journal of the
Optical Society of America A 20, 106-115 (2003).

254. Fu, S. J. & Zhang, C. M. Fringe pattern denoising via image decomposition. Optics
Letters 37, 422-424 (2012).

255. Zhang, Z. H. & Zhang, E. Fluctuation elimination of fringe pattern by using empirical
mode decomposition. Proceedings of the SPIE 9046, 2013 International Conference
on Optical Instruments and Technology: Optoelectronic Measurement Technology and
Systems. Beijing, China: SPIE, 2013, 90460D.

256. Cheng, Y. Y. & Wyant, J. C. Phase shifter calibration in phase-shifting interferometry.
Applied Optics 24, 3049-3052 (1985).

257. Sui, C. et al. Accurate 3D reconstruction of dynamic objects by spatial-temporal



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 74 / 90

multiplexing and motion-induced error elimination. IEEE Transactions on Image
Processing 31, 2106-2121 (2022).

258. Duan, M. H. et al. Automatic 3-D measurement method for nonuniform moving objects.
IEEE Transactions on Instrumentation and Measurement 70, 5015011 (2021).

259. He, Q. et al. Three-dimensional surface-shape measurement of moving billets using
phase-shifting profilometry. IEEE Transactions on Instrumentation and Measurement
73, 5022011 (2024).

260. Kang, L. et al. Motion-induced phase shift for dynamic structured light measurement.
Optics Letters 49, 6509-6512 (2024).

261. Wang, H. Y. et al. Real-time motion-induced error reduction for phase-shifting
profilometry with projection points tracking method. Measurement 239, 115450 (2025).

262. Feng, S. J. et al. Robust dynamic 3-D measurements with motion-compensated
phase-shifting profilometry. Optics and Lasers in Engineering 103, 127-138 (2018).

263. Wang, Y. J., Suresh, V. & Li, B. W. Motion-induced error reduction for binary
defocusing profilometry via additional temporal sampling. Optics Express 27,
23948-23958 (2019).

264. Liu, Z. P., Zibley, P. C. & Zhang, S. Motion-induced error compensation for phase
shifting profilometry. Optics Express 26, 12632-12637 (2018).

265. Liu, X. R. et al. Real-time motion-induced-error compensation in 3D surface-shape
measurement. Optics Express 27, 25265-25279 (2019).

266. Guo, W. B. et al. Generalized phase shift deviation estimation method for accurate 3-D
shape measurement in phase-shifting profilometry. IEEE Transactions on
Instrumentation and Measurement 74, 5023511 (2025).

267. Wang, Y. et al. Motion induced phase error reduction using a Hilbert transform. Optics
Express 26, 34224-34235 (2018).

268. Guo, W. B. et al. Real-time motion-induced error compensation for 4-step
phase-shifting profilometry. Optics Express 29, 23822-23834 (2021).

269. Yao, P. C., Gai, S. Y. & Da, F. P. Efficient dynamic 3D shape measurement technique
for resisting motion-induced error. Optics & Laser Technology 161, 109137 (2023).

270. Wu, G. X. et al. Suppressing motion-induced phase error by using equal-step
phase-shifting algorithms in fringe projection profilometry. Optics Express 30,
17980-17998 (2022).

271. Guo, W. B. et al. Real-time 3D shape measurement with dual-frequency composite
grating and motion-induced error reduction. Optics Express 28, 26882-26897 (2020).

272. Cong, P. Y. et al. Accurate dynamic 3D sensing with fourier-assisted phase shifting.
IEEE Journal of Selected Topics in Signal Processing 9, 396-408 (2015).

273. Li, B. W., Liu, Z. P. & Zhang, S. Motion-induced error reduction by combining Fourier
transform profilometry with phase-shifting profilometry. Optics Express 24,
23289-23303 (2016).

274. Qian, J. M. et al. Motion-artifact-free dynamic 3D shape measurement with hybrid
Fourier-transform phase-shifting profilometry. Optics Express 27, 2713-2731 (2019).

275. Stetson, K. A. & Brohinsky, W. R. Electrooptic holography and its application to
hologram interferometry. Applied Optics 24, 3631-3637 (1985).

276. Su, X. Y. et al. Automated phase-measuring profilometry using defocused projection of



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 75 / 90

a Ronchi grating. Optics Communications 94, 561-573 (1992).
277. Cai, S. A. et al. Flexible nonlinear error correction method based on support vector

regression in fringe projection profilometry. IEEE Transactions on Instrumentation and
Measurement 72, 5000709 (2022).

278. Cai, Z. W. et al. Flexible phase error compensation based on Hilbert transform in
phase shifting profilometry. Optics Express 23, 25171-25181 (2015).

279. Song, H. X. & Kong, L. B. Mask information-based gamma correction in fringe
projection profilometry. Optics Express 31, 19478-19490 (2023).

280. Zhang, S. & Yau, S. T. Generic nonsinusoidal phase error correction for
three-dimensional shape measurement using a digital video projector. Applied Optics
46, 36-43 (2007).

281. Liu, Y. K. et al. A flexible phase error compensation method based on probability
distribution functions in phase measuring profilometry. Optics & Laser Technology 129,
106267 (2020).

282. Wang, Y. W. et al. Nonlinear correction for fringe projection profilometry with
shifted-phase histogram equalization. IEEE Transactions on Instrumentation and
Measurement 71, 5005509 (2022).

283. Wang, Z. Y., Nguyen, D. A. & Barnes, J. C. Some practical considerations in fringe
projection profilometry. Optics and Lasers in Engineering 48, 218-225 (2010).

284. Sun, Z. et al. BRAS: bidirectional reflectance adjustment strategy for 3-D
reconstruction of mirror-like surface. IEEE Transactions on Industrial Informatics 19,
10775-10785 (2023).

285. He, Z. X. et al. Chessboard-like high-frequency patterns for 3D measurement of
reflective surface. IEEE Transactions on Instrumentation and Measurement 70,
5009712 (2021).

286. Zhang, S. Rapid and automatic optimal exposure control for digital fringe projection
technique. Optics and Lasers in Engineering 128, 106029 (2020).

287. Waddington, C. & Kofman, J. Saturation avoidance by adaptive fringe projection in
phase-shifting 3D surface-shape measurement. Proceedings of the 2010 International
Symposium on Optomechatronic Technologies. Toronto, ON, Canada: IEEE, 2010,
1-4.

288. Waddington, C. & Kofman, J. Camera-independent saturation avoidance in measuring
high-reflectivity-variation surfaces using pixel-wise composed images from projected
patterns of different maximum gray level. Optics Communications 333, 32-37 (2014).

289. Li, D. & Kofman, J. Adaptive fringe-pattern projection for image saturation avoidance
in 3D surface-shape measurement. Optics Express 22, 9887-9901 (2014).

290. Sheng, H., Xu, J. & Zhang, S. Dynamic projection theory for fringe projection
profilometry. Applied Optics 56, 8452-8460 (2017).

291. Salahieh, B. et al. Multi-polarization fringe projection imaging for high dynamic range
objects. Optics Express 22, 10064-10071 (2014).

292. Goldman, D. B. et al. Shape and spatially-varying brdfs from photometric stereo. IEEE
Transactions on Pattern Analysis and Machine Intelligence 32, 1060-1071 (2010).

293. Meng, L. F. et al. Single-shot specular surface reconstruction with gonio-plenoptic
imaging. Proceedings of the IEEE International Conference on Computer Vision.



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 76 / 90

Santiago, Chile: IEEE, 2015, 3433-3441.
294. Pei, X. H. et al. Profile measurement of non-Lambertian surfaces by integrating fringe

projection profilometry with near-field photometric stereo. Measurement 187, 110277
(2022).

295. Jiang, C. F., Bell, T. & Zhang, S. High dynamic range real-time 3D shape
measurement. Optics Express 24, 7337-7346 (2016).

296. Qi, Z. S. et al. Error of image saturation in the structured-light method. Applied Optics
57, A181-A188 (2018).

297. Tan, J. et al. Generic saturation-induced phase error correction for structured light 3D
shape measurement. Optics Letters 47, 3387-3390 (2022).

298. Lin, H. et al. Review and comparison of high‐dynamic range three‐dimensional
shape measurement techniques. Journal of Sensors 2017, 9576850 (2017).

299. Feng, S. J. et al. High dynamic range 3D measurements with fringe projection
profilometry: a review. Measurement Science and Technology 29, 122001 (2018).

300. Zhu, S. J. et al. High-efficiency and robust binary fringe optimization for superfast 3D
shape measurement. Optics Express 30, 35539-35553 (2022).

301. Zhu, S. J. et al. Superfast and large-depth-range sinusoidal fringe generation for
multi-dimensional information sensing. Photonics Research 10, 2590-2598 (2022).

302. Lohry, W. & Zhang, S. Genetic method to optimize binary dithering technique for
high-quality fringe generation. Optics Letters 38, 540-542 (2013).

303. You, D. et al. Theoretical analysis and experimental investigation of the
Floyd-Steinberg-based fringe binary method with offset compensation for accurate 3D
measurement. Optics Express 30, 26807-26823 (2022).

304. Dai, J. F., Li, B. W. & Zhang, S. Intensity-optimized dithering technique for
three-dimensional shape measurement with projector defocusing. Optics and Lasers
in Engineering 53, 79-85 (2014).

305. Xu, Z. X. & Chan, Y. H. Removing harmonic distortion of measurements of a
defocusing three-step phase-shifting digital fringe projection system. Optics and
Lasers in Engineering 90, 139-145 (2017).

306. Lu, F., Wu, C. D. & Yang, J. K. Optimized dithering technique for three-dimensional
shape measurement with projector defocusing. Optics Communications 430, 246-255
(2019).

307. Zheng, Z. J. et al. Robust binary fringe generation method with defocus adaptability.
Optics Letters 47, 3483-3486 (2022).

308. Kamagara, A., Wang, X. Z. & Li, S. K. Optimal defocus selection based on normed
Fourier transform for digital fringe pattern profilometry. Applied Optics 56, 8014-8022
(2017).

309. Wang, Y. F. et al. Defocusing parameter selection strategies based on PSF
measurement for square-binary defocusing fringe projection profilometry. Optics
Express 26, 20351-20367 (2018).

310. Zhang, S. High-resolution 3D profilometry with binary phase-shifting methods. Applied
Optics 50, 1753-1757 (2011).

311. Zheng, D. L. et al. Phase error analysis and compensation for phase shifting
profilometry with projector defocusing. Applied Optics 55, 5721-5728 (2016).



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 77 / 90

312. Wang, Y. J., Basu, S. & Li, B. W. Binarized dual phase-shifting method for high-quality
3D shape measurement. Applied Optics 57, 6632-6639 (2018).

313. Xu, Y. et al. Phase error compensation for three-dimensional shape measurement with
projector defocusing. Applied Optics 50, 2572-2581 (2011).

314. Liu, Y. K., Zhang, Q. C. & Su, X. Y. 3D shape from phase errors by using binary fringe
with multi-step phase-shift technique. Optics and Lasers in Engineering 74, 22-27
(2015).

315. Zhang, J. R. et al. Full-field phase error analysis and compensation for nonsinusoidal
waveforms in phase shifting profilometry with projector defocusing. Optics
Communications 430, 467-478 (2019).

316. Li, B. W. et al. Some recent advances on superfast 3D shape measurement with
digital binary defocusing techniques. Optics and Lasers in Engineering 54, 236-246
(2014).

317. Zhang, Q. C. et al. 4D metrology of flapping-wing micro air vehicle based on fringe
projection. Proceedings of the SPIE 8769, International Conference on Optics in
Precision Engineering and Nanotechnology (icOPEN2013). Singapore, Singapore:
SPIE, 2013, 87692Y.

318. Zhang, Q. C. & Su, X. Y. An optical measurement of vortex shape at a free surface.
Optics & Laser Technology 34, 107-113 (2002).

319. Zhang, Q. C. & Su, X. Y. High-speed optical measurement for the drumhead vibration.
Optics Express 13, 3110-3116 (2005).

320. Zhang, Q. C. Optical 3-D shape and deformation measurement of rotating blades
using stroboscopic structured illumination. Optical Engineering 44, 113601 (2005).

321. Zhang, Q. C. Technical study of three-dimensional shape measurement for dynamic
process. PhD thesis, Sichuan University, Chengdu, 2005.

322. Zhang, H. H. et al. High speed 3D shape measurement with temporal Fourier
transform profilometry. Applied Sciences 9, 4123 (2019).

323. Liu, Y. H. et al. Improve temporal Fourier transform profilometry for complex dynamic
three-dimensional shape measurement. Sensors 20, 1808 (2020).

324. Zhang, H. H., Li, Y. & Zhang, Q. C. Dynamic 3D shape measurement based on
rotating grating projection. Acta Optica Sinica 41, 2312005 (2021).

325. Zuo, C. et al. Micro Fourier transform profilometry (μFTP): 3D shape measurement at
10,000 frames per second. Optics and Lasers in Engineering 102, 70-91 (2018).

326. Srinivasan, V., Liu, H. C. & Halioua, M. Automated phase-measuring profilometry: a
phase mapping approach. Applied Optics 24, 185-188 (1985).

327. Halioua, M. & Liu, H. C. Optical three-dimensional sensing by phase measuring
profilometry. Optics and Lasers in Engineering 11, 185-215 (1989).

328. Wang, Y. C. et al. Period coded phase shifting strategy for real–time 3-D structured
light illumination. IEEE Transactions on Image Processing 20, 3001-3013 (2011).

329. Wu, J. et al. Two-wavelength phase-shifting method with four patterns for
three-dimensional shape measurement. Optical Engineering 59, 024107 (2020).

330. Wang, Y. J. et al. 3D absolute shape measurement of live rabbit hearts with a
superfast two-frequency phase-shifting technique. Optics Express 21, 5822-5832
(2013).



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 78 / 90

331. Jiang, C. et al. Multi-scale band-limited illumination profilometry for robust
three-dimensional surface imaging at video rate. Optics Express 30, 19824-19838
(2022).

332. Gong, Y. Z. & Zhang, S. Ultrafast 3-D shape measurement with an off-the-shelf DLP
projector. Optics Express 18, 19743-19754 (2010).

333. Gray, F. Pulse code communication. (1953).
334. Zheng, D. L. et al. Phase-shifting profilometry combined with Gray-code patterns

projection: unwrapping error removal by an adaptive median filter. Optics Express 25,
4700-4713 (2017).

335. Zhang, S. Flexible 3D shape measurement using projector defocusing: extended
measurement range. Optics Letters 35, 934-936 (2010).

336. Huang, L. & Asundi, A. K. Phase invalidity identification framework with the temporal
phase unwrapping method. Measurement Science and Technology 22, 035304
(2011).

337. Feng, S. J. et al. Automatic identification and removal of outliers for high-speed fringe
projection profilometry. Optical Engineering 52, 013605 (2013).

338. Abdi, H. & Williams, L. J. Principal component analysis. WIREs Computational
Statistics 2, 433-459 (2010).

339. Zhang, Y. W. et al. Fringe order correction for fringe projection profilometry based on
robust principal component analysis. IEEE Access 9, 23110-23119 (2021).

340. Wu, H. T. et al. Ultrafast spatial phase unwrapping algorithm with accurately correcting
transient phase error. Optics Letters 46, 6091-6094 (2021).

341. Wu, Z. J. et al. Generalized phase unwrapping method that avoids jump errors for
fringe projection profilometry. Optics Express 29, 27181-27192 (2021).

342. Wang, L. D., Cao, Y. P. & An, H. H. Gray-code fringe order jump error self-correction
based on shifted phase encoding for phase measuring profilometry. Optics
Communications 524, 128763 (2022).

343. Dong, G. X. et al. Suppression for phase error of fringe projection profilometry using
outlier-detection model: development of an easy and accurate method for
measurement. Photonics 10, 1252 (2023).

344. Lu, L. L. et al. High-efficiency dynamic three-dimensional shape measurement based
on misaligned Gray-code light. Optics and Lasers in Engineering 150, 106873 (2022).

345. An, H. H. et al. Temporal phase unwrapping based on unequal phase-shifting code.
IEEE Transactions on Image Processing 32, 1432-1441 (2023).

346. Jiang, Y. S. et al. Efficient and robust phase unwrapping via virtual gratings and hybrid
coding. Optics Letters 50, 5318-5321 (2025).

347. Wu, H. T. et al. Spatial-temporal 3-D directional binary coding method for fringe
projection profilometry. IEEE Transactions on Instrumentation and Measurement 74,
1009211 (2025).

348. Jiang, Y. S. et al. Dynamic 3-D shape measurement using bidirectional spatial
sequence Gray-code light. IEEE Transactions on Instrumentation and Measurement
74, 5014413 (2025).

349. Deng, J. et al. Autostaggering fringe order method avoids phase-jump errors for
code-based fringe projection profilometry. IEEE Transactions on Instrumentation and



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 79 / 90

Measurement 74, 1000508 (2025).
350. Wu, H. T. et al. Orthogonal spatial binary coding method for high-speed 3D

measurement. IEEE Transactions on Image Processing 33, 2703-2713 (2024).
351. MIT Technology Review. PrimeSense. (2025). at

https://www.technologyreview.com/company/primesense-2011/ URL.
352. Skidmore, J. Semiconductor lasers for 3-D sensing. Optics and Photonics News 30,

26-33 (2019).
353. Smisek J, Jancosek, M. & Pajdla T. 3D with Kinect. in Consumer Depth Cameras for

Computer Vision (eds Fossati, A. et al.) (London: Springer, 2013), 3-25.
354. ASUSTeK Computer Inc. Xtion PRO. (2025). at

https://www.asus.com.cn/supportonly/Xtion%20PRO/HelpDesk/.2010 URL.
355. Wikipedia contributors. RealSense. (2025). at

https://en.wikipedia.org/w/index.php?title=RealSense URL.
356. Apple Inc. About Face ID advanced technology. (2025). at

https://support.apple.com/en-us/102381?utm URL.
357. 3D Printing Industry. Orbbec introduces next gen 3D vision on indiegogo. (2025). at

https://3dprintingindustry.com/news/orbbec-introduces-next-gen-3d-vision-tools-with-i
ndiegogo-58500/ URL.

358. Orbbec. Astra pro plus. (2025). at
https://store.orbbec.com/products/astra-pro-plus?srsltid=AfmBOorUkmpop0-NLy-Rng
LC_91cCQnTR9omH4waSZjuFdHcgKZoGroC&utm URL.

359. Schaffer, M. et al. High-speed three-dimensional shape measurements of objects with
laser speckles and acousto-optical deflection. Optics Letters 36, 3097-3099 (2011).

360. Dorozynska, K. & Kristensson, E. Implementation of a multiplexed structured
illumination method to achieve snapshot multispectral imaging. Optics Express 25,
17211-17226 (2017).

361. Mengu, D. et al. Snapshot multispectral imaging using a diffractive optical network.
Light: Science & Applications 12, 86 (2023).

362. Zhang, C. et al. Single-frame three-dimensional imaging using spectral-coded
patterns and multispectral snapshot cameras. Optical Engineering 57, 123105 (2019).

363. Heist, S. et al. goSPE3D: a high-speed 3D measurement system for dynamic
scenarios. (2022). at:
https://www.iof.fraunhofer.de/en/competences/imaging-sensing/3d-sensing/high-spee
d-measurement-systems.html URL.

364. Zhang, C. et al. Enhanced contactless vital sign estimation from real-time multimodal
3D image data. Journal of Imaging 6, 123 (2020).

365. Wang, F. Z., Wang, C. X. & Guan, Q. Z. Single-shot fringe projection profilometry
based on deep learning and computer graphics. Optics Express 29, 8024-8040
(2021).

366. Zhou, L. Y. et al. Fast fringe image denoising for 3D reconstruction using lightweight
convolutional neural network. Proceedings of the SPIE 13283, Conference on
Spectral Technology and Applications (CSTA 2024). Dalian, China: SPIE, 2024,
1328343.

367. Liu, X. J. et al. Optical measurement of highly reflective surfaces from a single



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 80 / 90

exposure. IEEE Transactions on Industrial Informatics 17, 1882-1891 (2021).
368. Zhang, J. et al. Single-exposure optical measurement of highly reflective surfaces via

deep sinusoidal prior for complex equipment production. IEEE Transactions on
Industrial Informatics 19, 2039-2048 (2023).

369. Li, Y. J. et al. Physical-world optical adversarial attacks on 3D face recognition.
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Vancouver, BC, Canada: IEEE, 2023, 24699-24708.

370. Qian, J. M. et al. Single-shot absolute 3D shape measurement with
deep-learning-based color fringe projection profilometry. Optics Letters 45, 1842-1845
(2020).

371. Spoorthi, G. E., Gorthi, R. K. S. S. & Gorthi, S. PhaseNet 2.0: phase unwrapping of
noisy data based on deep learning approach. IEEE Transactions on Image Processing
29, 4862-4872 (2020).

372. Wang, F. et al. Phase imaging with an untrained neural network. Light: Science &
Applications 9, 77 (2020).

373. Wang, B. W. et al. Single-shot super-resolved fringe projection profilometry
(SSSR-FPP): 100,000 frames-per-second 3D imaging with deep learning. Light:
Science & Applications 14, 70 (2025).

374. Wang, K. Q. et al. One-step robust deep learning phase unwrapping. Optics Express
27, 15100-15115 (2019).

375. Yin, W. et al. Bi-frequency temporal phase unwrapping using deep learning.
Proceedings of the SPIE 10991, Dimensional Optical Metrology and Inspection for
Practical Applications VIII. Baltimore, MD, United States: SPIE, 2019, 109910D.

376. Feng, S. J. et al. Deep-learning-based fringe-pattern analysis with uncertainty
estimation. Optica 8, 1507-1510 (2021).

377. Li, X. et al. Single-model self-recovering fringe projection profilometry absolute phase
recovery method based on deep learning. Sensors 25, 1532 (2025).

378. Li, Y. Y. et al. Real-time 3D imaging based on roi fringe projection and a lightweight
phase-estimation network. Advanced Imaging 1, 021004 (2024).

379. Li, F. Q., Zhang, Q. C. & Wang, Y. J. Single-exposure high-dynamic-range 3D
measurement via multi-polarization imaging and physics-informed zero-shot learning.
Laser & Photonics Reviews 20, e01071 (2026).

380. Zuo, C. et al. Deep learning in optical metrology: a review. Light: Science &
Applications 11, 39 (2022).

381. Chen, F. F. et al. Two-layer 3D imaging through semi-transparent surface based on
FPP-constrained parallel single-pixel detection. Optics Express 32, 39873-39886
(2024).

382. O'Toole, M., Raskar, R. & Kutulakos, K. N. Primal-dual coding to probe light transport.
ACM Transactions on Graphics 31, 39 (2012).

383. O'Toole, M. et al. Temporal frequency probing for 5D transient analysis of global light
transport. ACM Transactions on Graphics (TOG) 33, 87 (2014).

384. O'Toole, M. et al. Homogeneous codes for energy-efficient illumination and imaging.
ACM Transactions on Graphics (TOG) 34, 35 (2015).

385. Shao, W. L. et al. Dual profilometry based on Fourier single-pixel imaging using



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 81 / 90

annular Fourier coefficient measurements. Optics and Lasers in Engineering 178,
108160 (2024).

386. Peng, J. Z. et al. Efficient reconstruction for dual profilometry. IEEE Transactions on
Instrumentation and Measurement 74, 1015419 (2025).

387. Liu, C. M. et al. Microscopic 3D surface imaging with annular spectrum sampling
parallel single‐ pixel imaging: resistant to global illumination. Laser & Photonics
Reviews (in the press).

388. Yao, P. C., Gai, S. Y. & Da, F. P. Super-resolution technique for dense 3D
reconstruction in fringe projection profilometry. Optics Letters 46, 4442-4445 (2021).

389. Yao, P. C., Gai, S. Y. & Da, F. P. Toward real-world super-resolution technique for
fringe projection profilometry. IEEE Transactions on Instrumentation and
Measurement 71, 5011908 (2022).

390. Zhao, W. J. et al. Microscopic structured light 3D imaging via a scattering lens.
Advanced Photonics Nexus 4, 066002 (2025).

391. Cheng, B. Z. et al. Compressive phase-shifting fringe projection profilometry for
accelerating 3D metrology. Optics Letters 50, 2942-2945 (2025).

392. Karniadakis, G. E. et al. Physics-informed machine learning. Nature Reviews Physics
3, 422-440 (2021).

393. Monakhova, K. Physics-Informed Machine Learning for Computational Imaging.
(University of California, 2022).

394. Bian, L. H. et al. High-resolution single-photon imaging with physics-informed deep
learning. Nature Communications 14, 5902 (2023).

395. Zhu, S. et al. Imaging through unknown scattering media based on physics-informed
learning. Photonics Research 9, B210-B219 (2021).

396. Li, X. S. et al. Adaptive structured‐ light 3D surface imaging with cross‐domain
learning. Laser & Photonics Reviews 19, 2401609 (2025).

397. Feng, S. J. et al. Fringe-pattern analysis with ensemble deep learning. Advanced
Photonics Nexus 2, 036010 (2023).

398. Loquercio, A., Segu, M. & Scaramuzza, D. A general framework for uncertainty
estimation in deep learning. IEEE Robotics and Automation Letters 5, 3153-3160
(2020).

399. Tyralis, H. & Papacharalampous, G. A review of predictive uncertainty estimation with
machine learning. Artificial Intelligence Review 57, 94 (2024).

400. Leema, A. A., Narayana, K. S. & Sellamani, S. Error traceability and error prediction
using machine learning techniques to improve the quality of vehicle modeling in
computer-aided engineering. in Cognitive Computing for Human-Robot Interaction
(eds Mittal, M., Shah, R. R. & Roy, S.) (Amsterdam: Elsevier, 2021), 177-198.

401. Liu, S. B. et al. Deep learning enables parallel camera with enhanced- resolution and
computational zoom imaging. PhotoniX 4, 17 (2023).

402. Ng, R. Fourier slice photography. ACM Transactions on Graphics (TOG) 24, 735-744
(2005).

403. Jiang, H. Z. et al. Adaptive regional single-pixel imaging based on the Fourier slice
theorem. Optics Express 25, 15118-15130 (2017).

404. Wang, S. G., Patel, V. M. & Petropulu, A. Multidimensional sparse Fourier transform



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 82 / 90

based on the Fourier projection-slice theorem. IEEE Transactions on Signal
Processing 67, 54-69 (2019).

405. Candès, E. J., Romberg, J. & Tao, T. Robust uncertainty principles: exact signal
reconstruction from highly incomplete frequency information. IEEE Transactions on
Information Theory 52, 489-509 (2006).

406. Willett, R. M., Marcia, R. F. & Nichols, J. M. Compressed sensing for practical optical
imaging systems: a tutorial. Optical Engineering 50, 072601 (2011).

407. Qaisar, S. et al. Compressive sensing: from theory to applications, a survey. Journal of
Communications and Networks 15, 443-456 (2013).

408. Katkovnik, V. & Astola, J. Compressive sensing computational ghost imaging. Journal
of the Optical Society of America A 29, 1556-1567 (2012).

409. Zhang, W. H. et al. Twin-image-free holography: a compressive sensing approach.
Physical Review Letters 121, 093902 (2018).

410. Foucart, S. & Rauhut, H. A Mathematical Introduction to Compressive Sensing. (New
York: Springer, 2013), 1-39.

411. Baraniuk, R. G. Compressive sensing [lecture notes]. IEEE Signal Processing
Magazine 24, 118-121 (2007).

412. Chan, T. C. Y., Mahmood, R. & Zhu, I. Y. Inverse optimization: theory and applications.
Operations Research 73, 1046-1074 (2025).

413. Sui, X. et al. Non-convex optimization for inverse problem solving in
computer-generated holography. Light: Science & Applications 13, 158 (2024).

414. Ahuja, R. K. & Orlin, J. B. Inverse optimization. Operations Research 49, 771-783
(2001).

415. Aswani, A., Shen, Z. J. & Siddiq, A. Inverse optimization with noisy data. Operations
Research 66, 870-892 (2018).

416. Zhu, R. Z. et al. Three-dimensional computer holography with phase space tailoring.
PhotoniX 5, 34 (2024).

417. Bian, L. H. et al. Efficient single pixel imaging in Fourier space. Journal of Optics 18,
085704 (2016).

418. Zhang, Z. B. et al. Simultaneous spatial, spectral, and 3D compressive imaging via
efficient Fourier single-pixel measurements. Optica 5, 315-319 (2018).

419. Wenwen, M. et al. Sparse Fourier single-pixel imaging. Optics Express 27,
31490-31503 (2019).

420. Huang, W. X. et al. Learning-based adaptive under-sampling for Fourier single-pixel
imaging. Optics Letters 48, 2985-2988 (2023).

421. Park, J. & Gao, L. Cascaded compressed-sensing single-pixel camera for
high-dimensional optical imaging. PhotoniX 5, 37 (2024).

422. Cheng, A. et al. Simultaneous two-photon calcium imaging at different depths with
spatiotemporal multiplexing. Nature Methods 8, 139-142 (2011).

423. Jang, J. S., Oh, Y. S. & Javidi, B. Spatiotemporally multiplexed integral imaging
projector for large-scale high-resolution three-dimensional display. Optics Express 12,
557-563 (2004).

424. Kozacki, T. et al. Wide angle holographic display system with spatiotemporal
multiplexing. Optics Express 20, 27473-27481 (2012).



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 83 / 90

425. Liu, D. M., Pan, Y. F. & Lu, R. S. FPGA-assisted high-precision, high-speed 3D shape
measurement. Sensors and Actuators A: Physical 315, 112366 (2020).

426. Asundi, A. K. et al. Light source fluctuation effect on confocal imaging system.
Proceedings of the SPIE 4768, Novel Optical Systems Design and Optimization V.
Seattle, WA, United States: SPIE, 2002, 109-115.

427. Bräuer-Burchardt, C. et al. Underwater 3D scanning system for cultural heritage
documentation. Remote Sensing 15, 1864 (2023).

428. Rao, L. & Da, F. P. Local blur analysis and phase error correction method for fringe
projection profilometry systems. Applied Optics 57, 4267-4276 (2018).

429. Wu, Y. X. et al. Analysis and reduction of the phase error caused by the non-impulse
system psf in fringe projection profilometry. Optics and Lasers in Engineering 127,
105987 (2020).

430. Chen, Z. D. et al. Multi-dimensional information sensing of complex surfaces based on
fringe projection profilometry. Optics Express 31, 41374-41390 (2023).

431. Lyu, N. et al. Structured light 3-D sensing for scenes with discontinuous reflectivity:
error removal based on scene reconstruction and normalization. Optics Express 31,
20134-20149 (2023).

432. Jiang, H. Z. et al. High-accuracy 3D reconstruction of step edge with ray aliasing
based on projective parallel single-pixel imaging. Measurement 241, 115781 (2025).

433. Wu, Z. J. et al. Fast and high-accuracy three-dimensional shape measurement using
intermediate-bit projection. Optics Express 32, 31797-31808 (2024).

434. Yu, X., Liu, Y. K. & Chen, W. J. General self-correction algorithm for nonlinear errors
based on the real-time generative look-up-table. IEEE Transactions on
Instrumentation and Measurement 73, 7008910 (2024).

435. Candès, E. J. & Tao, T. Near-optimal signal recovery from random projections:
Universal encoding strategies? IEEE Transactions on Information Theory 52,
5406-5425 (2006).

436. Donoho, D. L. Compressed sensing. IEEE Transactions on Information Theory 52,
1289-1306 (2006).

437. Yoon, S. et al. Deep optical imaging within complex scattering media. Nature Reviews
Physics 2, 141-158 (2020).

438. Cao, H., Mosk, A. P. & Rotter, S. Shaping the propagation of light in complex media.
Nature Physics 18, 994-1007 (2022).

439. Bertolotti, J. et al. Non-invasive imaging through opaque scattering layers. Nature 491,
232-234 (2012).

440. Liutkus, A. et al. Imaging with nature: compressive imaging using a multiply scattering
medium. Scientific Reports 4, 5552 (2014).

441. Faccio, D., Velten, A. & Wetzstein, G. Non-line-of-sight imaging. Nature Reviews
Physics 2, 318-327 (2020).

442. Kirmani, A. et al. Looking around the corner using transient imaging. Proceedings of
the 2009 IEEE 12th International Conference on Computer Vision. Kyoto, Japan: IEEE,
2009, 159-166.

443. Velten, A. et al. Recovering three-dimensional shape around a corner using ultrafast
time-of-flight imaging. Nature Communications 3, 745 (2012).



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 84 / 90

444. Katz, O. et al. Non-invasive single-shot imaging through scattering layers and around
corners via speckle correlations. Nature Photonics 8, 784-790 (2014).

445. O’Toole, M., Lindell, D. B. & Wetzstein, G. Confocal non-line-of-sight imaging based
on the light-cone transform. Nature 555, 338-341 (2018).

446. Weissleder, R. & Nahrendorf, M. Advancing biomedical imaging. Proceedings of the
National Academy of Sciences of the United States of America 112, 14424-14428
(2015).

447. Webb, A. Introduction to Biomedical Imaging. 2nd edn. (New York: John Wiley & Sons,
2022).

448. National Research Council (US), Institute of Medicine (US) Committee on the
Mathematics & Physics of Emerging Dynamic Biomedical Imaging. Mathematics and
Physics of Emerging Biomedical Imaging. (Washington (DC): National Academies
Press, 1996).

449. Hong, G. S., Antaris, A. L. & Dai, H. J. Near-infrared fluorophores for biomedical
imaging. Nature Biomedical Engineering 1, 0010 (2017).

450. Robb, R. A. Three-dimensional biomedical imaging. in Three Dimensional Biomedical
Imaging (1985) (ed Robb, R. A.) (Boca Raton: CRC Press, 1985).

451. Edgar, M. P., Gibson, G. M. & Padgett, M. J. Principles and prospects for single-pixel
imaging. Nature Photonics 13, 13-20 (2019).

452. Gibson, G. M., Johnson, S. D. & Padgett, M. J. Single-pixel imaging 12 years on: a
review. Optics Express 28, 28190-28208 (2020).

453. Duarte, M. F. et al. Single-pixel imaging via compressive sampling. IEEE Signal
Processing Magazine 25, 83-91 (2008).

454. Sun, M. J. & Zhang, J. M. Single-pixel imaging and its application in three-dimensional
reconstruction: a brief review. Sensors 19, 732 (2019).

455. Gao, L. et al. Single-shot compressed ultrafast photography at one hundred billion
frames per second. Nature 516, 74-77 (2014).

456. Qi, D. L. et al. Single-shot compressed ultrafast photography: a review. Advanced
Photonics 2, 014003 (2020).

457. Yuan, X., Brady, D. J. & Katsaggelos, A. K. Snapshot compressive imaging: theory,
algorithms, and applications. IEEE Signal Processing Magazine 38, 65-88 (2021).

458. Gu, J. W. et al. Compressive structured light for recovering inhomogeneous
participating media. IEEE Transactions on Pattern Analysis and Machine Intelligence
35, 1-1 (2013).

459. Kang, S. et al. High-resolution adaptive optical imaging within thick scattering media
using closed-loop accumulation of single scattering. Nature Communications 8, 2157
(2017).

460. Chui, T. Y. P., VanNasdale, D. A. & Burns, S. A. The use of forward scatter to improve
retinal vascular imaging with an adaptive optics scanning laser ophthalmoscope.
Biomedical Optics Express 3, 2537-2549 (2012).

461. Popoff, S. M. et al. Exploiting the time-reversal operator for adaptive optics, selective
focusing, and scattering pattern analysis. Physical Review Letters 107, 263901
(2011).

462. Fiolka, R., Si, K. & Cui, M. Complex wavefront corrections for deep tissue focusing



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 85 / 90

using low coherence backscattered light. Optics Express 20, 16532-16543 (2012).
463. Yu, Z. P. et al. Wavefront shaping: a versatile tool to conquer multiple scattering in

multidisciplinary fields. The Innovation 3, 100292 (2022).
464. Yu, H. et al. Recent advances in wavefront shaping techniques for biomedical

applications. Print at https://doi.org/10.1016/j.cap.2015.02.015 (2015).
465. Park, J. H. et al. Perspective: wavefront shaping techniques for controlling multiple

light scattering in biological tissues: toward in vivo applications. APL Photonics 3,
100901 (2018).

466. Kim, M. et al. Transmission matrix of a scattering medium and its applications in
biophotonics. Optics Express 23, 12648-12668 (2015).

467. Xu, J. et al. Focusing light through scattering media by transmission matrix inversion.
Optics Express 25, 27234-27246 (2017).

468. Popoff, S. M. et al. Measuring the transmission matrix in optics: an approach to the
study and control of light propagation in disordered media. Physical Review Letters
104, 100601 (2010).

469. Sun, Y. W. et al. Image reconstruction through dynamic scattering media based on
deep learning. Optics Express 27, 16032-16046 (2019).

470. Li, Y. Z., Xue, Y. J. & Tian, L. Deep speckle correlation: a deep learning approach
toward scalable imaging through scattering media. Optica 5, 1181-1190 (2018).

471. Sanghvi, Y., Kalepu, Y. & Khankhoje, U. K. Embedding deep learning in inverse
scattering problems. IEEE Transactions on Computational Imaging 6, 46-56 (2020).

472. Sun, Y., Xia, Z. H. & Kamilov, U. S. Efficient and accurate inversion of multiple
scattering with deep learning. Optics Express 26, 14678-14688 (2018).

473. Osnabrugge, G. et al. Generalized optical memory effect. Optica 4, 886-892 (2017).
474. Edrei, E. & Scarcelli, G. Memory-effect based deconvolution microscopy for

super-resolution imaging through scattering media. Scientific Reports 6, 33558
(2016).

475. Judkewitz, B. et al. Translation correlations in anisotropically scattering media. Nature
Physics 11, 684-689 (2015).

476. Baradad, M. et al. Inferring light fields from shadows. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. Salt Lake City, UT, USA:
IEEE, 2018, 6267-6275.

477. Saunders, C., Murray-Bruce, J. & Goyal, V. K. Computational periscopy with an
ordinary digital camera. Nature 565, 472-475 (2019).

478. Seidel, S. W. et al. Corner occluder computational periscopy: estimating a hidden
scene from a single photograph. Proceedings of 2019 IEEE International Conference
on Computational Photography (ICCP). Tokyo, Japan: IEEE, 2019, 1-9.

479. Sasaki, T. & Leger, J. R. Light field reconstruction from scattered light using plenoptic
data. Journal of the Optical Society of America A 37, 653-670 (2020).

480. Repasi, E. et al. Advanced short-wavelength infrared range-gated imaging for ground
applications in monostatic and bistatic configurations. Applied Optics 48, 5956-5969
(2009).

481. Laurenzis, M. & Velten, A. Non-line-of-sight active imaging of scattered photons.
Proceedings of the SPIE 8897, Electro-Optical Remote Sensing, Photonic



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 86 / 90

Technologies, and Applications Vii; and Military Applications in Hyperspectral Imaging
and High Spatial Resolution Sensing. Dresden, Germany: SPIE, 2013, 889706.

482. Wu, C. et al. Non–line-of-sight imaging over 1.43 km. Proceedings of the National
Academy of Sciences of the United States of America 118, e2024468118 (2021).

483. Göppert-Mayer, M. Über elementarakte mit zwei quantensprüngen. Annalen der
Physik 401, 273-294 (1931).

484. Bayer, E. & Schaack, G. Two‐photon absorption of CaF2:Eu2+. Physica Status Solidi
(B) 41, 827-835 (1970).

485. Pawlicki, M. et al. Two‐ photon absorption and the design of two‐ photon dyes.
Angewandte Chemie International Edition 48, 3244-3266 (2009).

486. Teraphongphom, N. et al. Specimen mapping in head and neck cancer using
fluorescence imaging. Laryngoscope Investigative Otolaryngology 2, 447-452 (2017).

487. Mizuta, Y. Advances in two-photon imaging in plants. Plant and Cell Physiology 62,
1224-1230 (2021).

488. Yu, Z. P., Li, H. H. & Lai, P. X. Wavefront shaping and its application to enhance
photoacoustic imaging. Applied Sciences 7, 1320 (2017).

489. Choi, W. et al. Clinical photoacoustic imaging platforms. Biomedical Engineering
Letters 8, 139-155 (2018).

490. Zhang, Y. et al. Photoacoustic vector tomography for deep haemodynamic imaging.
Nature Biomedical Engineering 8, 701-711 (2024).

491. Erfanzadeh, M. & Zhu, Q. N. Photoacoustic imaging with low-cost sources; a review.
Photoacoustics 14, 1-11 (2019).

492. Jeon, S. et al. Review on practical photoacoustic microscopy. Photoacoustics 15,
100141 (2019).

493. Yaqoob, Z. et al. Optical phase conjugation for turbidity suppression in biological
samples. Nature Photonics 2, 110-115 (2008).

494. Xu, X., Liu, H. L. & Wang, L. V. Time-reversed ultrasonically encoded optical focusing
into scattering media. Nature Photonics 5, 154-157 (2011).

495. Liu, Y. et al. Optical focusing deep inside dynamic scattering media with near-infrared
time-reversed ultrasonically encoded (TRUE) light. Nature Communications 6, 5904
(2015).

496. Ji, N., Milkie, D. E. & Betzig, E. Adaptive optics via pupil segmentation for
high-resolution imaging in biological tissues. Nature Methods 7, 141-147 (2010).

497. Wang, D. F. et al. Focusing through dynamic tissue with millisecond digital optical
phase conjugation. Optica 2, 728-735 (2015).

498. Cui, M. & Yang, C. Implementation of a digital optical phase conjugation system and
its application to study the robustness of turbidity suppression by phase conjugation.
Optics Express 18, 3444-3455 (2010).

499. Ma, C. et al. Time-reversed adapted-perturbation (TRAP) optical focusing onto
dynamic objects inside scattering media. Nature Photonics 8, 931-936 (2014).

500. Yu, Z. P. et al. Time-reversed magnetically controlled perturbation (TRMCP) optical
focusing inside scattering media. Scientific Reports 8, 2927 (2018).

501. Vellekoop, I. M. & Mosk, A. P. Focusing coherent light through opaque strongly
scattering media. Optics Letters 32, 2309-2311 (2007).



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 87 / 90

502. Jang, M. et al. Method for auto-alignment of digital optical phase conjugation systems
based on digital propagation. Optics Express 22, 14054-14071 (2014).

503. Tzang, O. et al. Wavefront shaping in complex media with a 350 kHz modulator via a
1D-to-2D transform. Nature Photonics 13, 788-793 (2019).

504. Wang, Z. Y. et al. Feedback-assisted transmission matrix measurement of a
multimode fiber in a referenceless system. Optics Letters 46, 5542-5545 (2021).

505. Boniface, A., Dong, J. & Gigan, S. Non-invasive focusing and imaging in scattering
media with a fluorescence-based transmission matrix. Nature Communications 11,
6154 (2020).

506. Yılmaz, H. et al. Transverse localization of transmission eigenchannels. Nature
Photonics 13, 352-358 (2019).

507. Yu, Z. P. et al. Enhancing spatiotemporal focusing of light deep inside scattering media
with Time-Gated Reflection Matrix. Light: Science & Applications 11, 167 (2022).

508. Cao, J. et al. Enhance the delivery of light energy ultra-deep into turbid medium by
controlling multiple scattering photons to travel in open channels. Light: Science &
Applications 11, 108 (2022).

509. Chang, J. L. & Wetzstein, G. Single ‐ shot speckle correlation fluorescence
microscopy in thick scattering tissue with image reconstruction priors. Journal of
Biophotonics 11, e201700224 (2018).

510. Porat, A. et al. Widefield lensless imaging through a fiber bundle via speckle
correlations. Optics Express 24, 16835-16855 (2016).

511. Liu, H. L. et al. Alternative interpretation of speckle autocorrelation imaging through
scattering media. Photonic Sensors 12, 220308 (2022).

512. Cuccia, D. J. et al. Quantitation and mapping of tissue optical properties using
modulated imaging. Journal of Biomedical Optics 14, 024012 (2009).

513. Zhao, Y. Y. et al. Deep learning model for ultrafast multifrequency optical property
extractions for spatial frequency domain imaging. Optics Letters 43, 5669-5672
(2018).

514. Kubo, H. et al. Programmable non-epipolar indirect light transport: capture and
analysis. IEEE Transactions on Visualization and Computer Graphics 27, 2421-2436
(2021).

515. Pilvar, A. et al. Shortwave infrared spatial frequency domain imaging for non-invasive
measurement of tissue and blood optical properties. Journal of Biomedical Optics 27,
066003 (2022).

516. He, X. M. et al. Spatial frequency domain imaging for determining absorption and
scattering properties of bruised pears based on profile corrected diffused reflectance.
Postharvest Biology and Technology 179, 111570 (2021).

517. Felipe-Sesé, L., López-Alba, E. & Díaz, F. A. Full-field 3D displacement and strain
analysis during low energy impact tests employing a single-camera system.
Thin-Walled Structures 148, 106584 (2020).

518. Wu, Z. J. et al. A DIC-assisted fringe projection profilometry for high-speed 3D shape,
displacement and deformation measurement of textured surfaces. Optics and Lasers
in Engineering 142, 106614 (2021).

519. Wu, Z. J. et al. Three-dimensional shape and deformation measurement on complex



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 88 / 90

structure parts. Scientific Reports 12, 7760 (2022).
520. Wu, Z. J. et al. Chromatic DIC-assisted fringe projection profilometry for shape,

deformation, and strain measurement with intensity-chroma space analysis. IEEE
Transactions on Instrumentation and Measurement 72, 5019913 (2023).

521. Chen, Z. S. et al. Depth-guided DIC for 3D shape, deformation, and strain
measurement on discontinuous surfaces. Optics Express 33, 11638-11654 (2025).

522. Guo, T. Y. et al. Deformation and strain measurement on origami structures with
depth-guided strain analysis method. Optics Express 33, 45735-45749 (2025).

523. Zhao, Y. Y. et al. Shortwave-infrared meso-patterned imaging enables label-free
mapping of tissue water and lipid content. Nature Communications 11, 5355 (2020).

524. Zhao, Y. Y. et al. Halftone spatial frequency domain imaging enables kilohertz
high-speed label-free non-contact quantitative mapping of optical properties for
strongly turbid media. Light: Science & Applications 10, 245 (2021).

525. Bian, L. H. et al. Physical twinning for joint encoding-decoding optimization in
computational optics: a review. Light: Science & Applications 14, 162 (2025).

526. Descour, M. R. et al. Demonstration of a computed-tomography imaging spectrometer
using a computer-generated hologram disperser. Applied Optics 36, 3694-3698
(1997).

527. Descour, M. & Dereniak, E. Computed-tomography imaging spectrometer:
experimental calibration and reconstruction results. Applied Optics 34, 4817-4826
(1995).

528. Ford, B. K., Descour, M. R. & Lynch, R. M. Large-image-format computed tomography
imaging spectrometer for fluorescence microscopy. Optics Express 9, 444-453 (2001).

529. Wagadarikar, A. et al. Single disperser design for coded aperture snapshot spectral
imaging. Applied Optics 47, B44-B51 (2008).

530. Wagadarikar, A. A. et al. Video rate spectral imaging using a coded aperture snapshot
spectral imager. Optics Express 17, 6368-6388 (2009).

531. Wang, L. Z. et al. Dual-camera design for coded aperture snapshot spectral imaging.
Applied Optics 54, 848-858 (2015).

532. Kittle, D. et al. Multiframe image estimation for coded aperture snapshot spectral
imagers. Applied Optics 49, 6824-6833 (2010).

533. Bian, L. H. et al. A broadband hyperspectral image sensor with high spatio-temporal
resolution. Nature 635, 73-81 (2024).

534. Goossens, S. et al. Broadband image sensor array based on graphene–CMOS
integration. Nature Photonics 11, 366-371 (2017).

535. Boniface, A. et al. Rapid broadband characterization of scattering medium using
hyperspectral imaging. Optica 6, 274-279 (2019).

536. Yao, Z. Y. et al. Integrated lithium niobate photonics for sub-ångström snapshot
spectroscopy. Nature 646, 567-575 (2025).

537. Ferraton, M., Stolz, C. & Mériaudeau, F. Optimization of a polarization imaging system
for 3D measurements of transparent objects. Optics Express 17, 21077-21082 (2009).

538. Huang, X. L. et al. Polarization structured light 3D depth image sensor for scenes with
reflective surfaces. Nature Communications 14, 6855 (2023).

539. Shen, Z. C. et al. Extended monocular 3D imaging via the fusion of diffraction- and



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 89 / 90

polarization-based depth cues. Optica 12, 872-878 (2025).
540. Schechner, Y. Y. & Karpel, N. Recovery of underwater visibility and structure by

polarization analysis. IEEE Journal of Oceanic Engineering 30, 570-587 (2005).
541. Dong, Z. M. et al. A polarization-based image restoration method for both haze and

underwater scattering environment. Scientific Reports 12, 1836 (2022).
542. Li, R. H. et al. Multi-Indicator reconstruction for underwater polarized image dehazing

method. Optics and Lasers in Engineering 181, 108333 (2024).
543. Chen, M. Z. et al. Underwater polarized light navigation: current progress, key

challenges, and future perspectives. Robotics 14, 104 (2025).
544. Wang, Y. J., Zhang, J. & Luo, B. High dynamic range 3D measurement based on

spectral modulation and hyperspectral imaging. Optics Express 26, 34442-34450
(2018).

545. Martínez, M. Á. et al. Multifocus HDR VIS/NIR hyperspectral imaging and its
application to works of art. Optics Express 27, 11323-11338 (2019).

546. Landmann, M. et al. High-resolution sequential thermal fringe projection technique for
fast and accurate 3D shape measurement of transparent objects. Applied Optics 60,
2362-2371 (2021).

547. Landmann, M. et al. Improvement of Thermal Fringe Projection for Fast and Accurate
3D Shape Measurement of Transparent Objects. Proceedings of OCM 2021 - 5th
International Conference on Optical Characterization of Materials. Karlsruhe,
Germany: KIT Scientific Publishing, 2021, 99.

548. Speck, H. et al. Analysis of the measurement accuracy of a thermal 3D sensor for
transparent objects. Measurement: Sensors 38, 101319 (2025).

549. Holmer, A. et al. Oxygenation and perfusion monitoring with a hyperspectral camera
system for chemical based tissue analysis of skin and organs. Physiological
Measurement 37, 2064-2078 (2016).

550. Kulcke, A. et al. A compact hyperspectral camera for measurement of perfusion
parameters in medicine. Biomedical Engineering/Biomedizinische Technik 63,
519-527 (2018).

551. Ortega, S. et al. Use of hyperspectral/multispectral imaging in gastroenterology.
Shedding some–different–light into the dark. Journal of Clinical Medicine 8, 36 (2019).

552. Dai, Y. et al. All-fiber device for single-photon detection. PhotoniX 4, 7 (2023).
553. Shin, D. et al. Photon-efficient imaging with a single-photon camera. Nature

Communications 7, 12046 (2016).
554. Chandramouli, P. et al. A bit too much? High speed imaging from sparse photon

counts. Proceedings of the 2019 IEEE International Conference on Computational
Photography (ICCP). Tokyo, Japan: IEEE, 2019, 1-9.

555. Ingle, A., Velten, A. & Gupta, M. High flux passive imaging with single-photon sensors.
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach, CA, USA: IEEE, 2019, 6760-6769.

556. Ma, S. Z. et al. Quanta burst photography. ACM Transactions on Graphics (TOG) 39,
79 (2020).

557. Ma, S. Z. et al. Burst vision using single-photon cameras. Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer Vision. Waikoloa, HI, USA:



Wu et al. Light: Advanced Manufacturing (XXXX)X: XXX 90 / 90

IEEE, 2023, 5364-5374.
558. Nousias, S. et al. Opportunistic single-photon time of flight. Proceedings of the

Computer Vision and Pattern Recognition Conference. Nashville, TN, USA: IEEE,
2025, 15852-15862.

559. Jing, X. L. et al. Single-shot 3D imaging with point cloud projection based on
metadevice. Nature Communications 13, 7842 (2022).

560. Kim, G. et al. Metasurface-driven full-space structured light for three-dimensional
imaging. Nature Communications 13, 5920 (2022).

561. Jing, X. L. et al. Active 3D positioning and imaging modulated by single fringe
projection with compact metasurface device. Nanophotonics 12, 1923-1930 (2023).

562. Choi, E. et al. 360° structured light with learned metasurfaces. Nature Photonics 18,
848-855 (2024).

563. Guo, S. H. et al. Polarization-controlled metasurface for simultaneous holographic
display and three-dimensional depth perception. Nanophotonics 14, 197-207 (2025).

564. Liu, Y. J. & Chen, X. L. Monocular meta-imaging camera sees depth. Light: Science &
Applications 14, 5 (2025).

565. Shen, Z. C., Ni, Y. B. & Yang, Y. M. Baseline-free structured light 3D imaging using a
metasurface double-helix dot projector. Nanophotonics 14, 1265-1272 (2025).

566. Zhou, Y. et al. High‐resolution 3D imaging with tunable point cloud projection based
on meta‐device. Laser & Photonics Reviews 20, e01327 (2026).


