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Abstract: Phase shifting profilometry is an important technique for reconstructing the three-
dimensional (3D) geometry of objects with purely diffuse surfaces. However, it is challenging to
measure the transparent objects due to the pattern aliasing caused by light refraction and multiple
reflections inside the object. In this work, we analyze the aliasing fringe pattern formation for
transparent objects and then, propose to learn the front surface light intensity distribution based
on the formation principle by using the diffusion models for generating the non-aliased fringe
patterns reflected from the front surface only. With the generated fringe patterns, the 3D shape of
the transparent objects can be reconstructed via the conventional structured light. We show the
feasibility and performance of the proposed method on the data of purely transparent objects that
are not seen in the training stage. Moreover, we found it could be generalized to other cases with
local-transparent and translucent objects, showing the potential capability of the diffusion based
learnable framework in tackling the problems of transparent object reconstruction.

© 2024 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Phase shifting profilometry (PSP) is one of the most popular approaches for three-dimensional
(3D) reconstruction [1–3]. The camera and projector are employed in the typical system. The
projector projects a set of sinusoidal fringe patterns to the object surface and the camera captures
the reflected image from another angle. The captured fringe patterns are distorted because of the
height of the object [4]. Based on the intensity value of the captured fringe patterns, the phase
information is retrieved and the object is reconstructed based on calibration parameters. As PSP
relies on the correct intensity value of the captured fringe patterns, it has good performance
for the reconstruction of object with diffuse reflection surface. However, when the transparent
object such as glass is reconstructed, the projected fringe pattern is reflected by the front and
back surfaces simultaneously [5–10], leading to intensity aliasing in the captured fringe pattern.

Recently, transparent object reconstruction has attracted intensive attentions by the researchers.
The existing algorithms can be divided into three categories: reflection-based method, refraction-
based method and, deep learning-based method.
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1.1. Reflection-based methods

The reflection-based method reconstructs the object based on the signal reflected by the object
surface. Eren et al. [11] proposed to reconstruct the transparent object based on infrared camera
and heating projecting. A laser projector is employed to heating the object by projecting laser
line to the object surface. Then an infrared camera captures the image and retrieves the position
of temperature peak of the line. Finally, the object is reconstructed based on triangulation
relationship between the camera, projector, and object. This method has high time cost as line
scanning is employed and the object needs to be heated. Instead of projecting lines, Wiedenman
et al. [12] proposed to project sinusoidal fringe pattern to heat the object. However, it still
requires waiting time to reduce the temperature during the projection of multiple fringe patterns.
Landmann et al. [13] developed a two-step heating technique that does not require the waiting
time for temperature decrease. Instead of using the temperature information, He et al. [6]
suggested to reconstruct the transparent object based on the distortion information of the line-scan
technology. A line laser is used to scan the transparent object and the camera captures the image
aliasing from the front and back surface. The LTFtF algorithm is proposed to separate the aliasing
image and the shape information of the transparent object is reconstructed.

1.2. Refraction-based methods

The refraction-based method reconstructs transparent objects based on tracking the path of the
light when passing through the object. Guo et al. [14] proposed to reconstruct the transparent
object by analyzing the distorted image capturing behind the object. A cosine fringe pattern
is employed and the local change in the period is retrieved. The surface profile is simulated
and optimized to achieve minimal error with experimental data. Loper et al. [15] employed
an approximate differentiable renderer (DR) that models the relationship between changes in
model parameters and image observations when the transparent object is reconstructed. Lyu
et al. [16] reconstructed the transparent object by establishing a mapping between the camera
view rays and locations on the background firstly. Then, the transparent object was placed on the
workbench, and the camera records the background pattern distorted by a transparent object. The
3D information of the object was obtained by tracing these light rays from the background and
previously established mappings.

1.3. Deep learning-based methods

Recently, the deep learning method achieved quality results in 3D reconstruction. Li et al. [17]
proposed a NeTO method to get the information of 3D geometry of solid transparent object from a
2D image. The surface of object is expressed by implicit Signed Distance Function (SDF) firstly;
then, the SDF field is optimized via volume rendering with a self-occlusion aware refractive ray
tracing. The implicit representation enables us to reconstruct the object with high quality even
with a limited set of images and the self-occlusion aware strategy makes it possible to accurately
reconstruct the self-occluded regions. Mathai et al. [18] combined compressive sensing (CS)
and super-resolution convolutional neural network (SRCNN) to reconstruct the surface of the
transparent objects. The transparent object’s details are extracted by a single pixel detector
during the surface reconstruction. The SRCNN could avoid the influence of low-quality images
owing to speckles and deformations and the CS could reduce the size of the sample required for
training. Guo et al. [19] proposed to split a scene into transmitted and reflected components;
then, model the two components with separate neural radiance fields. The geometric priors are
exploited and training strategies are designed to achieve reasonable decomposition results; at last,
the NeRFReN is proposed to reconstruct the transparent object with complex reflection. Shao et
al. [20] proposed a method to get the information of the surface of the transparent objects by
using polarimetric cues. The object’s geometry is represented as a neural network, while the
polarization render is capable of rendering the object’s polarization images from the given shape
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and illumination configuration. The reflection percentage is calculated by a ray tracer and then
used for weighting the polarization loss. The object is reconstructed based on the polarization
dataset with multi-view transparent shapes. Sha et al. [10] introduced the TransNeXt network
to enhance the features of the sample of the transparent objects. First, the transparent shape is
initialized with a visual hull reconstructed with the contours obtained by the TOM-Net. Then,
the normal reconstruction network is constructed to estimate the normal values. Finally, the
transparent object is reconstructed using the TransNeXt network.

2. Methodology

2.1. Principle of traditional PSP

The captured fringe patterns for N-step PSP can be expressed as follows:

Si(x, y) = a + bcos(φ(x, y) + 2π(i − 1)/N), (1)

where i = 1, . . . , N, Si(x, y) is the intensity distribution of the i-th fringe pattern, a is the
ambient light intensity, b is the amplitude of the fringe pattern intensity, and φ(x, y) is the phase
distribution.

The phase map φ(x, y) can be obtained by

φ(x, y) = arctan
−
∑︁N

i=1 Si(x, y)sin2π(i − 1)/N∑︁N
i=1 Si(x, y)cos2π(i − 1)/N

. (2)

The range of phase map is wrapped into −π to π, which leading to ambiguity among different
fringes. The unwrapped phase map with monotonous value is obtained by phase unwrapping and
the phase discontinuities are removed. At last, the object is reconstructed based on the phase
information and calibration parameters.

2.2. Analysis of fringe pattern aliasing

Equation (1) describes the fringe pattern reflected by the object with diffuse surface. When the
transparent object is reconstructed, the illumination is reflected and refracted by the front and
back surface of the object as shown in Fig. 1. Assume F is the light reflected by the front surface
and captured by the camera directly. When F pass through the front surface and reflected by
the back surface, the captured light can be noted as B. M is the light which is multiple reflected
between the front and back surface and finally captured by the camera. Normally, F and B have
the strongest intensity while the component M has the weakest intensity.

By applying the above reflection and refraction model to PSP, the captured fringe pattern
is composed by four sources at time t, i.e., the fringe pattern reflected by the front surface
f (t), the fringe pattern reflected by the back surface with the single reflection b(t), the multiple
reflection m(t) and the background light captured by the camera a. Figure 2 shows the procedure
schematically. According to the fundamental imaging principle, the captured fringe pattern of
the transparent object can be expressed as the summation of the four components above at the
moment t by

s(t) = a + m(t) + b(t) + f (t). (3)

We suppose that the projector and the camera work synchronously and the projector switches
the projected pattern at the moment ti corresponding to the start of the camera exposure.
Consequently, the camera captures the fringe pattern image at this moment, denoted by si(t). Let
td = ti+1 − ti be the exposure time of the camera, the i-th fringe pattern frame Si captured by the
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weighting the polarization loss. The object is reconstructed based on the polarization dataset 
with multi-view transparent shapes. Sha et al. [10] introduced the TransNeXt network to 
enhance the features of the sample of the transparent objects. First, the transparent shape is 
initialized with a visual hull reconstructed with the contours obtained by the TOM-Net. Then, 
the normal reconstruction network is constructed to estimate the normal values. Finally, the 
transparent object is reconstructed using the TransNeXt network.

2. Methodology
2.1 Principle of traditional PSP

The captured fringe patterns for N-step PSP can be expressed as follows: 

 𝑆𝑖(𝑥, 𝑦) = 𝑎 + 𝑏𝑐𝑜𝑠(𝜑(𝑥,𝑦) +2𝜋(𝑖 ― 1)/𝑁),                            (1)

where 𝑖 = 1, …, 𝑁, 𝑆𝑖(𝑥, 𝑦)  is the intensity distribution of the i-th fringe pattern, 𝑎 is the 
ambient light intensity, 𝑏 is the amplitude of the fringe pattern intensity, and 𝜑(𝑥,𝑦)  is the 
phase distribution. 

The phase map  𝜑(𝑥,𝑦) can be obtained by 

  𝜑(𝑥, 𝑦) = 𝑎𝑟𝑐𝑡𝑎𝑛 ― ∑𝑁
𝑖=1 𝑆𝑖(𝑥, 𝑦)𝑠𝑖𝑛2𝜋(𝑖 ― 1)/𝑁

∑𝑁
𝑖=1 𝑆𝑖(𝑥, 𝑦)𝑐𝑜𝑠2𝜋(𝑖 ― 1)/𝑁 ,                                 (2)

The range of phase map is wrapped into ―𝜋 to 𝜋, which leading to ambiguity among 
different fringes. The unwrapped phase map with monotonous value is obtained by phase 
unwrapping and the phase discontinuities are removed. At last, the object is reconstructed 
based on the phase information and calibration parameters.

2.2 Analysis of fringe pattern aliasing

Equation (1) describes the fringe pattern reflected by the object with diffuse surface. When 
the transparent object is reconstructed, the illumination is reflected and refracted by the front 
and back surface of the object as shown in Fig. 1. Assume 𝐹 is the light reflected by the front 
surface and captured by the camera directly. When 𝐹 pass through the front surface and 
reflected by the back surface, the captured light can be noted as 𝐵. 𝑀 is the light which is 
multiple reflected between the front and back surface and finally captured by the camera. 
Normally, 𝐹 and 𝐵 have the strongest intensity while the component 𝑀 has the weakest 
intensity.  

Figure 1. Aliasing of observed fringe pattern for transparent object.
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Fig. 1. Aliasing of observed fringe pattern for transparent object.

camera is given by

Si = ∫
ti+1
ti si(t)dt = kf ∫

ti+1
ti fi(t)dt + kb ∫

ti+1
ti bi(t)dt + km ∫

ti+1
ti mi(t)dt + atd, (4)

where the factors kf , kb and km are used to balance the light intensity contribution of each
component, considering the differences in the action of light on different transparent objects
and the errors generated by the camera during the actual sampling. For simplicity, we denote
each of the integral terms on the right-hand side of Eq. (4) by a symbol, i.e., Fi = kf ∫

ti+1
ti fi(t)dt,

Bi = kb ∫
ti+1
ti bi(t)dt, and Mi = km ∫

ti+1
ti mi(t)dt, and omit the subscription, obtaining

S = F + B +M + A, (5)

with A = atd. In this way, the fringe pattern component F, together with the background light,
that can be used to reconstruct the front surface and can be express as F = S − B − M. With
this baseline, it is possible to estimate the fringe pattern of the front surface from the aliasing
fringe pattern. We next train a network p within the diffusion model deep learning framework for
sampling the fringe pattern F as

F∗ ∼ p(S; θ), (6)

where F∗ is the estimated fringe pattern and θ is the network parameters to be learned.

2.3. Diffusion models

Diffusion models [21] have gained increasingly attention due to its excellent performance to
generate seemingly realistic images. They are proved to accurately learn the true distribution
of data from some given priori samples with improved sample quality and more stable training
protocols compared with some other deep networks such as generative adversarial nets [22],
leading to excellent results in work related to estimating sample distributions.

When it comes to our problem, diffusion models are trained to reverse a stochastic forward
process, as shown in Fig. 3, that iteratively transfers a 2D data of fringe patterns, denoted by
x0 ∈ RH×W , drawn from the underlying distribution x0 ∼ q(F) to a full prior GaussianN(0, I) in T
steps. As the process acts as gradually adding Gaussian noise to the fringe pattern x0 for obtaining
an approximate posterior, we can represent it as a fixed Markov chain with simple Gaussian
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By applying the above reflection and refraction model to PSP, the captured fringe pattern 
is composed by four sources at time 𝑡, i.e., the fringe pattern reflected by the front surface 𝑓
(𝑡), the fringe pattern reflected by the back surface with the single reflection 𝑏(𝑡), the 
multiple reflection 𝑚(𝑡) and the background light captured by the camera 𝑎. Figure 2 shows 
the procedure schematically. According to the fundamental imaging principle, the captured 
fringe pattern of the transparent object can be expressed as the summation of the four 
components above at the moment 𝑡 by

𝑠(𝑡) = 𝑎 + 𝑚(𝑡) +𝑏(𝑡) +𝑓(𝑡).                                    (3)

Figure 2. Schematic diagram of light intensity distribution of transparent objects.

We suppose that the projector and the camera work synchronously and the projector 
switches the projected pattern at the moment 𝑡𝑖 corresponding to the start of the camera 
exposure. Consequently, the camera captures the fringe pattern image at this moment, 
denoted by 𝑠𝑖(𝑡). Let 𝑡𝑑 = 𝑡𝑖+1 ― 𝑡𝑖 be the exposure time of the camera, the i-th fringe pattern 
frame 𝑆𝑖 captured by the camera is given by 

𝑆𝑖 = ∫𝑡𝑖+1
𝑡𝑖

𝑠𝑖(𝑡)𝑑𝑡 = 𝑘𝑓∫𝑡𝑖+1
𝑡𝑖

𝑓𝑖(𝑡)𝑑𝑡 + 𝑘𝑏∫𝑡𝑖+1
𝑡𝑖

𝑏𝑖(𝑡)𝑑𝑡 + 𝑘𝑚∫𝑡𝑖+1
𝑡𝑖

𝑚𝑖(𝑡)𝑑𝑡 + 𝑎𝑡𝑑,     (4)

where the factors 𝑘𝑓, 𝑘𝑏 and 𝑘𝑚 are used to balance the light intensity contribution of each 
component, considering the differences in the action of light on different transparent objects 
and the errors generated by the camera during the actual sampling. For simplicity, we denote 
each of the integral terms on the right-hand side of Eq. (4) by a symbol, i.e., 𝐹𝑖 = 𝑘𝑓

∫𝑡𝑖+1
𝑡𝑖

𝑓𝑖(𝑡)𝑑𝑡, 𝐵𝑖 = 𝑘𝑏∫𝑡𝑖+1
𝑡𝑖

𝑏𝑖(𝑡)𝑑𝑡, and 𝑀𝑖 = 𝑘𝑚∫𝑡𝑖+1
𝑡𝑖

𝑚𝑖(𝑡)𝑑𝑡, and omit the subscription, 
obtaining

𝑆 = 𝐹 + 𝐵 + 𝑀 + 𝐴,                                                       (5)

with 𝐴 = 𝑎𝑡𝑑. In this way, the fringe pattern component 𝐹, together with the background 
light, that can be used to reconstruct the front surface and can be express as 𝐹 = 𝑆 ― 𝐵 ― 𝑀. 
With this baseline, it is possible to estimate the fringe pattern of the front surface from the 
aliasing fringe pattern. We next train a network 𝑝 within the diffusion model deep learning 
framework for sampling the fringe pattern 𝐹 as

𝐹∗~ 𝑝(𝑆;𝜽),                                                            (6)

where 𝐹∗ is the estimated fringe pattern and 𝜽 is the network parameters to be learned.

Slice at time 𝒕

Projector Camera

𝒑(𝒕) 𝒔(𝒕)

𝒂(𝒕)
𝒎(𝒕)

𝒃(𝒕)
𝒇(𝒕)

Broken down

Fig. 2. Schematic diagram of light intensity distribution of transparent objects.

transitions parameterized by a given variance weighting protocol βt ∈ (0, 1), t = 1, . . . , T as
follows:

q(x1:T |x0) := ΠT
t=1q(xt |xt−1) := ΠT

t=1N
(︂
xt;

√︁
1 − βtxt−1, βtI

)︂
. (7)

Equation (7) shows that the weight βt controls the added Gaussian noise in the diffusion step
t, by denoting αt = 1 − βt, allowing us to sample fringe pattern xt at diffusion step t through
xt =

√
ᾱtx0 +

√
1 − ᾱte with e ∼ N(0, I) and ᾱ = Πt

k=1αk.

2.3 Diffusion models

Diffusion models[21] have gained increasingly attention due to its excellent performance to 
generate seemingly realistic images. They are proved to accurately learn the true distribution 
of data from some given priori samples with improved sample quality and more stable 
training protocols compared with some other deep networks such as generative adversarial 
nets[22], leading to excellent results in work related to estimating sample distributions.

When it comes to our problem, diffusion models are trained to reverse a stochastic 
forward process, as shown in Fig. 3, that iteratively transfers a 2D data of fringe patterns, 
denoted by 𝒙0 ∈ ℝ𝐻×𝑊, drawn from the underlying distribution 𝒙0~𝑞(𝐹) to a full prior 
Gaussian 𝒩(𝟎, 𝑰) in 𝑇 steps. As the process acts as gradually adding Gaussian noise to the 
fringe pattern 𝒙0 for obtaining an approximate posterior, we can represent it as a fixed 
Markov chain with simple Gaussian transitions parameterized by a given variance weighting 
protocol 𝛽𝑡 ∈ (0,1), 𝑡 = 1,…,𝑇 as follows:

𝑞 𝒙1:𝑇│𝒙0  : = Π𝑇
𝑡=1𝑞 𝒙𝑡│𝒙𝑡―1  : = Π𝑇

𝑡=1𝒩(𝒙𝑡; 1 ― 𝛽𝑡𝒙𝑡―1, 𝛽𝑡𝑰).               (7)

Equation. (7) shows that the weight 𝛽𝑡 controls the added Gaussian noise in the diffusion 
step 𝑡, by denoting 𝛼𝑡 = 1 ― 𝛽𝑡, allowing us to sample fringe pattern 𝒙𝑡 at diffusion step 𝑡 
through 𝒙𝑡 = 𝛼𝑡𝒙0 + 1 ― 𝛼𝑡𝒆 with 𝒆~𝒩(𝟎, 𝑰) and 𝛼 = Π𝑡

𝑘=1𝛼𝑘.

Figure 3. Forward reverse diffusion processes of our fringe pattern.

With the diffusion model learning, the reverse process 𝑞 𝒙𝑡―1│𝒙𝑡  can be represented by 
the neural network 𝑝𝜽 𝒙𝑡―1│𝒙𝑡  with parameters 𝜽 to generate new samples 𝒙∗~𝑞(𝐹∗) given 
that 𝒙𝑡. This rises a corresponding reverse Markov chain to solve the original distribution via

𝑝𝜽(𝒙0:𝑇) = 𝑝𝜽(𝒙𝑇)Π𝑇
𝑡=1𝑝𝜽 𝒙𝑡―1│𝒙𝑡 ,                                     (8)

with 𝑝𝜽 𝒙𝑡―1│𝒙𝑡 = 𝒩(𝒙𝑡―1;𝝁𝜃(𝒙𝑡,𝑡), 𝚺(𝒙𝑡,𝑡)), where 𝝁𝜃 is the inferenced mean values and 

𝚺 the covariance that could be set to as 
1 ― 𝛼𝑡―1

1 ― 𝛼𝑡
𝛽𝑡𝑰 in purely time dependent formation. As 

shown in Eq. (8), the reverse process is refined into a series of processes to find 𝒙𝑡―1 from 𝒙𝑡. 
Actually, the 𝒙𝑡 is not produced by the forward process but by sampling from the standard 
normal distribution, i.e. 𝒙𝑡~𝒩(𝟎, 𝑰). Hence, 𝑝𝜽 𝒙𝑡―1│𝒙𝑡  in the reverse process can be 
simplified as follows:

𝑝𝜽(𝒙𝑡 ―1|𝒙𝑡) = 𝒩(𝝁𝜃(𝒙𝑡,𝑡),𝜎2
𝑡 𝑰).                                       (9)

In this work, we propose to design the network 𝑝𝜽 based on the U-Net architecture with 
residual block extension, as show in Fig. 4. The network is built with a conditional control 
consisting of down-sampling and up-sampling, which we improved according to the feature 
of the aliased fringe pattern by merging the observed fringe pattern sample, denoted by 𝒚. In 
the down-sampling stage, the number of channels in the image gradually increases while the 
size of the image decreases, which is a critical step in the process of information extraction. 
Conversely, in the up-sampling stage, the size of the image gradually increases, whereas the 
number of channels decreases, which is the process of information recovery. A certain layer 

𝒙𝟎 𝒙𝟏 𝒙𝒕 𝒙𝒕+𝟏 𝒙𝑻
𝒒(𝒙𝒕|𝒙𝒕−𝟏)

𝒑𝜽(𝒙𝒕−𝟏|𝒙𝒕)

Forward process Reverse process

Fig. 3. Forward reverse diffusion processes of our fringe pattern.

With the diffusion model learning, the reverse process q(xt−1|xt) can be represented by the
neural network pθ(xt−1|xt) with parameters θ to generate new samples x∗ ∼ q(F∗) given that xt.
This rises a corresponding reverse Markov chain to solve the original distribution via

pθ(x0:T ) = pθ(xT )ΠT
t=1pθ(xt−1|xt), (8)

with pθ(xt−1|xt) = N(xt−1; µθ (xt, t), Σ(xt, t)), where µθ is the inferenced mean values and Σ the
covariance that could be set to as 1−ᾱt−1

1−ᾱt
βtI in purely time dependent formation. As shown in

Eq. (8), the reverse process is refined into a series of processes to find xt−1 from xt. Actually, the
xt is not produced by the forward process but by sampling from the standard normal distribution,
i.e. xt ∼ N(0, I). Hence, pθ(xt−1|xt) in the reverse process can be simplified as follows:

pθ(xt−1 |xt) = N(µθ (xt, t),σ2
t I). (9)

In this work, we propose to design the network pθ based on the U-Net architecture with
residual block extension, as show in Fig. 4. The network is built with a conditional control
consisting of down-sampling and up-sampling, which we improved according to the feature of
the aliased fringe pattern by merging the observed fringe pattern sample, denoted by y. In the
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down-sampling stage, the number of channels in the image gradually increases while the size of
the image decreases, which is a critical step in the process of information extraction. Conversely,
in the up-sampling stage, the size of the image gradually increases, whereas the number of
channels decreases, which is the process of information recovery. A certain layer of the network
in the up-sampling phase inputs the layer output data below it along with the output data from the
layer of the network in the down-sampling phase that corresponds to it.of the network in the up-sampling phase inputs the layer output data below it along with the 
output data from the layer of the network in the down-sampling phase that corresponds to it.

Figure 4. Architecture of the U-Net based network 𝑝𝜽.

2.4 Training and Sampling

To train the model in Fig. 4, we obtain the sample 𝒙0 of the fringe pattern distribution 𝐹 
reflected from the front surface by painting a developer onto it. At the same time, an aliasing 
fringe pattern 𝒚 of the corresponding distribution 𝑆 can be obtained as a conditional for 
training, so that 𝒚~𝑞(𝑆) and 𝒙0~𝑞(𝐹|𝒚). The underlying distribution the pattern 𝐹 
represented by the sample 𝒙0 is gradually disturbed to close to the state of the pattern 𝒚 by 
following the forward diffusion process in Eq. (7). With the corresponding relationship, we 
can train the network to learn the diffusion process in Eq. (9) via the following loss function:

𝐿 = ||𝒆 ― 𝑝𝜃 𝛼𝑡𝒙0 + 1 ― 𝛼𝑡𝒆, 𝑡,𝒚 ||2
.                                  (10)

Then, the trained network can be used to generate the samples of fringe pattern 𝐹 by 
following the reverse process in Eq. (8).

The training and sampling pipelines are schematically shown in Fig. 5. In the training 
stage, we take the Gaussian random noise 𝒆, the original sample 𝒙0, and the observed sample 
𝒚 as inputs in each epoch and then, loop over the randomly and uniformly sampled time step 𝑡
∈ [0, 𝑇]. For each step 𝑡, the computed 𝒙𝑡 (from 𝒆 and 𝒙0) and 𝒚 are fed into the network to 
evaluate the forward pass, resulting in the noise map 𝒆∗. By comparing 𝒆∗ with the given 
noise 𝒆 according to the loss function in Eq. (10), the network parameters are optimized by 
the stochastic gradient descent based back-propagation until convergence. In our training 
practice, the total number of diffusion model steps 𝑇 = 2600;  𝛽𝑡 increase linearly with the 
time step 𝑡, where  𝛽1 = 0.0001 and 𝛽𝑇 = 0.002. The loss curve of the training process is 
shown in Fig. 6. We can see that, even if the loss values change violated, but they show a 
health convergence behavior by following an exponential falling paradigm to a lower and 
stable level.

In the sampling stage, 𝒙𝑡 is initialized to as the Gaussian noise 𝒆 and 𝑡 is initialized to the 
last step 𝑇. That relevant information is fed into the trained network 𝑝𝜽 to inference the noise 
state and then, to estimate 𝒙𝑡―1 by incorporating its previous version 𝒙𝑡. This process 
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Fig. 4. Architecture of the U-Net based network pθ .

2.4. Training and sampling

To train the model in Fig. 4, we obtain the sample x0 of the fringe pattern distribution F reflected
from the front surface by painting a developer onto it. At the same time, an aliasing fringe
pattern y of the corresponding distribution S can be obtained as a conditional for training, so that
y ∼ q(S) and x0 ∼ q(F |y). The underlying distribution the pattern F represented by the sample x0
is gradually disturbed to close to the state of the pattern y by following the forward diffusion
process in Eq. (7). With the corresponding relationship, we can train the network to learn the
diffusion process in Eq. (9) via the following loss function:

L =
|︁|︁|︁|︁|︁|︁e − pθ

(︂√
ᾱtx0 +

√︁
1 − ᾱte, t, y

)︂|︁|︁|︁|︁|︁|︁2. (10)

Then, the trained network can be used to generate the samples of fringe pattern F by following
the reverse process in Eq. (8).

The training and sampling pipelines are schematically shown in Fig. 5. In the training stage,
we take the Gaussian random noise e, the original sample x0, and the observed sample y as inputs
in each epoch and then, loop over the randomly and uniformly sampled time step t ∈ [0, T].
For each step t, the computed xt (from e and x0) and y are fed into the network to evaluate the
forward pass, resulting in the noise map e∗. By comparing e∗ with the given noise e according to
the loss function in Eq. (10), the network parameters are optimized by the stochastic gradient
descent based back-propagation until convergence. In our training practice, the total number of
diffusion model steps T = 2600; βt increase linearly with the time step t, where β1 = 0.0001 and
βT = 0.002. The loss curve of the training process is shown in Fig. 6. We can see that, even if
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the loss values change violated, but they show a health convergence behavior by following an
exponential falling paradigm to a lower and stable level.

corresponds to the reverse diffusion given in Eq. (8) and is performed iteratively until 𝑡 = 0, 
yielding an estimated fringe pattern 𝐹∗ of the front surface intensity distribution. 

Figure 5.  Network training with the forward diffusion process and reverse sampling to recover 
the fringe pattern 𝐹 of the surface to be measured.

Figure 6. Loss curve of the model training.

3. Results and Discussion
3.1 Production of datasets

The experimental equipment is shown in Fig. 7. The camera (S2 Camera TJ1300UM with 
resolution 2048× 1536 pixels) and DLP projector with resolution 1280× 1024 pixels are 
employed, and the 4-step PSP algorithm is used to perform the reconstruction. In order to 
fully verify the effectiveness of the proposed method, four objects with different types are 
employed in the experiments: a transparent cube, a transparent hemisphere, a translucent 
object and a partially-transparent object. The computational platform for the model training is 
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The experimental equipment is shown in Fig. 7. The camera (S2 Camera TJ1300UM with 
resolution 2048× 1536 pixels) and DLP projector with resolution 1280× 1024 pixels are 
employed, and the 4-step PSP algorithm is used to perform the reconstruction. In order to 
fully verify the effectiveness of the proposed method, four objects with different types are 
employed in the experiments: a transparent cube, a transparent hemisphere, a translucent 
object and a partially-transparent object. The computational platform for the model training is 
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In the sampling stage, xt is initialized to as the Gaussian noise e and t is initialized to the last
step T. That relevant information is fed into the trained network pθ to inference the noise state and
then, to estimate xt−1 by incorporating its previous version xt. This process corresponds to the
reverse diffusion given in Eq. (8) and is performed iteratively until t= 0, yielding an estimated
fringe pattern F∗ of the front surface intensity distribution.
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3. Results and discussion

3.1. Production of datasets

The experimental equipment is shown in Fig. 7. The camera (S2 Camera TJ1300UM with
resolution 2048× 1536 pixels) and DLP projector with resolution 1280× 1024 pixels are
employed, and the 4-step PSP algorithm is used to perform the reconstruction. In order to fully
verify the effectiveness of the proposed method, four objects with different types are employed
in the experiments: a transparent cube, a transparent hemisphere, a translucent object and a
partially-transparent object. The computational platform for the model training is configured by
an Intel Xeon E5-2620 CPU (2.10 GHZ), 72 GB RAM and a GPU GeForce GTX 3060Ti.
configured by an Intel Xeon E5-2620 CPU (2.10GHZ), 72 GB RAM and a GPU GeForce 
GTX 3060Ti.

Figure 7. Schematic diagram of the experimental equipment.

It is difficult to acquire pure fringe patterns on the front surface of transparent objects. We 
tried the simulation method, the surface sticker method, the spray developer method. For the 
simulation method, the differences between the images obtained by simulation and the 
experimental are significant. The surface sticker method can obtain correct fringe pattern for 
the front surface by pasting cardboard on the transparent object, but it is difficult to operate in 
practice especially for the non-planar objects. In the end, we selected the spray developer 
method to build the dataset.

The pure fringe pattern of the front surface and its corresponding aliasing fringe pattern 
are captured.  For each object, 15,000 image pairs are employed for training and 1500 image 
pairs for the test. The positions and poses of the objects are randomly placed. 

3.2 Reconstruction results

The four different types of objects reconstructed in the experiments are shown in Fig. 8. The 
objects in Fig. 8(a) and (c) is made of acrylic and Fig. 8(b) and (d) are made of glass.  After 
completing the training of the diffusion model, the aliasing fringe patterns are sent into the 
diffusion model and the corresponding fringe pattern of the front surface is estimated, 
following by the 3D reconstruction with PSP. For each object, we analyzed the performance 
of the proposed method from three aspects: fringe pattern intensity error, phase error and 
reconstruction error.

Figure 8. Four types of testing objects: (a) transparent cube, (b) transparent hemisphere, (c) 
translucent object, and (d) partially transparent object. 

Transparent objects. Firstly, we conduct the reconstruction testing by using the transparent 
objects with those shown in Fig.8(a) and (b). The side length and the radius of the transparent 
cube and hemisphere are 25 𝑚𝑚 and 20 𝑚𝑚, respectively. A set of aliasing fringe patterns 
are obtained as shown in Figs. 9(a) and 10(a), respectively. Then, the trained model is applied 
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Fig. 7. Schematic diagram of the experimental equipment.

It is difficult to acquire pure fringe patterns on the front surface of transparent objects. We tried
the simulation method, the surface sticker method, the spray developer method. For the simulation
method, the differences between the images obtained by simulation and the experimental are
significant. The surface sticker method can obtain correct fringe pattern for the front surface by
pasting cardboard on the transparent object, but it is difficult to operate in practice especially for
the non-planar objects. In the end, we selected the spray developer method to build the dataset.

The pure fringe pattern of the front surface and its corresponding aliasing fringe pattern are
captured. For each object, 15,000 image pairs are employed for training and 1500 image pairs for
the test. The positions and poses of the objects are randomly placed.

3.2. Reconstruction results

The four different types of objects reconstructed in the experiments are shown in Fig. 8. The
objects in Fig. 8(a) and (c) is made of acrylic and Fig. 8(b) and (d) are made of glass. After
completing the training of the diffusion model, the aliasing fringe patterns are sent into the
diffusion model and the corresponding fringe pattern of the front surface is estimated, following
by the 3D reconstruction with PSP. For each object, we analyzed the performance of the proposed
method from three aspects: fringe pattern intensity error, phase error and reconstruction error.

Transparent objects. Firstly, we conduct the reconstruction testing by using the transparent
objects with those shown in Fig. 8(a) and (b). The side length and the radius of the transparent
cube and hemisphere are 25 mm and 20 mm, respectively. A set of aliasing fringe patterns are
obtained as shown in Figs. 9(a) and 10(a), respectively. Then, the trained model is applied to
estimate the fringe patterns of the surfaces being measured, as shown in Figs. 9(b) and 10(b). It
is apparent that the fringe patterns reflected by both front surfaces are recovered from the aliasing
image. For the convenience of performance comparison, the fringe pattern after spray developer
is also captured as shown in Figs. 9(c) and 10(c), respectively. Then, the difference between
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configured by an Intel Xeon E5-2620 CPU (2.10GHZ), 72 GB RAM and a GPU GeForce 
GTX 3060Ti.

Figure 7. Schematic diagram of the experimental equipment.

It is difficult to acquire pure fringe patterns on the front surface of transparent objects. We 
tried the simulation method, the surface sticker method, the spray developer method. For the 
simulation method, the differences between the images obtained by simulation and the 
experimental are significant. The surface sticker method can obtain correct fringe pattern for 
the front surface by pasting cardboard on the transparent object, but it is difficult to operate in 
practice especially for the non-planar objects. In the end, we selected the spray developer 
method to build the dataset.

The pure fringe pattern of the front surface and its corresponding aliasing fringe pattern 
are captured.  For each object, 15,000 image pairs are employed for training and 1500 image 
pairs for the test. The positions and poses of the objects are randomly placed. 

3.2 Reconstruction results

The four different types of objects reconstructed in the experiments are shown in Fig. 8. The 
objects in Fig. 8(a) and (c) is made of acrylic and Fig. 8(b) and (d) are made of glass.  After 
completing the training of the diffusion model, the aliasing fringe patterns are sent into the 
diffusion model and the corresponding fringe pattern of the front surface is estimated, 
following by the 3D reconstruction with PSP. For each object, we analyzed the performance 
of the proposed method from three aspects: fringe pattern intensity error, phase error and 
reconstruction error.

Figure 8. Four types of testing objects: (a) transparent cube, (b) transparent hemisphere, (c) 
translucent object, and (d) partially transparent object. 

Transparent objects. Firstly, we conduct the reconstruction testing by using the transparent 
objects with those shown in Fig.8(a) and (b). The side length and the radius of the transparent 
cube and hemisphere are 25 𝑚𝑚 and 20 𝑚𝑚, respectively. A set of aliasing fringe patterns 
are obtained as shown in Figs. 9(a) and 10(a), respectively. Then, the trained model is applied 
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Fig. 8. Four types of testing objects: (a) transparent cube, (b) transparent hemisphere, (c)
translucent object, and (d) partially transparent object.

the estimated fringe pattern and the one after spray developer is calculated in a normalization
manner. The results are shown in Figs. 9(d)-(e) and 10(d)-(e). By line sampling (the red dot
lines) comparison, it can be found that although the intensity values are not identical strictly, the
estimated fringe pattern has the same characteristic as the ones after spray developer.

Then, the wrapped phase maps are calculated by 4-step PSP, resulting in the front surface
reconstruction, as shown in Figs. 9(f) and 10(f). It can be seen that the inferenced fringe patterns
are capable of reconstructing the measured surface with good quality. As the reconstruction
accuracy is dependent on the phase computing, we also investigate the phase recover performance
by given the inferred fringe patterns and the directly measured fringe patterns in (c). The resulting
phase maps are shown in Figs. 9(g)-(h) and 10(g)-(h). To closely investigate the quality, we
compare the phase distributions along the line samplers in Figs. 9(i) and 10(i), respectively.
Obviously, the phase values in the object regions present a close correlation.

Translucent objects. For such cases, the refraction-based method does not work as the
light cannot pass through the object. The captured aliasing fringe pattern, the estimated fringe
pattern and captured fringe pattern after spray developer are given in Fig. 11(a)-(c). The quality
estimation of the inferred fringe pattern is shown in Fig. 11(e). The corresponding reconstruction
result and the phase maps are presented in Fig. 11(f)-(i).

Partially-transparent objects. For such cases, most of the existing reconstruction methods
for this purpose have difficulty in reconstructing the entire object completely as the transparent
parts and the solid parts require different reconstruction algorithms. However, the proposed
method can effectively cope with this situation as we take the light that comes from non-front
surface as noise, and they are removed by the trained diffusion model. This is demonstrated in
the experiment results as shown in Fig. 12.

Finally, we calculate the RMS (root mean square) error of the reconstruction for each object,
listed in Table 1. The results show that the proposed method achieves quality reconstruction as
we expected.

Table 1. Reconstruction errors for the tested objects

Object Transparent cube Transparent hemisphere Translucent object Partially-transparent object

RMS(mm) 0.0420 0.0423 0.0437 0.0388
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to estimate the fringe patterns of the surfaces being measured, as shown in Figs. 9(b) and 
10(b). It is apparent that the fringe patterns reflected by both front surfaces are recovered 
from the aliasing image. For the convenience of performance comparison, the fringe pattern 
after spray developer is also captured as shown in Figs. 9(c) and 10(c), respectively. Then, the 
difference between the estimated fringe pattern and the one after spray developer is calculated 
in a normalization manner. The results are shown in Figs. 9(d)-(e) and 10(d)-(e). By line 
sampling (the red dot lines) comparison, it can be found that although the intensity values are 
not identical strictly, the estimated fringe pattern has the same characteristic as the ones after 
spray developer.

Figure 9. Demonstration of transparent cube reconstruction. (a) Captured aliasing fringe 
pattern, (b) inferenced fringe pattern of the front surface by the proposed method, (c) captured 
fringe pattern after spray developer, (d) the difference between (b) and (c); (e) comparison of 
the sampled intensity values along the lines in both (b) and (c); (f)  the reconstructed result by 
the proposed method, (g) and (h) show the wrapped phase maps by the fringe patterns after 
spray developer and by the estimated fringe patterns respectively, and (i) the comparison of the 
wrapped phase maps between (g) and (h).

Then, the wrapped phase maps are calculated by 4-step PSP, resulting in the front surface 
reconstruction, as shown in Figs. 9(f) and 10(f). It can be seen that the inferenced fringe 
patterns are capable of reconstructing the measured surface with good quality. As the 
reconstruction accuracy is dependent on the phase computing, we also investigate the phase 
recover performance by given the inferred fringe patterns and the directly measured fringe 
patterns in (c). The resulting phase maps are shown in Figs. 9(g)-(h) and 10(g)-(h). To closely 
investigate the quality, we compare the phase distributions along the line samplers in Figs 9(i) 
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(h)
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(g) (i)

Fig. 9. Demonstration of transparent cube reconstruction. (a) Captured aliasing fringe
pattern, (b) inferenced fringe pattern of the front surface by the proposed method, (c) captured
fringe pattern after spray developer, (d) the difference between (b) and (c); (e) comparison of
the sampled intensity values along the lines in both (b) and (c); (f) the reconstructed result by
the proposed method, (g) and (h) show the wrapped phase maps by the fringe patterns after
spray developer and by the estimated fringe patterns respectively, and (i) the comparison of
the wrapped phase maps between (g) and (h).
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and 10(i), respectively. Obviously, the phase values in the object regions present a close 
correlation.

Figure 10. Demonstration of transparent hemisphere reconstruction. (a) Captured aliasing 
fringe pattern, (b) inferenced fringe pattern of the front surface by the proposed method, (c) 
captured fringe pattern after spray developer, (d) the difference between (b) and (c); (e) 
comparison of the sampled intensity values along the lines in both (b) and (c); (f)  the 
reconstructed result by the proposed method, (g) and (h) show the wrapped phase maps by the 
fringe patterns after spray developer and by the estimated fringe patterns respectively, and (i) 
the comparison of the wrapped phase maps between (g) and (h).

Translucent objects.  For such cases, the refraction-based method does not work as the light 
cannot pass through the object. The captured aliasing fringe pattern, the estimated fringe 
pattern and captured fringe pattern after spray developer are given in Fig.11(a)-(c). The 
quality estimation of the inferred fringe pattern is shown in Fig.11(e). The corresponding 
reconstruction result and the phase maps are presented in Fig.11(f)-(i).
Partially-transparent objects. For such cases, most of the existing reconstruction methods 
for this purpose have difficulty in reconstructing the entire object completely as the 
transparent parts and the solid parts require different reconstruction algorithms.  However, the 
proposed method can effectively cope with this situation as we take the light that comes from 
non-front surface as noise, and they are removed by the trained diffusion model. This is 
demonstrated in the experiment results as shown in Fig. 12.

Finally, we calculate the RMS (root mean square) error of the reconstruction for each 
object, listed in Table 1. The results show that the proposed method achieves quality 
reconstruction as we expected.

(a) (b) (c) (d)

(h)

(e) (f)

(g) (i)

Fig. 10. Demonstration of transparent hemisphere reconstruction. (a) Captured aliasing
fringe pattern, (b) inferenced fringe pattern of the front surface by the proposed method,
(c) captured fringe pattern after spray developer, (d) the difference between (b) and (c);
(e) comparison of the sampled intensity values along the lines in both (b) and (c); (f) the
reconstructed result by the proposed method, (g) and (h) show the wrapped phase maps by
the fringe patterns after spray developer and by the estimated fringe patterns respectively,
and (i) the comparison of the wrapped phase maps between (g) and (h).
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Table 1. Reconstruction errors for the tested objects

Object Transparent cube Transparent 
hemisphere Translucent object Partially-transparent 

object
RMS(mm) 0.0420 0.0423 0.0437 0.0388

Figure 11. Reconstruction demonstration of translucent object. (a) Captured aliasing fringe 
pattern, (b) inferenced fringe pattern of the front surface by the proposed method, (c) captured 
fringe pattern after spray developer, (d) the difference between (b) and (c); (e) comparison of 
the sampled intensity values along the lines in both (b) and (c); (f)  the reconstructed result by 
the proposed method, (g) and (h) show the wrapped phase maps by the fringe patterns after 
spray developer and by the estimated fringe patterns respectively, and (i) the comparison of the 
wrapped phase maps between (g) and (h).
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(h)

(e) (f)

(g) (i)

Fig. 11. Reconstruction demonstration of translucent object. (a) Captured aliasing fringe
pattern, (b) inferenced fringe pattern of the front surface by the proposed method, (c) captured
fringe pattern after spray developer, (d) the difference between (b) and (c); (e) comparison of
the sampled intensity values along the lines in both (b) and (c); (f) the reconstructed result by
the proposed method, (g) and (h) show the wrapped phase maps by the fringe patterns after
spray developer and by the estimated fringe patterns respectively, and (i) the comparison of
the wrapped phase maps between (g) and (h).
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Figure 12. Reconstruction demonstration of partially-transparent object. (a) Captured aliasing 
fringe pattern, (b) inferenced fringe pattern of the front surface by the proposed method, (c) 
captured fringe pattern after spray developer, (d) the difference between (b) and (c); (e) 
comparison of the sampled intensity values along the lines in both (b) and (c); (f)  the 
reconstructed result by the proposed method, (g) and (h) show the wrapped phase maps by the 
fringe patterns after spray developer and by the estimated fringe patterns respectively, and (i) 
the comparison of the wrapped phase maps between (g) and (h).

4. Conclusion
In this paper, we present a deep learning method based on the diffusion models to estimate 
the fringe patterns reflected by the transparent targets from the pattern distribution 
measurements. To this end, the formation of the aliased fringe pattern is explored by tracing 
the illumination light paths pass through and reflected from the front surface of the 
transparent objects. According to the aliasing formation, a U-Net like deep network is 
introduced and trained within the diffusion model learning framework for sampling the front-
surface reflected fringe patterns from a given Gaussian noise map and observed fringe 
patterns, which are then used for 3D shape reconstruction via the conventional structured light 
technique. The experimental results show that the proposed method can effectively 
reconstruct various types of transparent objects, including transparent cubes, hemispheres, 
translucent objects, and partially-transparent objects, with promising accuracy and reliability. 
The findings suggest that the diffusion-based learnable framework holds great promise in 
addressing the challenges of transparent object reconstruction, potentially opening new 
avenues for advancements in the field of 3D imaging and object reconstruction.
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(h)

(e) (f)

(g) (i)

Fig. 12. Reconstruction demonstration of partially-transparent object. (a) Captured aliasing
fringe pattern, (b) inferenced fringe pattern of the front surface by the proposed method,
(c) captured fringe pattern after spray developer, (d) the difference between (b) and (c);
(e) comparison of the sampled intensity values along the lines in both (b) and (c); (f) the
reconstructed result by the proposed method, (g) and (h) show the wrapped phase maps by
the fringe patterns after spray developer and by the estimated fringe patterns respectively,
and (i) the comparison of the wrapped phase maps between (g) and (h).
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4. Conclusion

In this paper, we present a deep learning method based on the diffusion models to estimate the
fringe patterns reflected by the transparent targets from the pattern distribution measurements. To
this end, the formation of the aliased fringe pattern is explored by tracing the illumination light
paths pass through and reflected from the front surface of the transparent objects. According to the
aliasing formation, a U-Net like deep network is introduced and trained within the diffusion model
learning framework for sampling the front-surface reflected fringe patterns from a given Gaussian
noise map and observed fringe patterns, which are then used for 3D shape reconstruction via the
conventional structured light technique. The experimental results show that the proposed method
can effectively reconstruct various types of transparent objects, including transparent cubes,
hemispheres, translucent objects, and partially-transparent objects, with promising accuracy
and reliability. The findings suggest that the diffusion-based learnable framework holds great
promise in addressing the challenges of transparent object reconstruction, potentially opening
new avenues for advancements in the field of 3D imaging and object reconstruction.

It should be noted that, according to the principle of diffusion models, the learned fringe
patterns come from Gaussian noise, leaving residual noise that is invisible but may reduce the
phase estimation accuracy as well as the quality of 3D reconstruction. This problem is solvable
by increasing the diffusion step number. However, we experimentally found the larger time
step number will lead to an increase of the computational cost in both training and sampling
processes. Therefore, further effort should be made to solve this problem or to find a suitable
tradeoff between quality pursuing and efficiency in practice.
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