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Abstract
Phase shifting-based structured light is widely used in three-dimensional (3D) topographic meas-
urements due to its high accuracy. However, the typical single projector–camera configuration
faces challenges such as blind spots, limited measurement range, and slow speed when reconstruct-
ing large-format complex objects. To address these limitations, we propose a dual-head structured
light prototype system based on generative diffusion models. The system comprises two synchron-
ized projector–camera units with minimal overlap to fuse 3D data. The diffusion model frame-
work resolves fringe pattern aliasing in the overlap region, enabling the dual-head system to cap-
ture surfaces with high accuracy. We validate the proposed method through two experiments: one
focusing on fringe pattern recovery and the other on 3D reconstruction. The results demonstrate
that the method achieves high-quality fringe pattern recovery with a peak signal-to-noise ratio of
up to 45.80 dB and a 3D reconstruction accuracy of up to 8µm.

1. Introduction

Advances in industrial intelligence and modern manufacturing have driven a significant demand for
high-fidelity three-dimensional (3D) geometric perception and measurement, especially for structural
surfaces with complex curvatures [1–5]. To address this, various techniques such as stereo vision, laser
scanning, and structured light fringe projection have been extensively reported in the literature, con-
tributing to the development of diverse 3D imaging systems and devices [6–8]. While stereo vision has
made significant progress, its passive nature faces challenges due to texture dependence, resulting in rel-
atively low accuracy. In contrast, laser scanning and structured light approaches use active illumination
to capture surface patterns [9–11]. However, laser scanning techniques that utilize dot and line patterns
struggle to meet high-density takt time requirements, particularly for in-situ sensing of complex surfaces,
and often suffer from low accuracy in 3D information fusion [12, 13].

In contrast, fringe projection-based structured light (FPSL) technique is widely used owing to the
high-precision and fast full-field measurement capability. Specifically, recent studies on orthogonal spa-
tial or spatial-temporal binary coding method [5, 14], fringe order correction [15], and complementary
phase interleaving-based fringe order recognition approach [8] have paved the way for automated static
and dynamic measurement applications with high accuracy. Despite significant progress in 3D meas-
urement, traditional phase-shifting profilometry (PSP)-based systems still face two major challenges.
First, the single-camera single-projector system is limited by its projection and shooting angles, hinder-
ing multi-view, wide-range 3D reconstruction. Second, complex surface contours or irregularities may
obstruct the projected light, creating shadow regions that lack phase information and lead to incomplete
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or inaccurate reconstruction. Additionally, these obstructions can cause blind regions that the camera
cannot capture, further reducing measurement accuracy.

To overcome these issues, the approach proposed in [16] involves acquiring multiple measurements
from different viewpoints or rotating the object to enable complete 3D reconstruction. Nevertheless, this
approach is time-consuming and has limitations, as some objects cannot be placed on a turntable due
to their fixed position or difficulty in movement. Literature [17] proposes that in stereo vision meas-
urement, the 3D shape of an object is initially captured using the shadow profile method, and surface
details such as pits, edges, and corners are measured through stereo vision matching techniques. This
method involves complex algorithms and experimental procedures. To address the issues of measurement
blind spots and limited measurement range, other methods often rely on additional hardware equip-
ment. Nevertheless, when a dual or multiple structured light system simultaneously projects fringes onto
the object, aliased fringes are formed on the object’s surface, leading to incorrect reconstruction of the
object.

Over the past few years, several approaches have emerged to address the problem of aliased fringes
recovery. Wu et al [18] proposed a method using a semi-transparent and semi-reflective mirror to
split the projected beam into two paths. These paths were then color-separated by red and blue filters,
respectively. Subsequently, an all-reflective mirror was employed to project the two monochromatic
beams onto the object’s surface, forming an aliased fringe pattern. This aliased projection is captured
by a color CCD camera, and the aliased separation is performed using a mechanism of color percep-
tion and processing. This separation method requires a high level of optical path design, precise system
hardware placement, and optimized system performance. Maimon et al [19] mitigated the interference
from aliased projections by adding a hardware structure—a motion sensor—and using a high spatial fre-
quency mode to enhance the contrast between the sensor’s projection pattern and that of other patterns.
This method suffers from instability due to its sensitivity to variations in environmental conditions and
hardware alignment, which limits its reliability in certain applications. Je et al [20] eliminated the aliased
fringe patterns by multiplexing the orientations of projector patterns and the color gamut characterist-
ics of colored fringe patterns, enabling the separation of aliased fringe patterns through explicit deriv-
ative calculations. This method requires demanding lighting conditions and poses practical difficulties
in experiments. On the other hand, Bai et al [21] proposed a dual-projector single-camera measure-
ment system to separate superimposed signals using the grayscale complementary relationship, but this
approach did not improve the measurement range. Li et al [22] addressed the issue of aliased fringe pat-
terns by controlling the order of the projected fringe patterns in a dual-projector system. Their method
combines the four-step phase-shift technique with the dual-frequency method, but this approach has
strict requirements regarding the order of the projected fringe patterns.

FPSL is capable of obtaining high-accuracy and high-density 3D geometries [23–25]. However, it
still faces several challenges in multiple FPSL imaging scenarios, such as system calibration and global
point-cloud fusion [12]. A key reason for these challenges is that adjacent FPSL systems cannot perform
synchronous imaging with overlapping fields of view (FOV). Specifically, as shown in figure 1, differ-
ent light patterns may be projected by the two projectors in the overlap area, leading to aliasing in the
observed fringe images. Consequently, significant errors are introduced into the reconstruction results.
Although several studies have been reported to address this issue, to the best of our knowledge, none of
them has been able to solve the aliasing problem in simultaneous 3D imaging tasks with local overlap-
ping multi-head FPSL systems.

Therefore, this paper presents a dual-head FPSL imaging approach based on generative deep learn-
ing, serving as a portable and scalable baseline to overcome the aforementioned issue. As illustrated in
figure 1 , the dual-head FPSL is configured with a pair of synchronous projector–camera components,
each measuring a portion of the target surface, but with their FOVs locally overlapping. The overlap
region provides a strong posterior constraint for fusing the two parts of the measured 3D geometry.
However, when the two projectors project fringe patterns simultaneously, both cameras observe aliasing
in the overlap region, leading to unstable reconstruction. To address this issue, we introduce a gener-
ative deep learning method based on diffusion models to resolve fringe pattern aliasing, enabling suc-
cessful 3D geometry reconstruction of the overlap region using the two projector–camera components.
Unlike existing methods that eliminate aliasing by sacrificing simultaneous measurement capability, our
approach directly separates the observed aliased images by training a denoising diffusion model, thus
facilitating simultaneous reconstruction and 3D point cloud fusion. Specifically, the phase estimation and
3D reconstruction of each imaging head of the system follow the principles of conventional fringe pro-
jection profilometry; and the 3D point cloud fusion is performed by the iterative closest point (ICP)
algorithm. Both techniques can be efficiently implemented.
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Figure 1. Schematic diagram of the dual-head structured-light system, consisting of a left head (camera–projector 1) and a right
head (camera–projector 2) for large-format complex surface imaging, where the shaded regions observed by the left and right
heads cannot be observed by the right and left heads, respectively.

The rest of this paper is organized as follows: section 2 introduces the principle of traditional PSP
and the aliasing image formation in dual-head FPSL, followed by a description of how to generate fringe
patterns without aliasing using the diffusion model framework. In section 3, we experimentally validate
the performance of the proposed method. Section 4 concludes the paper.

2. Methodology

Figure 2 presents the overall workflow of the proposed dual-head FPSL system integrated with a
diffusion-based dealiasing network. The pipeline consists of four main stages: (1) synchronous acquisi-
tion of phase-shifted fringe patterns using a dual-projector and dual-camera configuration, (2) diffusion-
based removal of fringe aliasing, (3) phase recovery through wrapped and unwrapped phase computa-
tion, and (4) 3D reconstruction based on calibrated system parameters. Owing to the dual-head config-
uration, two partial point cloud slices are obtained and subsequently fused into a complete 3D model
using the ICP algorithm. In the following sections, we begin with a revisit of the principle of traditional
PSP (section 2.1) to introduce the core methods of the dual-head FPSL including its configuration and
image formation in step 1 (section 2.2), dealiasing with diffusion model in step 2 (section 2.3), and
phase estimation and point cloud reconstruction in steps 3 and 4 (section 2.4).

2.1. Principle of traditional PSP
The sinusoidal fringe patterns captured by the camera can be represented as follows:

In (x,y) = a+ bcos

[
φ(x,y)+

2π

N

]
(1)

where a, b, φ(x,y) are the background light intensity of the image, the modulation of the sinusoidal
fringe pattern, and the phase value on the surface of the object to be sought, respectively, and N is the
step size of the projected fringe pattern [26], and the existence of the three unknowns requires that at
least three phase-shifted images are needed, and a four-step phase-shifting method is usually used, so
that the distribution of light intensity of four fringe patterns is:

I1 (x,y) = a+ bcos [φ(x,y)]

I2 (x,y) = a+ bcos
[
φ(x,y)+

π

2

]
I3 (x,y) = a+ bcos [φ(x,y)+π]

I4 (x,y) = a+ bcos

[
φ(x,y)+

3π

2

]
.

(2)

The phase distribution is calculated from equation (3):

φ = arctan

(
I1 − I3
I0 − I2

)
. (3)
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Figure 2. Overview of the work pipeline for the proposed dual-head FPSL method.

The phase obtained by the four-step phase shift algorithm has a jagged distribution between [0,2π],
and phase unwrapping is required to obtain a continuous absolute phase [27]. In this paper, we use the
multi-frequency heterodyne principle for phase unwrapping to obtain the absolute phase information of
the measured object [28]. To obtain the 3D information of an object, it is necessary to calibrate both the
camera and the projector. After acquiring the calibration data, the world coordinates of the object can be
determined by combining the transformation relationships between the coordinate systems.

2.2. Image formation of due-head FPSL
According to the imaging principle of CMOS cameras, the observed light pattern results from the cam-
era’s integration of all incoming light during the exposure period. Consider a pixel point u ∈ R2 in the
image sensor. Its intensity I(u), which is the photoresponse that reflected from some points on the tar-
get surface within exposure time te, can be formulated as an integral process starting from the shutter
time ti:

I (u) =
ˆ ti+te

ti

KlKr

∑
v

R(u,v) l(v, t)dt+

ˆ ti+te

ti

c(t)+Krc
′ (t)dt (4)

where l(v) represents the lighting intensity of pixels at v in the projector contributing to I(u), R(u,v) ∈
[0,1] weights the contribution of the projected light corresponding to the aperture effect, Kl and Kr are
the factors of projected light conversion and object surface reflection, respectively, c and c′ indicate the
direct and reflected ambient light components. For a dual-head FPSL as shown in figure 3, when the
pixel in u viewing the overlapped FOV formed by the intersection of captured regions A and B, the first
term in equation (4) will be:

ˆ ti+te

ti

KlKr

2∑
n=1

∑
vn

Rn (u,vn) ln (vn, t)dt (5)

where n= 1,2 represents the two projectors (projector 1 and 2) and u ∈ ΩFOV. We observe that the
observed light pattern in the overlapping FOV by both cameras is formed through a complex process
involving weighting and summation in the local image domain ΩFOV, leading to long-standing challenges
that have hindered the development of seamless structured light arrays. This motivates us to solve the
problem by proposing the method based on generative deep learning approach. We aim to learn a neural
separator P : I 7→ I(ln), which maps a locally aliased light pattern to a clear fringe pattern correspond-
ing to the projected pattern ln, within the diffusion denoising learning framework.
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Figure 3. Dual-head structured-light system with an overlapping field of view between regions A and B. The fringe images in (a)
and (b) are captured by camera 1 and camera 2, respectively. The corresponding aliased fringe patterns observed in these images
are shown in (c) and (d), respectively.

To this end, we reformulate equation (4) to align with the line of denoising diffusion pipeline. As
the background light contained in the fringe patterns is assumed not to affect the phase estimation,
we consider only the first aliasing term in equation (4) and expand the sum on the projector index n,
resulting in:

I (u) = I (u; l1)+ I (u; l2) ,u ∈ ΩFOV (6)

where I(u; l1) =
´ ti+te
ti

KlKr
∑
v1
R1(u,v1)l1(v1, t)dt and I(u; l2) =

´ ti+te
ti

KlKr
∑
v2
R2(u,v2)l2(v2, t)dt. With

this formula, the intensity of the pixel u in ΩFOV can be given by

I (u; ln) = I (u)−I (u; l3−n) (7)

for the projected pattern ln. Equation (7) rightly describes a denoising process if we view I(u; l3−n) as a
noisy pattern, allowing us to train the neural separator P to identify I(u; ln) within the denoising diffu-
sion framework [29], given that I(u). Details are given in the following content of this paper.

2.3. Learning within the conditional denoising diffusion framework
The overall framework of training the neural network P within the conditional diffusion framework is
shown in figure 4. Though most of the current networks are capable of performing the task of image
noise prediction, we here propose to use the U-Net to predict the sample noise because it shows excel-
lent performance in neural fringe pattern processing [30].

The network Pθ is dedicated to learning about the conditional distribution of the Gaussian noise
added to the original patterns {x0} corresponding to I(u; ln) in equation (7). This means that dur-
ing the aliased pattern recovery process, the model will particularly emphasize the impact of the con-
ditional signal y (corresponding to the observed fringe patterns I(u) in equation (7)) on fringe pat-
tern generation. The learning of the conditional diffusion model is divided into two processes: forward
diffusion and reverse diffusion, as shown in the upper part of figure 4. In the forward diffusion stage,
Gaussian noise z∼N (0, I) is continuously added to the sample data {x0} until the patterns are com-
pletely corrupted.

This process can be represented by a fixed Markov chain in equation (8) [31, 32], where the next
state of the sample data is obtained by sampling a Gaussian distribution, which can also be interpreted
as a process in which the data is progressively corrupted over time step t ∈ [0,T],

q(xt|xt−1) =N
(
xt|xt−1

√
1−βt,βtI;y

)
. (8)

In equation (8), βt = σ2
t determines the amount of noise added by diffusion at each step. The noisy state

xt can also be derived from the initial state x0 by following:

q(xt|x0) = N

(
xt;

√
−
αtx0,

(
1−−

αt

)
I;y

)
(9)
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Figure 4. Training and sampling framework to generate non-aliasing fringe pattern with diffusion model.

where
−
αt =

∏t
s=1αs, αt = 1−βt. The reverse diffusion process aims to learn the network Pθ, given that

the condition y, to predict the noise added to the initial pattern x0. However, the diffusion process is
complex and recovering x0 directly from the noisy state xt is bound to have a large error. Therefore,
in this process, the network is trained to predict the noise distribution in the time step t to obtain
xt−1 iteratively [33]. Based on Bayesian posterior probability, the backward diffusion process can be
described as:

pθ (x0:T) = p(xT)Π
T
t=1pθ (xt−1|xt) (10)

where p(xT) =N (xT;0, I) and pθ(xt−1|xt) =N (xt−1;µθ,σ
2
t I,y). The mean µθ is estimated by the train-

able network as µθ = Pθ(xt, t,y). Once the network is trained, the dealiased fringe pattern is given by a
sampling procedure, as shown in the lower part of figure 4. The iteration kernel in the sampling pass
can be expressed as follows:

xt−1 =
1

√
αt

(
xt −

1−αt√
1− ᾱt

µθ

)
+σtz. (11)

For training the network Pθ, we trigger one head of the dual-head FPSL system to obtain the fringe
pattern {x0} without aliasing firstly and then, trigger both heads to capture the corresponding aliased
fringe patterns {y}, resulting in the dataset {x0,y} where the aliased observations are used as conditions
in the above training pipeline. Given an initial pattern x0 associated with a condition y, the key step is to
generate time step t to regulate the diffusion processes as illustrated in equations (8) and (10) since the
model does not have the capability to recognize the specific time step to which the input image belongs.
We here adopt a mechanism similar to positional encoding in transformers [34, 35]. The time step is
input as an additional information together with xt into the network to produce a noise prediction
z∗ ∼N (µθ,σ

2I). Followed by this, we measure the difference between z and z∗ using L1 loss to train
the model using backpropagation algorithm. The loss function is given by: L1(z,z∗) =

1
n

∑n
i=1 |zi − z∗i|

and the training and test loss dynamics are shown in figure 5.
After the network training is completed, the model is able to complete high-quality image recon-

struction based on the conditioned signals. The detailed steps are as follows: Starting from time step T,
first randomly sample from the standard Gaussian distribution to make a noisy sample xt. Subsequently,
at each time step t, the noisy image xt, the time step encoding, and the conditioned signal are used as
inputs to the network to obtain the estimated noise z∗. With the help of the estimation noise and the
inverse diffusion formula, the data distribution xt−1 at the previous step can be obtained, and the non-
aliased fringe pattern x0 (i.e. I(u; ln)) can be obtained through T-step iterations.

It is worth noting that the conditional denoising diffusion framework above is a probabilistic gen-
erative modeling approach that learns the conditional distribution of clean, non-aliased fringe patterns
given aliased observations by coupling the forward Markovian diffusion process in equation (8) with
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Figure 5. Loss curves of training (left) and testing (right) the model Pθ .

the learned, condition-guided reverse denoising process. In this framework, clean fringes are progress-
ively perturbed into Gaussian noise, and the neural network is trained to iteratively invert this process
while being constrained by the observed aliased fringe patterns, as shown in figure 4. This formulation
is highly effective for fringe aliasing removal because the conditional reverse process enforces consist-
ency with the input measurements, while the multi-step denoising trajectory provides stable convergence
toward physically plausible solutions, enabling robust recovery of non-aliased fringes under complex and
highly variable aliasing conditions. Aliasing separation relies on two key mechanisms: progressive noise
refinement over multiple steps and condition-guided reconstruction using aliased fringes as input with
U-Net skip connections to fuse low- and high-level features. This approach provides more stable and
accurate reconstruction than GANs, which may suffer from mode collapse, or autoencoders, which can
lose high-frequency details. By implicitly capturing the underlying properties of fringe patterns, the dif-
fusion model achieves high-fidelity recovery with a relatively small training set, as confirmed by high
peak signal-to-noise ratio (PSNR), low mean squared error (MSE), and low reconstruction error in
section 3.

2.4. 3D shape reconstruction
Followed by obtaining the non-aliased fringe images for each head of the proposed dual-head FPSL sys-
tem with the trained diffusion model Pθ, we can estimate the phase maps to recover the 3D shape of
the object surface being measured. In our implementation, we first estimate the phase map for each
camera-projector head to reconstruct the object surface part that observed by the head and then fuse
them with point cloud registration to obtain the complete 3D geometry in the FOV of the dual-head
FPSL system.

For phase estimation, we use the well-established four-step phase-shifting algorithm introduced in
section 2.1. As each camera-projector head is a typical structured light unit when the fringe aliasing in
the overlapping region is removed, the four-step phase-shifting algorithm can be used to estimate the
wrapped phase map for each head and then to retrieve the absolute phase map via multi-frequency het-
erodyne unwrapping. Once the absolute phase maps are obtained for both heads, the 3D shape of the
part of the object observed by each head can be reconstructed immediately via triangulation by access-
ing the horizontal (or vertical) phase values Φx from the estimated absolute phase map and the pixel
coordinates u= (u,v) as follows:

X= tri(PC,PP,u, f(Φx)) , (12)

where P the reconstructed 3D coordinates of the surface points, KC and KP are the calibrated projec-
tion matrices of the projector and camera, respectively, which can be determined by Zhang’s calibration

algorithm [36] or the improved variant [37], and f(Φx) =
Φx(u)
2πN WP is the coordinate function in the pro-

jector plane with width of WP and fringe period N.
Finally, we fuse the 3D shapes reconstructed by both camera–projector heads using the ICP

algorithm to obtain the full geometric shape of the object surface in the FOV of the dual-head FPSL
system. Because of the overlapping region as shown in figure 3, the ICP algorithm can be implemented

7
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Figure 6. Dual-head projection hardware system.

by finding the point cloud correspondences between the overlapped parts and estimating the rigid trans-
formation by minimizing

min
R, t

∑
i

‖RXi + t−Yi‖2 , (13)

where Xi and Yi denote corresponding 3D points in the overlapping regions, and R and t are the rota-
tion matrix and translation vector, respectively.

3. Experiments

This experiment aims to address the issue of measurement limitations (including shooting and projec-
tion limitations) that arise when measuring larger objects or objects with complex morphology. A dual-
camera dual-projector imaging system is proposed to overcome these challenges. Capturing the complete
3D information of an object requires two cameras. Therefore, the reconstruction process involves creat-
ing two datasets for model training and employing point cloud fusion to obtain the complete 3D surface
geometry. A dual-projection structured light system, comprising two TJ20U2 projectors and two CMOS
cameras with a resolution of 3072 × 2048, was utilized to acquire the training and test datasets. Figure 6
illustrates the constructed dual-projection hardware system. Synchronization between the projectors and
cameras was achieved using synchronous control lines, with custom software enabling simultaneous pro-
jection and triggering of the corresponding cameras for synchronized data acquisition.

3.1. Dataset and training
As previously mentioned, the proposed method requires aliased fringe patterns and their correspond-
ing non-aliased versions to train the diffusion network Pθ. During the training process of the diffusion
model, the aliased pattern serves as a conditional input, guiding the data distribution of the generated
image with high accuracy. By varying the frequency and initial phase values, we generated 4043 samples
for model training and 1583 samples for model testing, each with a size of 512 × 512 pixels. The dataset
creation process involves the following steps: first, sinusoidal fringe patterns are designed based on the
phase-shift method and loaded into the left and right projectors. The trigger signals for both projectors
are synchronized to ensure simultaneous projection onto the object’s surface, generating aliased fringe

8
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Figure 7. Demonstration of the dealiasing quality of the proposed method. (a) shows an aliased fringe pattern captured by one
head of the dual-head FPSL system; (b) shows the corresponding dealiased fringe pattern recovered by the network model; and
(c) shows the difference between (b) and the non-aliased fringe pattern.

patterns. The camera captures these aliased fringe patterns, with data acquisition ending when the trig-
ger signal ceases. Finally, the corresponding non-aliased fringe patterns are also captured to complete the
dataset.

Due to the similar working modes on both sides, we will take the left area as an example for intro-
duction. When capturing the left non-aliased image, the right projector needs to be turned off. The non-
aliased pattern serves as a condition during the training process of the diffusion model, ensuring that
it can accurately guide the data distribution of the generated image. For the generation of projection
fringes, we have chosen to apply the PSP theory by selecting four sinusoidal fringe patterns with periods
of 100, 110, 120, and 130. Each period includes four phase-shifted patterns with a phase shift of 0.5π.
By varying the initial phase, a large number of aliased fringe patterns are obtained. Since the objects do
not need to maintain the same position during dataset generation, the network must not only learn the
data distribution and key features of aliased fringe patterns at different object attitudes but also effect-
ively reconstruct these patterns based on the corresponding labeled data distribution to restore the true
morphology of the experimental object. Given the complexity of the model’s training task, a sufficient
amount of sample data is required to meet the network’s needs. Specifically, 4043 samples are used for
model training to enhance the network’s learning capabilities, while 1583 samples are reserved for testing
to ensure a comprehensive and objective evaluation of the model’s performance.

In the training process, the number of diffusion steps is set to T= 4000. The noise variance added
by the forward process increases linearly from 1× 10−5 to 0.0002, while the noise variance of the inverse
process is maintained consistent with that of the forward process. The total number of training epochs is
800.

3.2. Validation of fringe pattern separation performance
The fringe pattern separation performance is evaluated first, and the result is presented in figure 7.
Figure 7(a) shows the captured aliased fringe patterns, while figure 7(b) displays the estimated patterns
obtained by the proposed method. The estimated fringe patterns are then compared with the non-aliased
ones, and the result is shown in figure 7(c). The performance is quantitatively evaluated using the PSNR,
MSE, and structural similarity index (SSIM). The PSNR reaches 45.80 dB, the MSE is 1.85, and the SSIM
is 0.98.

To better demonstrate the potential of the model in image generation, we analyze its performance
from the perspectives of phase computation and object reconstruction. The experiment is based on the
theory of PSP, where the model needs to recover a set of aliased fringe patterns using a four-step phase
shift for phase computation. A sample dataset captured by a structured light system is used in the exper-
iment. In figures 8, (a)–(c) show the wrapped phase obtained using the four-step phase-shifting method.
Figure 8(a) displays the wrapped phase image obtained from a single projection, (b) shows the wrapped
phase image obtained from the fringe pattern recovered by the network, and (c) presents the heatmap
generated by subtracting (b) from (a). To better illustrate the phase differences, the unwrapped phases
from figures 8(b) and (c) are extracted along the same row at y = 350 pixels, and the phase curves are
plotted in figure 8(e) with a local magnification. The results indicate that the two phase curves exhibit a
high degree of consistency, with a maximum phase difference of 0.05 rad.

3.3. Validation on 3D reconstruction
Finally, the object is reconstructed using the dual-head FPSL system, and the results obtained from the
left and right sides are shown in figure 9(c). The object is successfully reconstructed. To evaluate the
reconstruction performance, the results obtained by the traditional method using the same aliased fringe
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Figure 8. Results of phase comparison. (a)–(c) show the wrapped phase maps obtained from the aliased, inferred, and non-
aliased fringe patterns, respectively. (d) shows the difference between (b) and (c). (e) presents the phase values along the cross
section of (b) and (c) at y= 350.

Figure 9. Comparison of reconstruction results. (a) shows the point clouds reconstructed separately by the two structured light
systems and their fused result, which is used as the ground truth. (b) shows the reconstructed point clouds and fused result when
both systems operate simultaneously, where fringe aliasing occurs. (c) shows the reconstructed point clouds after aliasing recov-
ery using the proposed diffusion model, along with the fused complete point cloud.

pattern and the non-aliased fringe pattern are shown in figures 9(b) and (a), respectively. Significant
errors are introduced by fringe pattern aliasing in (b). To quantitatively analyze the reconstruction per-
formance, the root mean square is calculated, and the result is 0.057mm. The results demonstrate that
the proposed method can successfully reconstruct the object and effectively eliminate errors caused by
fringe aliasing.

To further validate the effectiveness and superiority of the proposed deep diffusion model–based
dual structured light method for 3D reconstruction, a comparative experiment using a derivative-based
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Figure 10. Comparative experiment results. (a) Shows the fringe patterns captured when the dual structured light systems operate
independently. (b) Presents the aliased fringe patterns acquired when the two systems operate simultaneously. (c) Illustrates the
fringe patterns recovered from (b) using the derivative-based aliasing recovery method. (d) Shows the 3D point cloud reconstruc-
ted from the recovered fringe patterns in (c).

method was conducted [22]. As illustrated in figure 10, (a) shows the non-aliased fringe patterns cap-
tured when the two structured light systems operate independently. These images serve as the reference
for evaluating the performance of subsequent aliased fringe recovery methods. (b) Presents the aliased
fringe patterns acquired when both systems operate simultaneously, (c) depicts the non-aliased fringe
patterns recovered using the derivative-based method. As a traditional aliased fringe recovery approach,
the derivative-based method attempts to restore non-aliased fringes by computing the spatial derivatives
of the fringe patterns, (d) shows the 3D point cloud reconstruction results obtained using the fringe pat-
terns recovered by the derivative-based method. From the 2D perspective, a comparison between (a) and
(c) reveals evident limitations of the derivative-based method when dealing with locally aliased fringe
patterns. Compared with the original non-aliased fringes in (a), the recovered fringes in (c) become
noticeably denser, accompanied by significant local intensity amplification. This indicates that, while
suppressing aliased components, the derivative-based method inevitably disturbs non-aliased regions,
leading to a degradation in fringe quality. From the 3D perspective, the reconstructed point cloud in (d)
contains a large amount of noise and exhibits pronounced layering artifacts. This is mainly because the
errors introduced during derivative-based aliased fringe recovery are further amplified in the subsequent
3D reconstruction process, severely compromising both reconstruction accuracy and completeness. In
contrast, the proposed method demonstrates clear advantages. By leveraging a diffusion model, the sys-
tem directly restores fringe information in aliased regions, thereby effectively avoiding the error propaga-
tion commonly introduced by traditional recovery methods and enabling more accurate and robust 3D
reconstruction.

To more intuitively demonstrate the phenomenon of sparse or missing point clouds in blind regions
during the 3D reconstruction of objects with complex contours, a prism with prominent surface protru-
sions was selected as the test object. This strategy amplifies the blind spot phenomenon caused by occlu-
sion. It also highlights the significant role of the dual-camera and dual-projector system in expanding
the measurement range. Additionally, it demonstrates the strong generalization capability of the network
model. Figure 11 primarily presents the aliased fringes captured by the two systems, along with the res-
ults of analyzing the recovery of these fringes from a phase perspective. In addition, figure 12 illustrates
the 3D reconstruction results of the test object under various conditions. In figures 11(a)–(d) depict
aliased fringes captured by two systems, with noticeably thicker fringes in the aliased regions. (e) shows
the wrapped phase calculated from the fringe image captured by the left single-camera single-projector
system, which serves as the baseline for phase-level evaluation of aliased fringe recovery. (f) displays
the wrapped phase calculated from the fringe image estimated by the network. (g) presents the wrapped
phase obtained from the right single-camera single-projector system, while (h) shows the wrapped phase
after the network recovers the aliased fringes on the right side. (i) illustrates the data distribution of (e)
and (f) at y = 400 pixels in the same image, with local magnification indicating consistent distributions.
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Figure 11. Demonstration of phase estimation. (a)–(d) Show the aliased fringe patterns captured by the dual structured-light
system. (e) and (g) Present the wrapped phase maps computed from fringe patterns acquired when the two systems operate inde-
pendently, whereas (f) and (h) show the wrapped phase maps obtained after recovering the aliased fringe patterns using the pro-
posed diffusion model. (i) Provides a magnified view of (e) and (f) along the line y = 400 pixels, and (j) shows the corresponding
magnified results of (g) and (h) along the same line.

Figure 12. Demonstration of reconstruction results. (a)–(c) Present the reconstructions obtained from the left structured-light
system, while (d)–(f) show those from the right structured-light system. (g) Depicts the three recovered poses after point-cloud
fusion based on fringe patterns restored by the diffusion model. (h) and (i) Show the corresponding error analyses along the
dashed lines indicated in (a) and (b), and in (d) and (e), respectively.

Similarly, (j) demonstrates the data distribution of (g) and (h) at y = 400 pixels in the same image, with
local magnification also showing consistency.

In figures 12(a)–(c) show the reconstruction results of the left system, indicating that the reconstruc-
tion using the network-recovered fringes is comparable to that of the single-camera-single-projector sys-
tem. (d)–(f) Present the reconstruction results of the right system, which demonstrate excellent quality.
(g) Illustrates the distributions of the fused point clouds from different perspectives, clearly showing the
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expanded reconstruction range and the filling of sparse areas after point cloud fusion. (h) and (i) display
the reconstruction error analysis after sampling the depth profiles along the dashed lines in (a)–(b) and
(d)–(e), respectively. The results show that the reconstruction error remains within 8µm, with an MAE
of 0.046mm. Our results clearly demonstrate that the diffusion model effectively handles the recovery of
image aliasing. By integrating an attention mechanism into the U-Net structure for image denoising, the
model enhances the processing of feature information, thereby improving overall performance [38, 39].

It is worth noting that, although an explicit outlier ratio is not separately reported, the effects of
outliers are implicitly reflected in the error statistics and depth profile analyses, where no abrupt error
spikes or heavy-tailed distributions are observed (as shown in figures 12(h) and (i)), indicating effect-
ive suppression of large reconstruction deviations. Experiments on objects with different curvatures
and local protrusions show consistent reconstruction accuracy, with MAEs remaining within 0.057mm,
demonstrating that the proposed method is robust to variations in surface geometry and material-
induced fringe distortions. This stability is attributed to the complementary dual-head configuration and
the diffusion-based fringe recovery, which preserves phase continuity while mitigating aliasing-related
error amplification.

3.4. Limitations and scope
It should be noted that the experimental scope of this work is defined by the objective of achieving true
simultaneous dual-head structured light measurement with locally overlapping FOV. While comparative
experiments with existing methods are often desirable, most reported approaches for mitigating fringe
aliasing in multi-projector systems rely on specific hardware configurations or projection strategies,
such as color or orientation multiplexing, optical-path separation, or strictly controlled temporal projec-
tion sequences. These methods are not directly compatible with the proposed system configuration and
would require fundamental modifications to the hardware architecture or acquisition protocol. Moreover,
approaches that suppress aliasing by disabling simultaneous projection through time-division schemes
fall outside the scope of this study. Therefore, the reconstruction results obtained from non-aliased
single-projector measurements are used as a reference, while reconstructions directly derived from aliased
fringe patterns using conventional PSP serve as the baseline. This evaluation strategy enables a clear and
consistent assessment of the impact of fringe aliasing and the effectiveness of the proposed diffusion-
based suppression method under identical measurement conditions.

4. Conclusion

In conclusion, this research presents a novel approach for enhancing 3D reconstruction using a dual-
head structured light system combined with conditional diffusion-based deep learning framework. By
addressing key challenges such as occlusion, aliasing, and limited measurement range, the proposed sys-
tem significantly improves the accuracy, speed, and scalability of 3D reconstruction. The dual-camera
and projector configuration effectively minimizes occlusion, while the deep learning-based method for
separating aliased fringe patterns allows for faster and more precise measurements. Compared to exist-
ing methods that eliminate aliasing via hardware separation or sequential projection, which are sensit-
ive to environmental variations and sacrifice synchronous measurement, the proposed dual-head FPSL
combined with the conditional denoising diffusion model achieves efficient and high-precision 3D recon-
struction through synchronous dual-camera and dual-projector acquisition. The diffusion model learns
the mapping from aliased to non-aliased fringes directly from data, providing robustness against harsh
lighting and complex surfaces. The integration of conditional diffusion modeling with structured light
further enhances the system’s capability to deliver high-precision reconstructions by leveraging diverse
training data. Experimental results validate the effectiveness of this approach, demonstrating its potential
for a wide range of applications that require fast, precise, and comprehensive 3D measurements. Overall,
the proposed method offers a robust solution for overcoming the limitations of traditional single-camera
systems and sets the stage for future advancements in high-quality 3D reconstruction techniques.

The dual-head structured light system demonstrates strong practical robustness, effectively accom-
modating moderate variations in ambient illumination and diverse object surface textures through con-
ditional diffusion model-based adaptive fringe pre-processing, phase-shifting estimation, and multi-
frequency heterodyne techniques. The overlapping regions between the two heads provide stable cor-
respondences for accurate ICP-based alignment, enabling automatic correction of external parameters
and thereby reducing the need for repeated full-system calibration. In addition, the proposed dual-head
FPSL system is designed for straightforward setup and operation by users familiar with conventional
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structured light or PSP systems. System deployment involves mechanically mounting the two projector–
camera units, synchronizing projection and acquisition via hardware triggers, and independently cal-
ibrating each projector–camera pair using standard calibration procedures identical to those of single-
head systems. In practice, a one-time calibration is sufficient unless the hardware configuration changes.
Together, these design features ensure reliable and accurate 3D reconstruction in realistic deployment
scenarios, highlighting the system’s suitability for complex measurement tasks.
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