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Abstract: The monocular structured light measurement system has low cost, simple algorithms, and a wide 
measurement range, making it widely applicable in multiple fields. However, in practical applications, the 
system may be affected by various factors including noise, non-linear intensity, changes in the reflectivity of 
the object being measured, and the calibration method and accuracy of the system, thereby reducing the 
measurement accuracy. In order to solve these issues, this paper proposes a new monocular structured light 
measurement method, mainly comprises the following two points: (a) A denoising algorithm for phase images 
based on DAE is proposed, which calculates the wrapped phase of the phase-shifted fringes after initial 
denoising by DAE. Then, a new phase-shifted fringe pattern is generated and input into DAE for iterative 
denoising, achieving high-performance image denoising and high-precision wrapped phase solution. (b) A 
new absolute phase height calibration algorithm is proposed, which introduces camera internal and external 
parameters and uses a two-layer feedforward network to directly establish the relationship between phase and 
the 3D coordinate system. Without the need for high-precision motion platforms, high-precision phase height 
calibration is attainable. In general, compared to conventional methods, the experimental results indicate the 
effectiveness of the proposed method for low-quality phase-shifted fringe 3D reconstruction. In addition, the 
measurement method described in this article also demonstrates effectiveness in high-dynamic scenes. 

Keywords: 3D reconstruction; neural network; structured light; phase and height calibration 
 

0. Introduction 

Structured light three-dimensional topography measurement technology[1] has been widely 
used in many fields due to its advantages of non-contact, highly precise, and fast. It has become one 
of the most widely used non-contact 3D reconstruction measurement methods in engineering[2]. The 
Figure 1 shows a schematic diagram of a structured light 3D measurement system based on Phase 
Measuring Profilometry (PMP)[3]. The system mainly consists of three parts: a computer, a digital 
projector, and a camera. The measurement is primarily accomplished through the following four 
steps: 1. The projector projects pre-coded grating fringes onto the surface of the object to be measured; 
2. The camera captures the modulated grating fringe images; 3. The phase information of the object 
is calculated based on these images; 4. The true 3D information of the object is determined by the 
calibrated phase-height relationship.  

Obviously, the accuracy of the measured three-dimensional information directly depends on the 
phase calculation of the captured phase-shift fringe images and the calibration of the measurement 
system. The main factors typically involved in affecting the phase calculation accuracy include three 
aspects[4]: (a) the quality of the phase-shifted image, which mainly depends on the noise level of the 
image, the intensity of the nonlinear effect, and the reflectivity of the object surface; (b) the number 
of phase shift steps. (c) the intensity modulation parameter. This parameter is usually affected by the 
system configuration and the reflectivity of the object to be measured. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.
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Figure 1. Structure of structured light 3D reconstruction system. 

Increasing the number of phase shift steps improves accuracy but slows down measurement 
speed. The intensity modulation parameter is usually affected by the system configuration and the 
reflectivity of the object to be measured. Noise directly affects phase calculation accuracy, often being 
the most significant and direct factor leading to errors in phase data. High-frequency noise has a 
severe impact, significantly reducing the accuracy of phase extraction and resulting in surface detail 
distortion during reconstruction. The impact of object surface reflectivity, especially on highly 
reflective or low-reflectivity surfaces, can be mitigated by adjusting the projection pattern, using 
multiple exposures, and employing polarizers to obtain clearer fringe images. However, these 
methods may require capturing or projecting more fringe images. Additionally, the reduction in 
reconstruction accuracy due to gamma mismatch can be effectively controlled through gamma 
calibration[5–7]. 

Moreover, for the structured light three-dimensional measurement system, the accuracy of 
phase height calibration determines the upper limit of the system's measurement accuracy. 
Calibration accuracy is often influenced by factors such as system hardware, environment, software 
algorithms, and configuration. 

Therefore, the most common and effective measure to improve phase calculation accuracy, 
without projecting additional fringe images, is suppressing image noise. Filtering technology [8] can 
effectively reduce or suppress noise components in images, thereby improving image quality. For 
instance, in [9], an adaptive filtering method was employed to filter captured images, effectively 
removing noise while preserving image details. In [10], a new dual-domain denoising algorithm was 
proposed, which combines the advantages of traditional spatial and transform domain denoising 
algorithms. This algorithm can eliminate additive Gaussian white noise in images. In [11], a method 
for extracting boundary information based on smooth filtering was proposed to eliminate the 
influence of uneven lighting in structured light images. This method utilizes a Gaussian filtering 
mask of appropriate size to process the images. In [12], captured images were converted to the 
frequency domain for filtering processing, thereby suppressing the impact of noise and improving 
phase accuracy. 

However, with the increasing application of deep learning in various fields, some scholars have 
also applied it to denoising phase shifted stripe images. Due to the good generalization and 
interpolation capabilities of feedforward and backpropagation neural networks, [13] proposed the 
application of neural networks to map distorted stripe data to non-distorted data. In [14], a model 
was proposed to utilize phase fringes to generate dense marker points and use backpropagation 
neural networks for sub-pixel calibration. In [15], a neural network-based color decoupling algorithm 
was proposed to address complex color coupling effects in color stripe projection systems. They 
utilized the generalization and interpolation capabilities of feedforward and backpropagation neural 
networks to map coupled color data to decoupled color data. Moreover, it can effectively compensate 
for the sinusoidal characteristics and phase quality of fringes. In [16], a multi-stage convolutional 
neural network model (FPD-CNN) based on deep learning was proposed for optical fringe pattern 
denoising. The architecture was designed according to the derivation of regularization theory. The 
residual learning technique was introduced into the network model through the solution of the 
regularization model. In some literature [17], a lightweight residual dense neural network based on 
the U-net model (LRDU Net) was also proposed for fringe pattern denoising. In [18], they 
investigated the application of neural network fringe calibration for a multi-channel approach. 
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There are primarily two methods for calibrating the correlation between absolute phase and 
height: implicit calibration[19] and explicit calibration[20]. In reference [21], a polynomial fitting 
approach was introduced to establish the phase-height relationship. Reference [22] presents a 
versatile new technique for calibrating the monocular system in phase-based fringe projection 
profilometry. This innovative algorithm features a more adaptable phase-to-height conversion 
model, utilizes a minimum norm solution, and concludes with a nonlinear optimization based on the 
maximum likelihood criterion. Additionally, an enhanced phase-height mapping approach, which 
involves the creation of a virtual reference plane of known height adjacent to the original reference 
plane, is proposed in [23]. 

In reference [24], a novel and flexible technique was introduced to calibrate the monocular 
system for panoramic 3D shape measurement. This system is based on a turntable setup consisting 
of a camera, projector, computer, and rotating platform. The presented algorithm primarily relies on 
the turntable and marker points to accomplish the calibration of the system's geometric parameters. 
In [25], a trained three-layer backpropagation neural network was utilized to handle the complex 
transformation required. Reference [26] proposed a hybrid approach that integrates geometric 
analysis with a neural network model. This method initially determines the phase-to-height 
relationship through geometric analysis for each image pixel, and subsequently employs a neural 
network model to identify the relevant parameters for this relationship. 

Based on the proven success of deep learning in areas such as image segmentation, 3D scene 
reconstruction, and fringe pattern analysis, it is highly feasible to explore the utilization of deep 
learning techniques for precise 3D shape reconstruction from structured-light images. This is 
especially relevant in the denoising of fringe images and the calibration of the relationship between 
absolute phase and height. 

Given that phase-shifting fringes are encoded using sine functions, and inspired by the 
application of DAE (Denoising Autoencoder) in signal processing, this paper introduces a DAE-based 
denoising algorithm specifically tailored for phase-shifting fringes. This algorithm aims to reduce 
noise in phase-shifting fringes, enabling accurate phase calculations. When compared to traditional 
filtering techniques, our method exhibits superior computational efficiency and is particularly adept 
at suppressing high-order harmonic distortions within the fringes. 

Moreover, in accordance with the principle of general approximation, neural networks can serve 
as a "universal" function to a certain degree, capable of executing intricate feature transformations or 
approximating a complex conditional distribution. A multi-layer feedforward neural network (FNN) 
can be seen as a nonlinear composite function, and theoretically, if the hidden layer of the FNN is 
sufficiently deep, it can approximate any function. Therefore, by constructing an appropriate 
calibration model for absolute phase-to-height conversion and feeding the absolute phase as input to 
the FNN, with height as the output, a precise mapping relationship can be established. 

Based on these concepts, this article presents the design of a neural network-based structured 
light 3D reconstruction measurement system. The system primarily focuses on the processing of 
phase fringe images and the calibration of the measurement system. The outline of this article is 
structured as follows: First, the measurement principle is described in Section 1. In Section 2, the 
implementation principles of DAE based phase-shifting fringe denoising algorithm and FNN based 
absolute phase height calibration algorithm are described. Then, the noise reduction and calibration 
accuracy verification results are discussed in Section 3. Finally, the conclusion of this article is 
presented in Section 4. 

1. Basic Principle 

1.1. Phase Measuring Profilometry (PMP) Reconstruction Principle 

Compared to other phase processing methods, the phase-shifting fringe technique has been 
widely adopted in the field of optical 3D measurement methods, owing to its advantages such as 
good information fidelity, simplified calculations, and high accuracy in information recovery. The 
expression for a standard N-step phase-shift algorithm[27], featuring a phase shift of π/2, is as 
follows: 
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( , ) ( , ) ( , )cos(2 ( , ) 2 / ), 1, 2,3nI x y A x y B x y f x y n N n N         (1)

Here ƒ is the frequency of the cosine period function, A(x,y) represents the intensity of the 
background stripe light, B(x,y) represents the modulation intensity of this cosine function, N is the 
number of phase steps, φ(x,y) is the calculated wrapping phase from the equation (1). 

The three-step phase shift method is employed here to determine the principal phase value of 
the demodulated deformed fringe image. The three captured fringe patterns are as follows: 
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 (2)

The phase can be calculated as equation (3)： 

2 3

1 2 3

3( ( , ) ( , ))( , ) -arctan
2 ( , ) ( ( , ) ( , ))

I x y I x yx y
I x y I x y I x y


 

      
(3)

The phase principal values φ(x,y) obtained from the equation (3) are distributed in a zigzag 
shape in the (0,2π) interval as shown in the figure, and are referred to as the wrapped phase. It is easy 
to understand that the wrapped phase is uniquely determined within a single cycle, yet this value is 
not globally unique across the entire measurement space. Consequently, to obtain a unique phase 
value that spans the whole measurement range, it becomes essential to unwrap the wrapped phase, 
referring to the unwrapped phase φ(x,y) as the absolute phase ϕ(x,y).This article employs the three-
frequency heterodyne principle for phase unwrapping calculations. Through the superposition of 
phase functions with distinct frequencies, a phase function of lower frequency is achieved. The phase-
shift-fringe images with periods of T1, T2, and T3 determine the three wrapped phases ϕ1, ϕ2, and 
ϕ3(T=1/ƒ). T12 is an equivalence period determined by a heterodyne operation between T1 and T2. T23 
is an equivalence period determined by a heterodyne operation between T2 and T3. T123 is an 
equivalence period determined by a heterodyne operation between T12 and T23. 

2 3 12 231 2
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1 2 2 3 12 23
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(4)

Based on the formula derived from reference [28], the superimposed phase function is calculated 
using the following method: 
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(6)

Similarly, it can be concluded that the phase of the package with an unfolding frequency of is: 
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(7)

Here, ϕ123 is the final absolute phase.  
After computing the absolute phase, the relationship between the absolute phase and the actual 

height is calibrated to determine the accurate three-dimensional information of the object. 

1.2. Neural Network 

A neural network[29] is a computational model that consists of numerous interconnected nodes 
(or neurons). Each node, excluding the input node, signifies a specific output function, referred to as 
the activation function. The links between nodes signify the weight, which determines the portion of 
the transmitted signal (representing the "memory value" considered for transmission). Variations in 
activation functions and weights influence the network's output, providing an approximation of a 
specific function or a descriptive mapping relationship. 

1.2.1. Denoising Autoencoder 

The Auto-Encoder[30] is a layered neural network where the input and output layers mirror 
each other, sharing the same number of nodes. While it learns an identity function with matching 
input and output, this process involves understanding the input data's inherent structure and 
characteristics. It condenses this information into a simplified, lower-dimensional form (encoding) 
and then reconstructs the original data from this condensed version (decoding). 

An Auto-Encoder typically comprises three core elements: an encoder, an encoding space, and 
a decoder. The encoder transforms input data (like images, text, or numbers) into a condensed 
encoding space. This transition involves multiple hidden layers and activation functions that 
progressively simplify the data. The encoding space is a condensed representation of the data, 
highlighting its key features. The decoder then takes this condensed data and strives to recreate the 
original input. Through training, the autoencoder aims to minimize discrepancies between the 
original and reconstructed data[31]. 

Denoising auto-encoders[32] are a specialized variant, primarily employed in unsupervised 
learning for noise reduction and data restoration. Their primary goal is to derive feature 
representations resilient to noise. By introducing noise into the input data and then aiming to restore 
the original from this noisy version, they achieve noise elimination and data recovery. In comparison 
to standard autoencoders, denoising autoencoders exhibit superior robustness and adaptability. 

1.2.2. Feed-Forward Neural Network Data Regression 

Feed-forward Neural Network (FNN)[33] represents the most fundamental neural network 
architecture, alternatively referred to as a forward neural network or forward propagation network. 
In this network type, information flows strictly in one direction: from the input layer, through any 
hidden layers, to the output layer, without creating any loops. 

Feedforward neural networks commonly comprise input layers, hidden layers, and output 
layers. Each layer hosts multiple neurons (or nodes) that are fully interconnected with the neurons of 
the adjacent layer, while neurons within the same layer remain unconnected. 

Within feedforward neural networks, signals originate at the input layer, traverse one or 
multiple hidden layers, and terminate at the output layer. Each neuron layer receives the output from 
the preceding layer, which serves as input for weighted summation. Following this, an activation 
function is applied to produce the layer's output. 

The learning process in feedforward neural networks often relies on backpropagation 
algorithms[34]. During training, the network initially computes an output based on the input data 
and compares it to the actual labels to determine the error (or loss). Subsequently, the 
backpropagation algorithm propagates this error backward through the network, adjusting the 
weights and biases of each neuron layer based on the calculated error. This iterative process continues 
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until the discrepancy between the network's output and the actual labels falls within an acceptable 
range. Feedforward neural networks are prized for their simplicity, ease of implementation, and high 
computational efficiency, making them a popular choice in various practical applications. 

2. Algorithm Design 
Ideally, the captured phase shift fringes should be linear. However, the measurement system 

may be affected due to several factors, including environmental noise, non-linear characteristics of 
cameras and projectors, and the surface materials of the measured object. As a result, the 
measurement results can no longer be accurately represented by a simple linear formula. The 
collected raster image is expressed as follows: 

( , ) ( , )( ( , ) ) _ ( , )c gamma
n nI x y r x y I x y noise n x y   (8)

For the phase-shift-fringe images, the factors that affect fringe quality are mainly three: image 
noise noise_n(x,y), the non-linear intensity of the light source gamma and surface reflectivity changes 
r(x,y). 

Although various traditional studies have shown that filtering fringe images can effectively 
reduce phase errors in the process of wrapping phase recovery, people may intuitively believe that 
directly filtering the wrapping phase can also suppress phase errors. However, experimental results 
indicate that directly filtering the wrapped phase is actually not feasible. This article draws 
inspiration from the application of Auto Encoder in signal denoising, particularly in image denoising. 
Using the Auto Encoder as a basis, we have designed a denoising correction algorithm tailored for 
Phase Measuring Profilometry images. Specifically, we train the autoencoder to reconstruct the 
original, noise-free phase-shifted fringe pattern from a noisy phase fringe image. 

This algorithm is based on the following steps:  
Step 1: Feed the noisy phase-shifted stripe image, captured by the camera, into the trained DAE 

for an initial noise reduction and correction. 
Step 2: Compute the wrapping phase using formula (3) for the phase-shifted fringe image that 

has undergone preliminary noise reduction and correction. 
Step 3: Using formula (9), regenerate a fresh three-step phase-shifting fringe pattern based on 

the wrapped phase. Subsequently, input this pattern into the DAE once again for iterative denoising. 
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
 


   

     

(9)

Where A(x,y) and B(x,y)represents the foreground and background encoded in the chapter 1.1, 
while φ(x,y) is the current calculated phase value of the wrapped phase. 

Step 4: Output the iteratively generated phase-shifted stripe images after undergoing noise 
reduction and correction by the DAE. 

It is worth noting that DAE effectively reconstructs the sine of phase-shifted stripe images 
without overfitting, thereby improving stripe quality. Moreover, due to the inherent characteristics 
of the wrapped phase, direct Gaussian filtering of the wrapped phase will result in significant 
distortion, leading to correction failure. This is a theoretical prerequisite for step 3 to further improve 
the accuracy of the wrapped phase by regenerating the phase-shifted fringe image from the wrapped 
phase and iteratively denoising and reconstructing it by re-inputting it into the DAE. Iterative 
denoising gradually refines the data, enhancing denoising performance and achieving higher 
accuracy.  

The proposed DAE structure is shown in Figure 2. In this DAE, the encoder consists of two layers 
of 1D convolution: one layer has an input channel size of 1, an output channel size of 16, a convolution 
kernel size of 3, and an activation function of ReLU; the other layer has an input channel size of 16, 
an output channel size of 32, and a convolution kernel size of 3. The decoder consists of two layers of 
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1D deconvolution: one layer has an input channel size of 32, an output channel size of 16, a 
convolution kernel size of 3, and an activation function of ReLU; the other layer has an input channel 
size of 16, an output channel size of 1, and a convolution kernel size of 3. 

 
Figure 2. The proposed DAE network architecture diagram. 

After obtaining the high-precision wrapped phase, the multi-frequency heterodyne method 
described earlier is used to unwrap the phase φ(x,y) and obtain the absolute phase ϕ(x,y).  

To further acquire the three-dimensional information of the object, calibrating the mapping 
relationship between the phase ϕ(x,y) and the coordinates (Xc,Yc,Zc) in the camera coordinate system 
is essential. In the model shown in Figure 1, the relationship between the coordinates (Xc,Yc,Zc) in the 
camera coordinate system and the image coordinate system (u,v) can be expressed by formula (10): 

1=s K
1

c

c

c

X u
Y v
Z



   
       
        

(10)

Here, K represents the camera intrinsic matrix, which can be obtained through camera 
calibration[35]. In the camera coordinate system, the plane equation (dot method) that is translated 
and perpendicular to a point can be expressed by formula (11): 

1 1
1

2 z 2 z

3 3

R = s K R 0
1

TT
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c

X t u t
Y t v t
Z t t


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              

(11)

Here, Rc(3*1) denotes the z-direction component of the rotation matrix. After transformation, 
the scale factor from the camera coordinate system to the image coordinate system can be expressed 
by formula (12): 

 
   

1 2 3

11
z
T

z

t t t R
s

u v K R




 
 

(12)

The value of s corresponding to each point (u,v) in the image coordinate system can be calculated 
using the aforementioned equation.  

The absolute phase values corresponding to each point in the image coordinate system (u,v) can 
be calculated using the aforementioned method of absolute phase calculation. Based on the above 
relationship, this paper proposes incorporating camera intrinsic and extrinsic parameters into phase 
height calibration to achieve high-precision absolute phase height calibration. During the camera 
calibration process, as the calibration board image is captured, a phase-shifted fringe image is 
projected onto the surface of the calibration board. The pose of the calibration board is determined 
by the camera's intrinsic and extrinsic parameters, and the absolute phase value at that position is 
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calculated to calibrate the correspondence between s and phase ϕ. Upon completing calibration, 
when the absolute phase information of the object to be measured is inputted, the three-dimensional 
coordinates of the object can be determined through formula (13): 

_
1

_

_

= s K
1

T

c object

c object new

c object

X u
Y v
Z



   
       
       

(13)

The calibration process is shown in the Figure 3. 
Compared to other commonly used neural network models, the Feedforward Neural Network 

(FNN) demonstrates superior performance in data mapping, model flexibility, and fault tolerance. 
Moreover, this model boasts a simple structure, high computational efficiency, and the capability to 
approximate any continuous function with arbitrary precision. Drawing inspiration from this and 
based on the aforementioned mathematical relationship, this paper proposes using an FNN to 
calibrate the correspondence between s and phase ϕ. We employ a two-layer feed-forward network 
with sigmoid hidden neurons and linear-output neurons (fitnet) to establish the relationship between 
absolute phase and height. The network structure consists of ten hidden layers and one output layer. 
The proposed FNN structure is illustrated in Figure 4. 

 
Figure 3. Schematic diagram of phase and height calibration process. 

 
Figure 4. The proposed FNN model structure diagram. 

In summary, the overall flowchart of the measurement implementation of the 3D measurement 
system designed in this article is shown in Figure 5. 
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Figure 5. System implementation measurement general principle diagram 

The Materials and Methods should be described with sufficient details to allow others to 
replicate and build on the published results. Please note that the publication of your manuscript 
implicates that you must make all materials, data, computer code, and protocols associated with the 
publication available to readers. Please disclose at the submission stage any restrictions on the 
availability of materials or information. New methods and protocols should be described in detail 
while well-established methods can be briefly described and appropriately cited. 

3. Experiments and Results 
To validate the effectiveness of the proposed algorithm, a monocular structured light 3D 

measurement platform was built. The system consists of a camera (resolution: 1280 × 1024 pixels) 
with a 12mm lens, and a DLP projector (model TJ-X23U, resolution: 1280 × 720 pixels). The absolute 
phase is determined by the three-frequency heterodyne method described in Section 1.1, with 
selected frequencies of 1/28, 1/26, and 1/24, respectively. 

4.1DAE Training 
To train the DAE network, we collected a dataset consisting of 400 sets of PMP data. A digital 

projector was used to cast 12-step fringe patterns onto a high-precision planar surface, which were 
then captured and saved by a camera. The absolute phase calculated from the 12-step phase-shifting 
image of the object was used as the true phase reference value. Each training sample consists of a 3-
step phase-shifting image (input) and a mapping between the denoised and corrected absolute phase 
(predicted value) and the true absolute phase (true value) calculated from the 12-step phase-shifting 
image. During the training process, the Adam optimizer is used to find the optimal solution, and 
MSELoss is employed as the loss function. 

The Figure 6 shows the loss values of the training dataset. It can be seen that as the number of 
training sessions increases, the loss also decreases continuously during the training process of the 
DAE network. 
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Figure 6. The relationship between the loss values of training datasets and the number of training 
iterations. 

4.2Analysis of the Selection of Iterative Denoising Times for DAE 
When selecting the number of iterative denoising steps, various factors such as denoising 

effectiveness, signal fidelity, and processing time must be taken into account. Excessive iterations can 
result in signal detail loss and increased computational cost and time. Thus, finding a balance point 
is necessary to effectively reduce noise while preserving the original signal characteristics. In this 
study, a set of phase-shifting fringes undergo 50 iterative denoising treatments. The mean squared 
error (MSE) between the predicted absolute phase value and the true 12-step phase shift value is 
calculated and recorded separately. The relationship between the number of iterations and MSE is 
plotted as shown in Figure 7. 

 

Figure 7. The relationship between the number of iterations and MSE 

The figure indicates that the optimal number of iterations is 6-8. To enhance computational 
efficiency, we choose 6 iterations of DAE denoising and correction processing. 

4.3 FNN training 
To train the FNN network for calibrating the relationship between absolute phase and height, 

we collected a dataset consisting of 100 sets of absolute phase (φ) and scale factor (s) data. First, the 
camera captured an image of the calibration board at a specific position. Next, phase-shifting fringe 
images were projected at that position through a projector, captured by the camera, and used to 
calculate the absolute phase at that position. However, when the camera captures a calibration board 
directly projecting phase-shifting stripe images, the black area of the chessboard can cause abnormal 
phase resolution. Therefore, when shooting a phase-shifting stripe image at that position, a high-
precision ceramic board is placed before shooting. As shown in Figure 8, it displays the captured 
checkerboard camera calibration image and a certain phase-shifting image at the corresponding 
position. 

 
Figure 8. Captured checkerboard camera calibration image and phase-shifting image at the 
corresponding position.(a)Checkerboard image taken before placing the plane; (b)Phase shift fringe 
pattern taken after placing the plane. 

Table 1. The intrinsic parameters of camera. 

Unit/pixel Camera 
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Focal length [3384.99, 3382.34] 
Principal point [645.45, 512.89] 

Distortion [ -0.10571, 1.46556, -0.00076, 
0.00014, 0.00000] 

Re-projection error [ 0.03151, 0.03341 ] 

 

1

1

0.1226 0.9471 0.2541
0.9984 0.0260 0.5085
0.5579 0.2531 0.9658

37.6473 13.3845 356.9035

p

p

R

T

  
          
   

 

Subsequently, the camera's intrinsic parameters and the RT matrix at the captured position are 
calculated through camera calibration. The scale factor (s) is then determined using both the intrinsic 
and extrinsic parameters. The calculated camera intrinsic parameters and the RT matrix at a specific 
position are shown in Table 1. 

Finally, the FNN network uses the absolute phase (φ) as input and the scale factor (s) as output 
for training. Figure 9 illustrates the changes in accuracy for both the training and testing sets in a 
similar manner. As the number of training epochs increases, the two curves in Figure. 9 follow a 
similar trend and remain close to each other, indicating no significant overfitting during the FNN 
network's training process. 

 

Figure 9. The changes in accuracy for both the training and testing sets. 

4.4 Analysis of Experimental Results 
To verify the effectiveness of the proposed denoising method and evaluate the calibration 

approach's accuracy, experiments comparing denoising effects and accuracy were conducted. 
4.4.1 Denoising Experiment 

After completing DAE training, we used Gaussian filters and DAE networks to denoise and 
correct the phase-shifting fringe images captured by the camera, and calculated their absolute phases. 
To determine the absolute phase accuracy, the difference between the absolute phases obtained 
through two denoising and correction methods and the true absolute phase (obtained through a 12 
step phase shift method) was calculated. Only the red box was considered for comparison. Figure. 10 
illustrates the calculation of the absolute phase of the same high-precision diffuse reflective ceramic 
plate (flatness error of 1μm) after three steps of noise reduction correction, Gaussian filtering 
correction, DAE correction, and 12 step phase shift method. The absolute phase difference between 
them and the 12 step phase-shifting method is calculated separately. Figure. 10 shows the absolute 
phase calculated by different methods and their absolute phase difference compared to the 12 step 
phase-shifting method. 

The DAE's accuracy is limited by the 12 step phase shift method's accuracy, as the DAE is 
calibrated using the absolute phase calculated by this method. 
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Figure 10. the high-precision diffuse reflective ceramic plate’s absolute phase calculated by different 
methods and their absolute phase difference compared to the 12 step phase-shifting method. (a) Phase 
shift image captured; (b) Phase shifted stripe image of a certain row; (c) Absolute phase without 
calibration by using 3-step phase shift method; (d) Absolute phase calculated after Gaussian filtering; 
(e) Absolute phase calculated after DAE; (f) Absolute phase calculated by using 12-step phase shift 
method; (g) Absolute phase difference calculated using 3-step and 12-step phase-shifting methods; 
(h) Absolute phase difference calculated using gaussian filtering and 12-step phase-shifting methods; 
(i) Absolute phase difference calculated using DAE and 12-step phase-shifting methods;. 

Traditional Gaussian filtering techniques can reduce phase errors caused by image noise to some 
extent, as shown in the figure above. However, they are more sensitive to changes in the reflectivity 
of the measured object. To further evaluate the DAE network's performance, phase-shifting fringe 
images of a highly reflective object captured by the camera were input into the network for denoising 
and correction.  

Figure 11 illustrates the calculation of the absolute phase of the same highly reflective aluminum 
plane after three steps of noise reduction correction, Gaussian filtering correction, DAE correction, 
and the 12 step phase shift method. The absolute phase difference between them and the 12 step 
phase-shifting method is calculated separately. 
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Figure 11. the highly reflective metal aluminum plane’s absolute phase calculated by different 
methods and their absolute phase difference compared to the 12 step phase-shifting method. (a) Phase 
shift image captured; (b) Phase shift stripe pattern at high reflective red lines; (c) Absolute phase 
without calibration by using 3-step phase shift method; (d) Absolute phase calculated after Gaussian 
filtering; (e) Absolute phase calculated after DAE; (f) Absolute phase calculated by using 12-step 
phase shift method;(g) Absolute phase difference calculated using 3-step and 12-step phase-shifting 
methods; (h) Absolute phase difference calculated using gaussian filtering and 12-step phase-shifting 
methods; (i) Absolute phase difference calculated using DAE and 12-step phase-shifting methods;. 

As shown in Figure 11, traditional Gaussian filtering methods have poor processing effects due 
to the loss of phase shift information in reflective areas. Experimental results demonstrate that 
compared to direct Gaussian filtering, the DAE correction method can significantly reduce phase 
errors caused by image noise and has a good correction effect on phase calculation during the 
measurement of objects with large reflectivity changes. 
4.4.2 Calibration Experiment 

To test the effectiveness of the proposed phase-height calibration method, the measurement 
system constructed in this paper adopts inverse linear, polynomial fitting, and FNN for phase-height 
calibration after DAE noise reduction and correction of the collected phase-shifting fringes. Figure. 
12 compares the measurement accuracy of different calibration methods for calculating standard balls 
with a diameter of 24.99920mm and a surface accuracy of 0.5 µm. 
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Figure 12. The fitting of standard spherical point clouds calculated using different calibration 
methods. (a) Point cloud determined by the inverse linear calibration method; (b) Point cloud 
determined by the polynomial fitting calibration method; (c) Point cloud determined by the FNN 
fitting calibration method;. 

To verify the measurement stability of this method, 5 sets of cyclic measurements were 
conducted on the standard sphere, and the root mean square error (RMSE) of the mean absolute error 
(MAE) was calculated. The measurement results are shown in Table 2. 

Table 2. Measurement results of a standard ball with a diameter of 24.99920 mm. 

Method 
/Number 1 2 3 4 5 MAE 

 (μm) 
RMSE 
(μm) 

inverse 
linear 24.935 25.077 25.064 25.057 25.066 66 66.43  

polynomial 
fitting 24.944 25.061 25.057 25.05 25.059 56 56.12 

FNN 25.042 24.967 24.962 24.953 24.951 44 44.59 

The results indicate that using FNN for absolute phase and height calibration results in higher 
accuracy and better stability compared to the other two common calibration methods. 

4.4.3. Measurement Experiments in Different Scenarios 

In qualitative experiments to test the object's shape recovery in different scenarios using the 
method in this paper, most structured light 3D measurement devices struggle to accurately measure 
the dimensions of black surface objects, often resulting in lost point cloud data. Figure 13 shows the 
reconstruction performance of a black matte plastic cover. 
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Figure 13. The reconstruction performance of black matte plastic cover. (a)Phase shift image captured; 
(b) Phase shift stripe pattern at low reflective red lines; (c) Absolute phase without calibration by 
using 3-step phase shift method; (d) Point cloud fitting result calculated using 3-step phase shift 
method;(e) Absolute phase calculated after Gaussian filtering; (f) Absolute phase calculated after 
DAE; (g) Absolute phase calculated by using 12-step phase shift method; (h) Point cloud fitting 
calculated using gaussian filtering; (i) Point cloud fitting result calculated using DAE; (j) Point cloud 
fitting result calculated using 12-step phase shift method. 

In addition, to verify the shape recovery of irregular free-form high-gloss objects using the 
method in this paper, the reconstruction performance of aluminum metal surfaces was also tested, as 
shown in Figure 14. 

 

Figure 14. Measurement results of the high reflective metal aluminum plane: (a) Point cloud fitting 
result calculated using 3-step phase shift method;(b) Point cloud fitting result calculated using 12-step 
phase shift method;(c) Point cloud fitting result calculated using method described in this article (d) 
Point cloud fitting result calculated using 12-step phase shift method. 

According to Figures 13 and 14, it can be seen that the method described in this article still has 
good reconstruction performance in high dynamic scenes. 

5. Conclusions 
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This article proposes a structured light 3D reconstruction method based on deep learning. The 
method utilizes DAE to denoise and correct phase-shifted fringes, obtaining high-quality fringe 
images for absolute phase calculation. Simultaneously, FNN is used to calibrate the relationship 
between absolute phase and height, achieving high-precision calibration. This method has significant 
application value in the field of optical 3D measurement methods. Experimental results demonstrate 
that, compared to traditional filtering methods, the proposed DAE denoising method has a better 
denoising correction effect. Moreover, compared to traditional common calibration methods, the 
proposed FNN-based absolute phase and height calibration method can also achieve higher 
calibration accuracy. 
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