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This Supplementary Information provides implementation details and additional validations for the proposed TFCMFPP frame-
work. We first describe the network architectures used throughout the pipeline, including TriPath-CNN, MultiResUnet, the adaptive
Gating Network, and the U-Net backbone. We then present the system calibration procedure and the Augmented 3D Reconstruction
(A3DR) strategy that establish an accurate phase-to-coordinate mapping. Next, we detail the physics-informed training methodology,
including the virtual system setup for digital-twin-based synthetic data generation. Finally, we provide the protocols for real-data
acquisition and high-precision ground-truth generation, and summarize the design principles for selecting angular multiplexing pa-
rameters.
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1 Network Architecture

In this section, we briefly introduce four different network architectures used in the TFCMFPP method:
TriPath-CNN, MultiResUnet, U-Net, and the Gating Network.

1.1 TriPath-CNN

In the proposed TFCMFPP decoding framework, TriPath-CNN is employed as the backbone of the first-
stage preprocessing network, ZOCR-Net (Zero-Order and Color-Crosstalk Removal Network). Its pri-
mary function is to remove the zero-order components and color-channel crosstalk present in the long-
exposure multiplexed fringe images, thereby providing clean input features for the subsequent frequency
decomposition and phase-recovery stages.

TriPath-CNN is a lightweight three-branch convolutional framework designed to capture features
across complementary receptive fields. As illustrated in Fig. S1, the network processes the input simul-
taneously through three distinct paths, each tailored to extract information at different scales and levels
of abstraction [1]. In the first path, the input is passed through a shallow stack of convolutional lay-
ers, which preserves high-resolution spatial details and captures fine-grained local features. The second
path incorporates additional convolutional blocks, effectively enlarging the receptive field to encode mid-
range contextual cues. The third path applies progressive downsampling before convolution, enabling
the extraction of coarse semantic representations that complement the finer features learned by the other
paths. To improve computational efficiency, each branch factorizes large convolutional kernels into suc-
cessive 3 × 3 convolutions [2], reducing memory consumption while retaining representational capacity.
Residual shortcuts are also introduced to stabilize training and alleviate feature degradation [3].By opti-
mizing the depth and width of these branches, the TriPath-CNN maintains a compact parameter scale
of approximately 2.0 M, facilitating rapid preprocessing without compromising accuracy. After feature
extraction, the outputs of the three branches are merged via a concatenation block, producing a multi-
channel feature tensor that integrates detailed, contextual, and abstracted representations. Finally, a
concluding convolutional layer projects this fused representation into the desired output space, allowing
TriPath-CNN to balance global semantic understanding with local spatial precision.
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Figure S1: Network architecture of TriPath-CNN.
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1.2 MultiResUnet

Within the proposed TFCMFPP framework, MultiResUnet serves as the backbone of the second-stage
network, SFD-Net (Spatial–Frequency Decomposition Network). Its primary objective is to decompose
the pre-processed color-multiplexed fringe images into mutually independent directional components by
jointly learning representations in both the spatial and frequency domains. This enables effective dis-
entanglement of spectral–directional information embedded within a single long-exposure color fringe
image. The network takes as input the zero-order–removed color fringe images processed by ZOCR-Net,
denoted as {IdRLE, IdGLE, IdBLE}, together with their corresponding Fourier spectra {F dR

LE, F
dG
LE , F

dB
LE}. By fus-

ing complementary features across these two domains, SFD-Net reconstructs a sequence of demodulated
directional fringe patterns, expressed as Bm cosϕm. These recovered fringe components are subsequently
fed into the third-stage phase-recovery network (FDD-Net) for precise estimation of multi-directional
absolute phase maps.

MultiResUnet, introduced as a potential successor to the renowned U-Net framework, utilizes a novel
design to enhance segmentation capabilities. As depicted in Fig. S2(a), the overall architecture retains
the encoder–decoder scheme of the classical U-Net but incorporates additional modules to strengthen
feature representation. Specifically, instead of directly concatenating encoder and decoder outputs, a
residual path (Res-path) structure is employed [see Fig. S2(b)], integrating multiple 1 × 1 and 3 × 3
convolutional layers along shortcut connections. This design alleviates the feature discrepancy between
encoder and decoder, thereby facilitating smoother information propagation. Moreover, the conven-
tional two-layer convolution sequence found in the classical U-Net is replaced by MultiRes blocks [Fig.
S2(c)]. In this scheme, the filter count increases progressively over three layers, and a residual connec-
tion—supported by a 1 × 1 filter for dimension preservation—is introduced. To further optimize effi-
ciency, the MultiRes block factorizes costly 5 × 5 and 7 × 7 filters into a series of 3 × 3 convolutions,
reconciling features of varying context sizes, reducing memory demands, and accelerating network train-
ing. Through this high-efficiency integration of multi-scale residual features, the MultiResUnet architec-
ture achieves a robust balance between representational power and computational cost, encompassing
approximately 16.0 M parameters. Together, these modifications enable MultiResUnet to enhance both
local detail preservation and global contextual understanding, thus improving overall segmentation per-
formance.
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Figure S2: Network architecture of MultiResUnet.
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1.3 Gating Network

Within the proposed TFCMFPP decoding framework, the Gating Network serves as a key component of
the third-stage network, FDD-Net (Fringe Direction Decoding Network). It is designed to perform adap-
tive expert selection and feature allocation within the multi-directional mixture-of-experts system. While
FDD-Net focuses on high-precision phase recovery for fringe patterns with different orientations and fre-
quencies, the Gating Network functions as the control module that predicts routing weights to determine
which expert sub-network each input feature should be directed to, thereby realizing a direction-aware
decoding mechanism.

In the overall workflow, SFD-Net outputs a set of directional fringe patterns {Bm cosϕm}, which
are used as the inputs of the Gating Network. The network analyzes the directional characteristics of
these fringe patterns. It then produces a direction-aware weight vector w = [w1, w2, . . . , wM ]⊤, where
M denotes the number of candidate directions and each element wi represents the confidence that the
current fringe pattern belongs to the i-th expert module. This direction vector subsequently guides the
expert assignment process in the mixture-of-experts framework, enabling each input fringe image to be
adaptively routed to the most suitable expert network for accurate phase decoding.

The Gating Network, illustrated in Fig. S3, is a compact decision module designed to generate adap-
tive weights for expert selection. Despite its multi-scale feature extraction capability, the Gating Net-
work maintains a minimalist architecture with approximately 0.5 M parameters. The input feature map
of size W ×H × C is progressively encoded through a cascade of convolutional and pooling layers. In the
first stage, the spatial dimensions are reduced to W

2
× H

2
× 2C, followed by successive convolution–pooling

operations that further downsample the resolution to W
4
× H

4
× 4C, W

8
× H

8
× 8C, W

16
× H

16
× 16C, and

finally W
32

× H
32

× 32C. This progressive reduction enlarges the receptive field while capturing multi-scale
contextual features.

Subsequently, the compressed representation is flattened and passed through a series of fully con-
nected layers, which project the high-dimensional embedding into a compact gating vector. The final
output is a weight vector w ∈ RM×1, where each element corresponds to the activation strength of one
expert branch in the mixture-of-experts framework [4, 5]. By integrating convolutional feature extrac-
tion, hierarchical downsampling, and dense projection, the Gating Network provides an efficient mecha-
nism for adaptive expert selection and feature routing [6].
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Figure S3: Network architecture of Gating Network.
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Figure S4: Network architecture of U-Net.

1.4 U-Net

In the proposed TFCMFPP framework, U-Net is employed as a key component of the third-stage net-
work, FDD-Net (Fringe Direction Decoding Network), to perform phase prediction. U-Net is a widely
adopted architecture for biomedical image segmentation, originally proposed by Ronneberger et al. [7].
As illustrated in Fig. S4, the network consists of two symmetric paths: a contracting (encoder) path and
an expanding (decoder) path. This U-Net based phase prediction module is optimized for high-fidelity
reconstruction with a moderate parameter scale of approximately 4.0 M. In the encoder, each stage is
composed of two successive convolutional layers, followed by a downsampling operation that progres-
sively reduces the spatial resolution. This design enables the network to capture multi-scale contextual
information from the input images. To further enhance the encoder, we incorporate a learning-enhanced
Fourier transform profilometry (LeFTP) module , which leverages prior knowledge of Fourier transform
profilometry to perform physics-informed augmented fringe pattern analysis (PI-AFPA). More details
about the LeFTP module can be found in Yin et al. [8]. In the decoder, the upsampling path gradually
restores the spatial resolution, while two consecutive convolutions refine the feature representations at
each level. Crucially, skip connections link corresponding stages of the encoder and decoder, allowing
high-resolution features from the contracting path to be combined with the upsampled features. These
skip connections help preserve spatial details and mitigate the information loss introduced by pooling
operations, making U-Net particularly effective for accurate and detailed segmentation tasks.
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2 System Calibration

To accurately determine the geometric relationship between the camera and the projector in the
TFCMFPP setup, a 9 × 11 calibration board with evenly distributed white circular markers on a black
background was employed. The distance between adjacent marker centers was precisely 15 mm. As il-
lustrated in Fig. S5, nine images of the calibration board were captured from different positions and
orientations to comprehensively cover the measurement volume of 450 mm× 350 mm× 350 mm. These
images served as the input data for intrinsic and extrinsic parameter estimation.

During calibration, the projector was modeled as an inverse camera, following the flexible calibration
framework proposed by Zhang [9]. The pre-calibrated color camera assisted the process by capturing
the projected fringe patterns on the calibration board. Two orthogonal sets of sinusoidal fringe patterns
with spatial periods of 1, 8, and 64 along the x-axis, and 1, 8, and 48 along the y-axis, were sequentially
projected. For the highest-frequency fringes, a 16-step phase-shifting (PS) algorithm [10] was employed
to obtain high-precision wrapped phases. By combining the PS method with multi-frequency tempo-
ral phase unwrapping (MF-TPU) [11], absolute phase maps were retrieved, establishing pixel-to-pixel
correspondence between the camera sensor and the projector’s digital micromirror device (DMD).
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Figure S5: 9 images of the calibration board with different poses in the calibration of TFCMFPP system.

Both the camera and the projector were calibrated using the MATLAB Camera Calibration Tool-
box [12], and the estimated parameters were further refined through bundle adjustment [13]. This opti-
mization process effectively minimized reprojection residuals while compensating for minor measurement
noise and manufacturing inaccuracies of the calibration board. The experimentally determined intrinsic
parameters of the camera, determined experimentally, were: focal lengths [1850.40, 1850.61] px, principal
point [319.82, 219.12] px, and distortion coefficients [-0.040, 0.150, 0.0001, 0.0002, 0.0002]. The corre-
sponding parameters of the projector were: focal lengths [1880.57, 1880.71] px, principal point [380.25,
251.22] px, and distortion coefficients [-0.030, -0.170, 0.0002, -0.0003, 0.0000]. The final root-mean-square
(RMS) reprojection errors were 0.05 px for the camera and 0.07 px for the projector, confirming sub-
pixel calibration accuracy. The calibrated parameters provided a precise geometric foundation for pixel-
level correspondence and accurate 3D reconstruction in the TFCMFPP system. As summarized in Table
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S1, the calibration results confirm that the TFCMFPP setup achieves high geometric consistency be-
tween the camera and projector.

Table S1. Calibrated intrinsic, extrinsic, and distortion parameters of the TFCMFPP system.

Parameter Camera Projector
Principal point (px) [319.82, 219.12] [380.25, 251.22]
Focal length (px) [1850.40, 1850.61] [1880.57, 1880.71]
Skew coefficient 0.0000 0.0000
Distortion coefficients (k1, k2, p1, p2, k3) [-0.040, 0.150, 0.0001, 0.0002, 0.0002] [-0.030, -0.170, 0.0002, -0.0003, 0.0000]

Rotation matrix

−0.999 0.010 0.040
0.010 0.999 0.010
−0.040 0.010 −0.999

 −0.990 −0.040 0.150
−0.030 0.998 0.050
−0.140 0.050 −0.990


Translation vector (mm) [-190.00, 25.00, 75.00] [-50.00, -85.00, 1175.00]
RMS error (px) 0.05 0.07
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3 Augmented 3D Reconstruction (A3DR)

Conventional fringe projection profilometry (FPP) systems are typically arranged on a common horizon-
tal reference plane, i.e., the optical axes of the camera and the projector are nearly parallel to the same
baseline. Under such configurations, the classical phase-to-height (or phase-to-depth) algorithms are only
suitable for vertical fringes. However, in the proposed TFCMFPP system, the projected fringes exhibit
different orientations and spatial frequencies across the RGB channels. To accurately convert the color-
multiplexed phase information into spatial coordinates, we extend the geometric model of conventional
FPP to accommodate multi-orientation and multi-frequency color patterns.

In the 3D imaging geometry, the relationship between the 3D world coordinates of a measured point
(xw, yw, zw) and the corresponding camera pixel coordinates (xc, yc) can be expressed as:

s

xc

yc

1

 = Kc
[
Rc tc

] 
xw

yw

zw

1

 = Pc


xw

yw

zw

1

 , (S1)

where the superscript c denotes the camera. Kc is the 3× 3 intrinsic matrix, and [Rc, tc] represents the
3× 4 extrinsic matrix (rotation and translation) transforming the world coordinate system to the camera
coordinate system. Pc is the 3× 4 projection matrix of the camera. The scalar s is a normalization factor
related to the image depth.

Similarly, modeling the projector as an inverse camera [9], the mapping between the 3D world coor-
dinates (xw, yw, zw) and the projector pixel coordinates (xp, yp) is written as:

s

xp

yp

1

 = Kp
[
Rp tp

] 
xw

yw

zw

1

 = Pp


xw

yw

zw

1

 , (S2)

where Kp and [Rp, tp] denote the intrinsic and extrinsic matrices of the projector, respectively, and Pp is
its perspective projection matrix. The superscript p corresponds to the projector coordinate system.

In the TFCMFPP system, each color channel (R, G, B) encodes fringe patterns of distinct spatial
frequencies and orientations. The phase Φk

m(x
c, yc) (k ∈ {R,G,B}) of the m-th frequency component

corresponding to each camera pixel (xc, yc) can be described as:

Φk
m(x

c, yc) = 2π
(
αkxp + βkyp

)
, (S3)

where xp, yp are the corresponding projector pixel coordinates, and αk, βk are direction-dependent coeffi-
cients determined by the fringe’s orientation θk and spatial frequencies (λk

x, λ
k
y):

αk =
cos θk
λk
x

, βk =
sin θk
λk
y

. (S4)

When the camera and projector are calibrated within a unified world coordinate system, the 3D
coordinates (xw, yw, zw) corresponding to each camera pixel (xc, yc) can be determined by combining
Eqs. (S1) and (S2), yielding:


xw

yw

zw

 =

(
pc11 − pc31x

c pc12 − pc32x
c pc13 − pc33x

c

pc21 − pc31y
c pc22 − pc32y

c pc23 − pc33y
c

pp11α
k + pp21β

k − pp31(α
kxp + βkyp) pp12α

k + pp22β
k − pp32(α

kxp + βkyp) pp13α
k + pp23β

k − pp33(α
kxp + βkyp)


)−1

×


pc14 − pc34x

c

pc24 − pc34y
c

pp14α
k + pp24β

k − pp34(α
kxp + βkyp)

 .

(S5)
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In this equation, the parameters αk and βk are known from the design of the fringe patterns in each
color channel. The quantities (αkxp + βkyp) can be derived from the absolute phase Φk

m by Φk
m/2π. There-

fore, a one-to-one mapping can be established from each camera pixel (xc, yc) to the 3D world coordinate
(xw, yw, zw). This mapping constitutes the foundation for accurate 3D reconstruction in the TFCMFPP
system, allowing precise phase-to-coordinate conversion for fringes of multiple orientations and frequen-
cies multiplexed across color channels.
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4 Virtual System Setup and Digital Twin Implementation

Constructing a large-scale real-world dataset for dynamic high-speed scenes is inherently labor-intensive
and time-consuming. To overcome the limitations of dataset scale and alleviate the acquisition bottle-
neck, we developed a Digital Twin strategy leveraging the Blender software suite (Fig. S6a). By control-
ling Blender via its Python API, we constructed a physics-based virtual imaging system that rigorously
mirrors the optical parameters of our physical TFCMFPP setup. This simulation framework serves two
critical purposes: it provides a massive, diverse, and error-free dataset for learning the fundamental pri-
ors of color-multiplexed fringe demodulation, and it establishes a transfer learning pipeline to bridge the
domain gap between simulation and reality.

Scene Content

To ensure the network learns robust geometric features, we leveraged the Thingi10K dataset as the
source of 3D object models. This massive repository comprises 10,000 varying geometries, ranging from
smooth shapes (e.g., anatomical scans, sculptures) to mechanical parts with high-frequency spatial de-
tails (e.g., CAD parts, gears). Furthermore, to simulate the varying reflectivity of real-world objects, we
randomized the color (Base Color) and surface roughness (Roughness) for each simulation instance. In
the optical model (Eq. S6), these material variations directly result in a certain range of background
intensities A(x, y) and fringe modulation B(x, y), allowing the network to learn to demodulate phase
information reliably even under conditions of low contrast or varying surface reflectivity.

Motion Simulation

In the physical world, creating a precise ground truth for a moving object is difficult. In the virtual en-
vironment, however, we can generate perfect labels. We utilized the Blender Python API to program-
matically control object movement during the virtual exposure window. For each simulation instance, we
defined the object’s motion trajectory by setting start and end keyframes. We simulated three types of
motion patterns to cover diverse dynamic scenarios:

• Linear Translation: Randomizing the object’s position coordinates (x, y, z) between frames to
simulate uniform linear motion at various speeds.

• Rotation: Randomizing the Euler angles to simulate rotational motion around arbitrary axes,
mimicking the rotor/fan experiments.

• Composite Motion: We used Bezier curves to create non-linear paths, by combining this curved
movement with rotation, we simulated complex and irregular motion.

Noise Formulation

To bridge the simulation-to-reality gap, we implemented a unified physics-driven model combined with
a domain randomization strategy. The intensity distribution of the generated fringe pattern Ipm is formu-
lated to rigorously align with the imaging chain:

Ipm(x, y) = A(x, y) +B(x, y) cos

(
2πx cos θm

λc
x

+
2πy sin θm

λc
y

)
+ δ (S6)

where A(x, y) and B(x, y) represent the background intensity and modulation, which vary according to
the surface material properties defined in Scene Content. The spatial parameters λc

x,y and θm are set to
identical values as those in the real experiment.

Crucially, to ensure the network is robust to varying signal-to-noise ratios (SNR) encountered in real-
world measurements, we modeled the term δ using a domain randomization approach, where the noise
intensity σ is randomized for each training sample. Specifically, based on the noise characteristics cali-
brated from our CMOS sensor, the standard deviation is randomly sampled within the range of [0, 2.51].
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This strategy forces the network to learn robust phase demodulation features that are resilient to diverse
noise conditions.

Transfer Learning Strategy

Based on the constructed virtual and real-world datasets, we implemented a Transfer Learning strat-
egy, as shown in Fig. S6b, to maximize network performance while minimizing real-world data acquisi-
tion costs. The training process progresses from simulation to reality: first, the network is pre-trained
from scratch using the large-scale virtual dataset, allowing it to learn the fundamental physics of triple-
frequency color de-multiplexing, spectral decoupling, and geometric reasoning in a controlled, noise-
defined environment. This establishes a robust parametric initialization. Subsequently, these pre-trained
weights are transferred and fine-tuned using the real-world dataset. This second stage is critical for
bridging the domain gap by adapting the network to residual unmodeled factors, effectively combining
the perfect physical priors from the digital twin with the realistic domain characteristics of the physical
system.

Object

Camera Projector

a.

Real system

Virtual system

b.

Pre-trained
weights

Fine-tuned
weights

TFCMFPP Pre-trained TFCMFPP
Learn fundamental 

representations

Knowledge
transfer

Large-scale 
virtual datasets

2. Transfer Learning1. Pre-training stage 3. Fine-tuning stage

Real-world datasets

Adapt to specific characteristics

Top view

Object Camera

Projector

Side view

Virtual system

Figure S6: Digital twin framework and transfer learning strategy. a, The physics-based virtual environment constructed
via Blender and the physical experimental setup. The digital twin accurately mirrors real-system parameters to generate
massive synthetic training data. b, The transfer learning workflow. The network undergoes pre-training on virtual datasets
to learn fundamental physical priors, followed by fine-tuning on real-world data to bridge the simulation-to-reality domain
gap.
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5 Data Acquisition and Ground-Truth Generation

In this section, we detail the acquisition procedure for the training data. The process is structurally
divided into two phases: first, the rigorous design of three specific projection protocols (Sequences A, B,
and C); and second, the experimental acquisition and computational generation of the corresponding
input data and ground-truth labels.

Projection Sequences for Dataset Construction

The construction of a high-fidelity dataset is a complex engineering task. To systematically acquire the
specific input data and corresponding ground-truth labels required for each module of our network, we
designed three distinct fringe projection sequences, as shown in Fig. S7.

• Sequence A: Sequence A represents the standard projection mode of the TFCMFPP method.
The projector outputs a continuous stream of color-multiplexed fringe patterns Ipm(x

p, yp), identical
to the mathematical definition provided in the Methods section of the main text.

• Sequence B: Sequence B is designed to physically separate the fringe signal from background il-
lumination and crosstalk. It is constructed by inserting a uniform frame between consecutive fringe
patterns of Sequence A. The projected pattern sequence Ipak is defined as:

Ipak (xp, yp) =

{
Ipm(x

p, yp), k = 2m− 1

a, k = 2m
(S7)

where m denotes the index of the original fringe pattern in Sequence A, and a represents the uni-
form DC intensity component (consistent with the definition in the main text).

• Sequence C: Sequence C is designed to retrieve absolute phase maps with the highest possible
accuracy. We employ a Multi-Frequency Multi-Step Phase-Shifting (MF-MSPS) strategy. For a
specific channel c, frequency group g ∈ {L,M,H}, the n-th phase-shifted pattern is:

I(c)g,m,n(x, y) = a(c) + b(c) cos

[
2πf (c)

g (x cos θm + y sin θm) +
2πn

Ng

]
(S8)

Crucially, to minimize nonlinear gamma errors and sensor noise, the phase-shifting steps are explic-
itly set to NL = 3, NM = 3, and NH = 12 (for the high-frequency component).

Ground-Truth Generation

Based on the three designed protocols, we acquired the corresponding physical quantities used for net-
work training. Crucially, to ensure dataset consistency, we employed a high-precision programmable
motion platform to enforce identical motion trajectories for the target objects across all three sequences.
Sequence A records the continuous motion integration, while Sequences B and C record the “frozen”
states at discrete positions along the same trajectory.

Sequence A was captured in long-exposure mode while the object was undergoing the programmed
motion. The resulting captured image serves directly as the raw input for the network, denoted as ILE.

Sequence B was captured in Single-frame exposure mode with the object kept static at the corre-
sponding positions of the motion trajectory. The purified fringe image Idm was mathematically obtained
by performing a pixel-wise subtraction between the captured images: specifically, subtracting the cap-
tured image of the uniform pattern (background) from the captured image of the fringe pattern. This
operation effectively removes the background texture and ambient light. Furthermore, by digitally su-
perimposing the purified fringe components from all 3M projection moments, we obtained the purified
color-multiplexed image IdLE.
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Figure S7: Schematic of projection sequences. Sequence A: Long-exposure mode performing temporal integration of di-
rectional fringes to generate the color-multiplexed image. Sequence B: Discrete single-frame capture mode for acquiring
purified fringe labels Idm. Sequence C: Three-frequency multi-step phase-shifting sequence for generating high-precision
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Sequence C was also captured in Single-frame exposure mode under the same static configuration.

The high-precision absolute phase labels Φ
(c)
H,m were computationally derived from these images. Cru-

cially, during the least-squares calculation, we explicitly extracted and stored the numerator (M
(c)
g,m) and

denominator (D
(c)
g,m). These terms are defined as:

M (c)
g,m(x, y) =

Ng−1∑
n=0

I(c)g,m,n(x, y) · sin(2πn/Ng)

D(c)
g,m(x, y) =

Ng−1∑
n=0

I(c)g,m,n(x, y) · cos(2πn/Ng)

(S9)

Using these components, the wrapped phase ϕ
(c)
g,m is computed as ϕ

(c)
g,m = − tan−1(M

(c)
g,m/D

(c)
g,m). Subse-

quently, we recovered the absolute phase using temporal phase unwrapping.

Φ
(c)
H,m(x, y) = ϕ

(c)
H,m(x, y) + 2π · round

(
Φ

(c)
L,m · (f (c)

H /f
(c)
L )− ϕ

(c)
H,m

2π

)
(S10)

Through this process, we obtained Long-exposure color-multiplexed image (ILE), purified intensity

references (IdLE, I
d
m), phase numerator and denominator maps (M

(c)
H,m, D

(c)
H,m), and absolute phase maps

(Φ
(c)
H,m).
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6 Design Principles for Angular Multiplexing Parameters

In this section, we provide the theoretical derivation for the selection of fundamental angular interval
parameter (θ0). The design objective is to maximize the information throughput while strictly satisfying
the Nyquist sampling theorem and ensuring spectral separability to prevent aliasing artifacts.

In the proposed TFCMFPP framework, the projection system generates fringe patterns along M
distinct spatial orientations. While color multiplexing separates signals into RGB channels, multiple
directional components must be strategically arranged within the frequency domain to avoid interference.
Let n denote the index of the projection angle (n = 1, 2, . . . ,M). The orientation of the n-th fringe
pattern, denoted as θn, is mathematically defined by the scalar parameter θ0 as follows:

θn = (−1)n+1

(
n

2
− (−1)n + 1

4

)
θ0 (S11)

In the Fourier domain, the spatial spectrum of the n-th directional component exhibits conjugate
spectral peaks located at coordinates (un, vn). These coordinates are determined by the carrier frequency
fc and the specific orientation θn: {

un = fc cos θn

vn = fc sin θn
(S12)

• Local Non-overlapping Condition (Lower Bound)

To ensure accurate phase retrieval, the spectral component of each directional must be isolated with-
out spectrum overlapping. We define the Effective Spectral Bandwidth (Bw) of the object, which rep-
resents the radius of the spectral distribution (lobes) around the carrier frequency. Physically, Bw is
proportional to the maximum gradient of the object’s surface height variation.

To prevent spectrum overlapping, the Euclidean distance between spectral peaks of adjacent direc-
tional components must exceed the sum of their bandwidths. Using the spectral coordinates defined
in Eq. (S12), the exact Euclidean distance dadj between adjacent peaks (with angular separation θ0) is
calculated as:

dadj =
√

(un+1 − un)2 + (vn+1 − vn)2 = 2fc sin

(
θ0
2

)
(S13)

By applying the small-angle approximation (sin x ≈ x for small x), Eq. (S13) simplifies to the arc
length:

dadj ≈ 2fc ·
θ0
2

= fc · θ0 (S14)

Consequently, to prevent spectral overlap, this distance must be greater than the full spectral width
(2Bw). This establishes the Lower Bound condition for the angular parameter θ0:

fc · θ0 > 2Bw =⇒ θ0 >
2Bw

fc
(S15)

This inequality implies that for a given carrier frequency fc, the angular interval θ0 must be suffi-
ciently large to accommodate the spectral broadening caused by the object’s complex surface details.

• Global Non-overlapping Condition (Upper Bound)

The total available angular space in the frequency domain for unique orientation encoding is π (180
degrees). To multiplex M distinct directional channels, the cumulative angular coverage must mathemat-
ically satisfy:

θ0 <
180◦

M
(S16)

While Eq. (S16) establishes the theoretical upper limit, practical parameter selection necessitates a
more stringent constraint to ensure system robustness. In standard fringe projection profilometry sys-
tems (typically employing a horizontal baseline), the vertical frequency axis (corresponding to horizontal

15



fringes at 90◦) constitutes a low-sensitivity zone for depth retrieval due to the triangulation geometry.
Therefore, the angular interval θ0 is designed to be slightly smaller than the theoretical upper bound.
This strategy ensures that the entire set of M directional spectra is compactly arranged while explicitly
avoiding the singular vertical direction, thereby preventing the allocation of information to an invalid
reconstruction zone.
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