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Abstract: Temporal phase unwrapping (TPU) is significant for recovering an unambiguous
phase of discontinuous surfaces or spatially isolated objects in fringe projection profilometry.
Generally, temporal phase unwrapping algorithms can be classified into three groups: the
multi-frequency (hierarchical) approach, the multi-wavelength (heterodyne) approach, and the
number-theoretic approach. For all of them, extra fringe patterns of different spatial frequencies
are required for retrieving the absolute phase. Due to the influence of image noise, people have
to use many auxiliary patterns for high-accuracy phase unwrapping. Consequently, image noise
limits the efficiency and the measurement speed greatly. Further, these three groups of TPU
algorithms have their own theories and are usually applied in different ways. In this work, for
the first time to our knowledge, we show that a generalized framework using deep learning can
be developed to perform the TPU task for different groups of TPU algorithms. Experimental
results show that benefiting from the assistance of deep learning the proposed framework can
mitigate the impact of noise effectively and enhance the phase unwrapping reliability significantly
without increasing the number of auxiliary patterns for different TPU approaches. We believe
that the proposed method demonstrates great potential for developing powerful and reliable phase
retrieval techniques.

© 2023 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Fringe projection profilometry (FPP), as an optical 3D shape measurement method, is widely
used in machine vision, automated optical inspection, visual inspection, industrial quality control,
biomedicine, and other research fields [1–5]. The simplest FPP system is comprised of a camera,
a projector and a processing unit (computer). Under the control of the computer, a series of
well-designed fringe patterns are projected onto the target object. The camera captures the
corresponding deformed fringe patterns, which contain the phase information of the projected
patterns. The computer then performs a decoding algorithm to extract the phase information
from the deformed fringe patterns and maps it to the real-world 3D coordinates of the object
by triangulation. In order to measure the surface shape of an object using phase information, a
number of fringe projection techniques have been proposed, among which phase-shifting (PS)
profilometry [6,7] and Fourier transform profilometry [8–10] are the two representative methods
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currently used to obtain phase. Both techniques estimate the phase distribution by performing an
arctangent calculation over the four quadrants of phasor space, resulting in the extracted phase
having a 2π jump. Therefore, it is necessary to implement phase unwrapping after phase retrieval
to eliminate phase ambiguity [11–14].

At present, the common phase unwrapping methods can be divided into two categories: the
spatial phase unwrapping (SPU) method [11,12] and the temporal phase unwrapping (TPU)
method [13]. SPU calculates the relative fringe order of the center pixel on a single-wrapped
phase map by analyzing the phase information of its neighboring pixels. This category of methods
is characterized by the ability to perform phase unwrapping only using information about the
phase of the surrounding pixels. However, it is difficult for the SPU method to obtain reliable
unwrapping phase results for discontinuous surfaces (e.g., step surfaces) in general [15,16].
In order to solve these problems, TPU methods have been proposed to achieve pixel-by-pixel,
robust absolute phase unwrapping by projecting additional patterns [17–21]. Since the temporal
phase unwrapping method is performed pixel by pixel, it can accurately measure objects with
discontinuous surfaces. Currently, there are typically three groups of TPU methods proposed in
the literature: the multi-frequency (hierarchical) method [18,20,22–24], the multi-wavelength
(heterodyne) method [15,25–29], and the number-theoretic method [30–34]. Zuo et al. [13]
performed comparative studies of these three phase unwrapping methods by building a rigorous
mathematical model and showed that the multi-frequency method has the best performance
among these methods. Further, all three TPU methods demonstrated unreliable phase unwrapping
performance as the frequency increases, and they are sensitive to noise.

In recent years, deep learning techniques have been used in 3D imaging [35–43]. Feng et al.
[35] demonstrated that trained deep neural networks can perform fringe analysis by rapidly
predicting background images and estimating the numerator and denominator of the arctangent
function, thereby improving the phase demodulation accuracy using a single fringe pattern. Qian
et al. [36] proposed deep-learning-enabled geometric constraint and a phase unwrapping method
for single-shot absolute 3D shape measurement. For SPU, many deep learning methods have
emerged [37,44–48]. Wang et al. [37] compared in detail dataset generation methods under deep
learning with methods involving deep learning for the SPU method. They recommended using a
modified random matrix enlargement (RME) method to generate datasets. It is also demonstrated
that both deep learning methods, dRG and dWC can achieve satisfactory results with experiments
on severe noise, discontinuities and spectral aliasing. In the study of the deep learning-based
TPU method, Yin et al. [39] applied deep learning to perform TPU to improve the efficiency of
phase unwrapping. Compared with the traditional method, this method improves the performance
of the phase unwrapping of the multi-frequency method. But this work was only developed to
enhance the multi-frequency TPU method. The multi-wavelength and number-theoretic methods
that are also widely used and are still quite sensitive to noise. Therefore, a unified framework is
lacking to enhance the performance of these temporal phase unwrapping methods.

Inspired by previous work, we find that a generic neural network can be constructed to
implement a variety of TPU methods. The input is a set of wrapped phase maps which is the
same as the one used in the conventional TPU method. The high-quality fringe order pattern of
the high-frequency phase is output after proper training. By constructing the multi-frequency
method phase unwrapping model (DL-MF), the multi-wavelength method phase unwrapping
model (DL-MW), and the number-theoretic method phase unwrapping model (DL-NT) based
on the principles of the three typical methods proposed, we demonstrate that deep learning
techniques can automatically implement TPU through supervised learning. The proposed method
can reliably and efficiently recover object pixels under the influence of noise or in the presence
of discontinuous surfaces. To validate the proposed method, we recover the absolute phase of
various test objects by projecting fringe patterns at different frequencies. Experimental results
show that the proposed method can directly and reliably unwrap 64 periods of high-frequency
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phases, with the absolute phase of more than 95% of the valid pixels being correctly recovered.
Our proposed method can effectively improve the performance of phase unwrapping and is less
sensitive to noise than traditional methods. The present method can reduce the phase unwrapping
error at least twice under the influence of noise.

The remainder of this paper is organized as follows. Section 2 introduces the basic principles of
TPUs, deep learning training data and network architectures. Section 3 describes the experimental
validation in detail as well as summarizes the comparative results. Conclusions are drawn in
Section 4.

2. Principle

2.1. Principle of temporal phase unwrapping

In traditional TPU, a series of fringe patterns of different frequencies are projected, and the fringe
order is then determined from the wrapped phase distribution. In this work, the distribution of
distortion fringes captured by the camera can be expressed as:

In(x, y) = A(x, y) + B(x, y) cos
[︃
ϕ(x, y) −

2πn
N

]︃
(1)

where A(x, y) is the average intensity of the sinusoidal fringe, B(x, y) is the modulation of the
sinusoidal fringe, n is the phase shift index (n = 1, 2, . . . , N), N is the number of periods of the
fringe patterns, and ϕ(x, y) is the phase of the object tested. Using least squares, the phase ϕ(x, y)
can be obtained by the following equation:

ϕ(x, y) = tan−1

N∑︁
n=1

In(x, y) sin( 2πn
N )

N∑︁
n=1

In(x, y) cos( 2πn
N )

(2)

Due to the truncation effect of the arctangent function, the obtained phase ϕ(x, y) is wrapped
within the range of (−π, π]. In order to obtain a continuous distribution of the phase, it is
necessary to use a phase unwrapping method to remove the ambiguity in the wrapped phase. The
phase unwrapping can be performed by using Eq. (3):

Φ(x, y) = ϕ(x, y) + 2πk(x, y) (3)

where Φ(x, y) is the unwrapped phase and k(x, y) is the fringe order. In order to obtain a highly
accurate unwrapped phase distribution, we choose to predict the fringe order k(x, y). According
to Eq. (3), Φ(x, y) can be obtained from a simple linear combination of ϕ(x, y) and k(x, y), so the
crucial aspect of phase unwrapping is to quickly and accurately obtain k(x, y) for each pixel in the
phase pattern.

We construct three deep learning-based phase unwrapping models with the help of three
representative traditional phase unwrapping physical models: the multi-frequency method phase
unwrapping model (DL-MF), the multi-wavelength method phase unwrapping model (DL-MW),
and the number-theoretic method phase unwrapping model (DL-NT). What these three methods
have in common is to unwrap the phase with the help of one (or more) additional wrapped
phase patterns with different fringe periods [49,50]. We use the simplest dual-frequency here
as an example, and it should be noted that the method in this paper can be extended to three or
more frequencies. In the following, the two wrapped phases are denoted as ϕh and ϕl, and the
fringe wavelengths are denoted as λl and λh (λh<λl, the subscripts h and l denote high and low
frequencies respectively), and the corresponding unambiguous phases are Φh and Φl, and it is
not difficult to obtain the following relation:

Φh(x, y)
Φl(x, y)

=
λl

λh
(4)
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2.1.1. Multi-frequency (hierarchical) temporal phase unwrapping (MF)

The multi-frequency method uses a continuous unambiguous phase as the auxiliary phase and
then finds the fringe order of each pixel of the wrapped phase according to the multiplicative
relationship between the auxiliary phase and the frequencies corresponding to the wrapped phase
to be unwrapped. According to Eq. (3), the relationship between the unambiguous phase and the
wrapped phase can be expressed as:{︄

Φh(x, y) = ϕh(x, y) + 2πkh(x, y)
Φl(x, y) = ϕl(x, y) + 2πkl(x, y)

(5)

where kh and kl are the fringe orders corresponding to the high and low frequencies respectively.
In the dual-frequency TPU, the low-frequency phase distribution ϕl is assisted by the use of a set
of single-frequency fringes, so it is not necessary to perform a phase unwrapping of ϕl, that is,
Φl = ϕl, then the fringe order kh for each pixel can be determined according to Eqs. (4) and (5):

kh(x, y) = Round
[︃
(λl/λh)ϕl(x, y) − ϕh(x, y)

2π

]︃
(6)

where Round [] means obtaining the closest integer value.

2.1.2. Multi-wavelength (heterodyne) temporal phase unwrapping (MW)

The basic principle of the multi-wavelength method is to demodulate the phase information
from the beat frequency signal generated by the interference of the reference signal and the
measurement signal. The basic operation is to obtain an unambiguous phase by making a
difference between the wrapped phases of two different frequencies, and then use the same
operation as the hierarchical method to unwrap the high-frequency wrapped phase. Generally,
this unambiguous phase can be referred to as Φeq, and then Φeq can be resolved by the following
expression:

Φeq = mod(ϕh − ϕl, 2π) (7)

The wavelengths corresponding to:

λeq =
λlλh

λl − λh
(8)

In order to enable Φeq to be a continuous unambiguous phase, it is generally necessary to
ensure that λeq ≥ W, W is the resolution of the projector in the direction of phase change.
After the unambiguous phase Φeq and the wavelength λeq are obtained, the fringe order of the
high-frequency wrapped phase can be determined by the following equation:

kh(x, y) = Round
[︃
(λeq/λh)Φeq(x, y) − ϕh(x, y)

2π

]︃
(9)

Furthermore, the dual-wavelength TPU approach can be extended to three or more wavelengths,
further increasing the equivalent wavelength. Since the reference phase is generated by the
wrapped difference of two phase functions, this TPU method is also called the hierarchical
method.

2.1.3. Number-theoretic temporal phase unwrapping (NT)

The number-theoretic method uses the wavelengths λh and λl of two sets of sinusoidal fringes of
mutual quality to ensure that the wrapped phase pair (ϕh, ϕl) is unique within the pixel range
[0, LCM(λh, λl)], where LCM() denotes the least common multiple function. After the unique
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wrapped phase pair (ϕh, ϕl) is determined, the fringe orders of the two phase patterns (kh, kl)

can be determined by searching their wrapped phases. If LCM(λh, λl) (called the unambiguous
range) can be exceeded by the lateral resolution of the projection pattern, the phase ambiguity
of the whole field can be eliminated. For a projection pattern with W × H resolution, the two
different wavelengths λh and λl should be chosen to satisfy the following inequalities to exclude
phase ambiguity:

LCM(λh, λl) ≥ W (10)

Since the two sets of fringe patterns have different wavelengths (λh and λl), their absolute
phase patterns also conform to the expression in Eq. (4). To determine the two fringe orders (kh
and kl) via the two unwrapped phase maps, we rewrite Eq. (4) as:

Φh(x, y)
Φl(x, y)

=
fh
fl

(11)

where fh and fl denote the fringe spatial frequencies corresponding to high frequency gratings
and low frequency gratings. Assuming that the projection is a vertical grating and the lateral
resolution of the projector is W, the relationship between frequency and wavelength is:

f = W/λ (12)

where λ denotes the wavelength of the projected grating and is expressed in pixels. f denotes
the spatial frequency of the projected grating. Combining Eqs. (5) and (11), we can obtain the
following relationship:

fhϕl − flϕh

2π
= khfl − klfh (13)

The fringe order (kh, kl) can be determined from a pre-computed look-up table (LUT).
When obtaining two phase patterns at a given location, we compute their weighted difference
(fhϕl − flϕh) /2π, round the values to the nearest integer, and then use the pre-computed LUT to
determine the fringe order pair (kh, kl).

(kh, kl) = Round
[︃
fhϕl − flϕh

2π

]︃
(14)

2.2. Unifying framework based on deep learning

The purpose of a data-driven deep learning network has been to apply a large number of input
values (samples) and groundtruth values (targets/labels) to train a model which predicts output
values that can be infinitely similar to the groundtruth values. In this work, the supervised
learning is used. The objective of supervised learning is to find a mapping function to map
the input variables to the output variables. The machine is trained with "labeled" training data,
and the machine predicts the output based on that data. Figure 1 shows the flow chart of the
present method. We took two wrapped phases of different frequencies as input, used each of
the three TPU methods mentioned previously to unwrap the high-frequency wrapped phase to
kh(x, y) and set it as the label of the network. We followed the image segmentation network
structure MultiResUNet [51] to build a Fringe Order Analysis Network (FOA-Net) for fringe
order estimation tasks. This network takes U-Net as the basic skeleton, which makes the structure
of our network simple and allows the loss of the network to converge faster and more consistently,
effectively improving the prediction accuracy of the network. It is important to note that our
proposed deep neural network-based approach is capable of learning features of both spatial and
temporal phase information, which is beneficial for enhancing the unwrapping performance. The
diagram and the data processing process of the proposed network is shown in Fig. 1.

The input data of our proposed network are two wrapped phases of different frequencies (the
same as the multi-frequency method based on dual-frequency phases) and the output data of
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Fig. 1. Data processing process. (a) The preparation of the training dataset that is generated
by three TPU methods; (b) TPU process based on deep learning model. The wrapped phase
is obtained from the captured three sets of fringe images as the network input, and the fringe
order kh is output directly by FOA-Net. Finally, the 3D reconstruction results are obtained
after the phase-to-height mapping.

the network are fringe order maps of the high-frequency wrapped phase. The basic structure
of the FOA-Net is shown in Fig. 2. Similar to MultiResUNet, the FOA-Net replaces the two
3 × 3 convolutions in the classical U-Net with 3 × 3 and 7 × 7 convolutional operations merged
in parallel with 5 × 5 convolutional operations, using a multi-resolution idea to replace the
traditional convolutional layers. The input tensor of size (H, W, 1) is for extracting spatial features
from different scales. In addition, an MultiRes block is constructed here that instead of using
3 × 3, 5 × 5 and 7 × 7 filters in parallel, it decomposed the 5 × 5 and 7 × 7 filters into a series of
3 × 3 filters for the concatenation operation. In the FOA block, we add two 1×1 convolutional
layers and a residual connection in order to better extract the detailed features in the input.
And added residual connection, which we call FOA block. In order to reduce the differences
between the encoder-decoder features, instead of simply concatenating the feature maps from the
encoder stage to the decoder stage, we first pass them through a chain of convolutional layers
with residual connections and then concatenate them with the decoder features. This connection
is called ResPath. Specifically, 3 × 3 filters are used in the convolutional layers and 1 × 1 filters
in the residual connections. The input feature map of the encoder is connected to the decoder
feature map by ResPath. The input tensors are successively processed by a stack of Conv2D
layers, Maxpooling2D layers, ConvTranspose2D layers, and the FOA block. Each Conv2D layer
represents a convolution operation, which extracts patches from its input feature map and applies
the same transformation to all of these patches, producing an output feature map. The role of
the MaxPooling2D layer is to aggressively downsample feature maps, consisting of extracting
windows from the input feature maps and outputting the max value of each channel. Usually, max
pooling is done with 2 × 2 windows and stride 2 to downsample the feature maps by a factor of 2.
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Thus, the size of composite image input H × W tends to shrink as the network becomes deeper.
The ConvTranspose2D layer can be seen as the inverse process of the convolution operation,
recovering the image size before convolution depending on the size of the convolution kernel and
output.

Fig. 2. The FOA-Net network architecture.

The loss function we select in this neural network is mean squared error (MSE), which is used
to compare these predictions with the targets and generate a loss value. The sequence of two
convolutional layers is replaced with the FOA block introduced in the previous section. For
each FOA block, specify a parameter V that controls the number of filters in the convolutional
layers within that block. In order to maintain a comparable relationship between the number of
parameters in the original U-Net network and the defined blocks, the value of V as follows:

V = α × U (15)

where U is the number of filters in the corresponding layer of the U-Net network and α is used as
a scale coefficient to control the number of filters in the convolutional layers in the FOA-block.
In the U-Net network, the number of filters along the horizontal direction are 32, 64, 128, 256
and 512, which are also the values of U in Eq. (15). In order to improve the accuracy of the
network output results and without increasing the number of parameters significantly, we choose
α = 1.67 according to our experimental results. This also improves the performance of our
proposed network without compromising accuracy. This network structure uses three successive
convolutional layers with V/6, V/3 and V/2 filters. Similar to U-Net, the value of V is doubled
after each pooling or deconvolution operation.

In addition to introducing the FOA blocks, this structure also replaces the ordinary shortcut
connections with the proposed ResPath, so that some convolution operations can be applied to
the feature mapping propagated from the encoder to the decoder. It is assumed that the strength
of the semantic gap between the encoder and decoder feature mappings may decrease as one
moves towards the internal shortcut path. Thus, it is also possible to gradually reduce the number
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of convolution blocks used along the ResPath and use 4, 3, 2 and 1 convolution blocks along
each of the four ResPaths. In addition, in order to account for the number of feature mappings in
the encoder-decoder, 32, 64, 128, and 256 filters are used in each of the four ResPath blocks.
The Rectified linear unit (ReLU) function is a common activation function that avoids gradient
disappearance when propagating backward. Therefore, all convolutional layers used in our
proposed network are activated by the ReLU activation function with batch normalization.

In addition, in order to enhance the learning ability of the network, we mask the invalid points
of the training data image by setting the appropriate modulation threshold using the modulation
function B(x, y) and the mask function Mask(x, y).

B(x, y) =
2
N

√︂
Mh(x, y)2 + Dh(x, y)2 (16)

Mask(x, y) =

{︄
B(x, y), B(x, y)>Thr
0, B(x, y) ≤ Thr

(17)

Mh(x, y) =
N∑︂

n=1
Ic
n(x, y) sin

(︃
2πn
N

)︃
(18)

Dh(x, y) =
N∑︂

n=1
Ic
n(x, y) cos

(︃
2πn
N

)︃
(19)

where B(x, y) is the modulation intensity of Ic
n(x, y), Thr denotes a preset threshold used to

distinguish the object from the low modulation background, and Mh(x, y) and Dh(x, y) are set
as the numerator and denominator terms of the inverse tangent function in the wrapped phase
ϕ(x, y) in Eq. (2). After thresholding, the valid measurement points labeled with Mask(x, y) are
further used for network training and 3D reconstruction. It is important to note that the threshold
Thr should be adjusted for object surfaces with different reflectance.

3. Experiments and results

3.1. Comparison experiments

In order to validate the actual performance of the proposed method, we built a conventional
FPP system consisting of a black and white industrial camera (Basler acA640-750µm) and a
DLP projector (LightCrafter 4500Pro). To prepare the dataset for the deep neural network,
3-step PS fringe patterns at different frequencies (including 1, 16, 24, 32, 48 and 64) were
projected onto multiple object surfaces in sequence and the fringe images were acquired by
the camera simultaneously. The wrapped phase maps of these six frequencies were used for
training and testing. To be specific, these maps of different frequencies were trained and tested
separately instead of all together. Further, the fringe order kh(x, y) and the absolute phase of the
high-frequency phase Φh(x, y) are obtained to build the training data set, the validation data set
and the test data set. We set the value of the threshold Thr to 8, which is applicable to most of
the measurement scenarios in this work.

The proposed network is implemented based on the TensorFlow framework (Google) and
the training, validation and testing of the network is performed on a GTX Titan graphics card
(NVIDIA). In the network configuration, the loss function is set to MSE, the optimizer is Adam,
the mini-batch size is 2, the training period is set to 200 rounds and the initial model will be
learned through the above process. In order to further optimize the model, the network parameters
and structure need to be adjusted according to different methods. It takes approximately 12 hours
to complete model training using our proposed strategy. And our model achieves 12 fps offline
prediction, which is 20% higher than U-Net. The training time for the multi-frequency method
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takes 11.7 hours, and the prediction speed is at 11.6 fps. The multi-wavelength method requires
11.8 hours of training and achieves a prediction speed of 11.9 fps. The training time for the
number-theoretic method is at 12 hours and the prediction speed is 12.1 fps.

Firstly, we performed phase unwrapping for different high-frequency wraps on the test dataset
to quantitatively analyze the phase unwrapping accuracy of DL-TPU and traditional TPU by
calculating the average error rate of TPU, which is shown in Fig. 3. The figure shows that for any
of the TPU methods, the error rate of phase unwrapping gradually increases as the high-frequency
fringe frequency fh gradually increases. For the multi-frequency method (Fig. 3(a)), the phase
unwrapping error rate in the traditional method (TR-MF) increases from 0.33% to 5.85%. This
result proves that due to the presence of non-negligible noise and other error sources in the actual
measurement, it is challenging for the traditional method to unwrap the high-frequency phase as
it increases. As seen from the graphs we have presented, the correct rate of phase unwrapping
under deep learning (DL-MF) has significantly improved. For the multi-wavelength method
(Fig. 3(b)), our proposed method (DL-MW) shows similarly better performance through deep
learning, with the absolute phase recovered correctly for more than 95% of the valid pixels.
When using the number-theoretic method (Fig. 3(c)) for phase unwrapping, the proposed method
(DL-NT) can reduce the phase unwrapping error rate of the traditional method (TR-NT) by a
factor of 2 to 3. Furthermore, we find that DL-MF shows the smallest error rate among these
deep-learning-based methods.

To provide a more intuitive comparison of the actual phase unwrapping performance of the
traditional TPU and DL-TPU, Fig. 4 shows the results of 3D measurements for a number of
complex models. The corresponding high-frequency fringe frequencies are 16, 24, 32, 48 and 64
for different low-frequency fringe frequencies. It can be seen from Fig. 4 that for these three
TPU methods, the phase unwrapping error rate gradually increases with the increase of high
frequency. Figure 5 shows the detail areas of the 3D measurement results for each method at a
frequency of 48, including hair and skin. From the 3D measurement results, it can be seen that
for all three traditional algorithms, the hair and skin of the plaster statue are deficient to different
degrees. For the DL-MF, DL-MW and DL-NT, the plaster statue has more complete surface. It
can be seen that for different textured surfaces, our methods have better results. Compared with
traditional TPU, the quality of the 3D reconstruction with our proposed DL-TPU is significantly
improved, and the proposed method can still reliably unwrap the phase even at higher frequencies.
It is noteworthy that although we tested only these frequencies, this neural network can also be
used for other frequencies, as long as the corresponding wrapped phase maps were seen by the
neural network during the training process.

In order to further verify the generalizability of our proposed method, we compared the
3D reconstruction results for different material measurement objects. Figure 6 shows the
measurement results of three TPU methods with deep learning for the plaster statue, plastic
model (plastic toy) and metal (lithium battery metal base) at the frequency of 24. The first row
shows the original images of the measurement objects of three different materials. For the plaster
statue, all three methods can recover the majority of the effective pixels, and complex regions of
the plaster statue (such as eyes, nose and hair) have been reconstructed correctly. For the plastic
model, all three TPU methods also have good results with fewer error points. For metal surfaces,
the captured grating images usually have highlights. The phase information at the corresponding
position is also often difficult to obtain correctly due to the effects of the highlights. Therefore, it
also generate a large number of error points if we perform phase unwrapping directly. To solve
this problem, we used the multiple exposure techniques [52] when capturing metal surfaces. We
can obtain the correct wrapped phase without interference from highlights by this technique.
Then we used the neural network described in this paper for phase unwrapping. This experiment
demonstrates that our proposed method is effective for different materials of measurement objects.
We measured standard ceramic plates to quantify the 3D measurement accuracy of the proposed
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Fig. 3. Comparisons between traditional temporal phase unwrapping and deep learning-
based temporal phase unwrapping on the test dataset for the average error rate of phase
unwrapping for wrapped phases at different high frequencies (e.g. fh= 16, 24, 32, 48 and
64). (a) The task of multi-frequency phase unwrapping; (b) The task of multi-wavelength
phase unwrapping; (c) The task of number-theoretic phase unwrapping.

method. In our experiments, we projected 16, 24, 32, 48 and 64 period fringe patterns onto
a standard ceramic plate sequentially and used the multi-frequency method, multi-wavelength
method and number-theoretic method for phase unwrapping. Table 1 shows the RMS values
of the standard ceramic plate at different frequencies for traditional and proposed methods. It
can be seen from Table 1 that for the TR-MF, the RMS value decreases from 98.2µm to 53.1µm
as the frequency increases from 16 to 64. The corresponding RMS value in DL-MF can be
reduced from 81.9µm to 44.2µm. For the multi-wavelength method, the RMS value changes from
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Fig. 4. Comparison of 3D reconstruction results for complex models with traditional TPU
and the proposed deep learning based TPU, where high-frequency fringe frequencies are 16,
24, 32, 48 and 64 respectively.

Fig. 5. Detail results of 3D measurements.

106.6µm to 63.7µm with increasing frequency under the traditional method. By comparison,
the RMS value of DL-MW was reduced from 97.7µm to 58.9µm. For TR-NT, the RMS value
changes from 101.2µm to 59.4µm after the frequency becomes higher. And the RMS value of the
standard ceramic plate under deep learning changes from 91.4µm to 51.4µm. This experiment
demonstrates that for different TPU methods, the accuracy of our proposed method is better than
that of the traditional method.
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Fig. 6. 3D measurement results for different materials.

Table 1. The RMS values of standard ceramic plates at different
frequencies for traditional and proposed methods.

RMS/µm TR-MF TR-MW TR-NT DL-MF DL-MW DL-NT

f = 16 98.2 106.6 101.2 81.9 97.7 91.4

f = 24 86.4 94.2 88.2 67.2 86.1 77.8

f = 32 73.4 82.4 78.1 56.7 74.4 66.3

f = 48 62.2 72.1 67.8 49.1 65.1 57.2

f = 64 53.1 63.7 59.4 44.2 58.9 51.4
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Fig. 7. Captured standard ceramic plate image and plaster statue models by camera.

3.2. Performance analysis under the influence of different noises

In this work, the fringe distribution captured by the camera can be represented by Eq. (1). In fact,
the images are usually capture with sensor noise. We assume a Gaussian distributed additive
noise in captured fringe patterns. This assumption is valid for image sensors in which thermal
or shot noise is the main noise type. In the next experiments, we will further verify the noise
immunity performance of the three TPU methods with deep learning.

In order to obtain the noise variance of the camera in the experiment, we measured the single-
vision system used in the experiment. We took a standard ceramic plate as the measurement
object, and the projector projected a fixed light source onto the plate. During the experiment, we
only modified the camera’s exposure time without changing the brightness of the light source and
acquired 200 sets of plate images as shown in Fig.7. After the acquired images were averaged and
the average image was subtracted from each image separately, the resulting noise was averaged
again to obtain a final noise variance of σ2 = 2.4629. To further validate the performance of
the proposed method for different levels of noise, we added twice and three times the noise of
the original to the original fringe pattern, 2σ and 3σ, respectively. ϕh(x, y) and ϕl(x, y) were
calculated by the 3-step PS algorithm, and the fringe order kh(x, y) was obtained by our proposed
three TPU methods (multi-frequency method, multi-wavelength method, and number-theoretic
method) were obtained separately. In order to compare the reliability of the phase unwrapping, a
6-step PS algorithm and a 3-frequency phase-based multi-frequency method (frequencies are 1,
8 and 64) were used to obtain high-quality fringe order as reference orders. By comparing the
fringe order and the reference order based on the different methods, the corresponding error rate
of the phase unwrapping can be accurately calculated.

Firstly, we chose two static scenes never seen in our network before, including separate plaster
statue objects and a combined plaster statue model as shown in Fig. 7. These scenes involved a
single object with a continuous complex surface shape and a combination of multiple objects
with isolated surfaces. After unwrapping the phase for the selected scene, we fed them directly
into the trained neural network to predict the high-frequency fringe order corresponding to the
input wrapped phases, and the predictions were compared with groundtruth to obtain the fringe
order error plot shown in Fig. 8. Figure 8(a1)-(a6) show the phase error of the traditional method
with 2σ noise added, and Fig. 8(b1)-(b6) show the phase error of the proposed method with the
corresponding noise. For the multi-frequency method, the use of a deep neural network can
reduce the error rate of phase unwrapping for a single object from 7.16% to 2.89%. Using the
multi-wavelength method reduces the error rate for a single object from 10.37% to 5.27%. We
can see that the deep learning approach is successful in eliminating phase errors and that the error
rate for a single object can be reduced from 8.24% to 4.33% under the number-theoretic method
when applying our approach. It still shows a good performance in the multi-object combination
scenario shown in the second row of each method. Figure 8(c1)-(c6) show the phase error of the
traditional method with 3σ noise added, and Fig. 8(d1)-(d6) show the phase error of our method
with the corresponding noise. The error rate for individual objects in the phase expansion based
on the multi-frequency method can be reduced from 9.26% to 4.22%, even under the influence
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Fig. 8. Comparison of the phase error between the traditional phase unwrapping method
and the proposed method at the high frequency of 48. (a1)-(a6), (c1)-(c6) Phase errors
calculated by the traditional method; (b1)-(b6), (d1)-(d6) Phase errors calculated by the
proposed method.

of 3σ noise. In addition, for the multi-wavelength and number-theoretic methods under the
same noise conditions, the error rate of phase unwrapping for a single object is reduced from
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13.51% and 10.79% to 6.58% and 5.79% respectively. Even in more complex scenes, more than
90% of the pixels can be recovered. It can be seen from the experimental results that the fringe
order error increases as the noise increases, but our method always yields smaller error results
compared to traditional methods.

In order to analyze the method quantitatively, 150 completely different sets of scenes were
selected for validation with the addition of noise. We calculated the error rate of phase unwrapping
in each of these scenes with different levels of noise added, and the average error rate is shown in
Table 2. The extensive validation results show that the error rate of phase unwrapping using the
traditional multi-frequency method is 7.28% and 9.54% for the case of adding less and more
noise respectively to the fringe patterns we have acquired. For our method, the error rate of phase
unwrapping was reduced to 3.32% and 4.46%, respectively. For the traditional multi-wavelength
method (TR-MW), the error rate of phase unwrapping was reduced from 10.66% and 13.79% to
5.42% and 6.99% respectively after our network processing. For the number-theoretic method,
the error rate was reduced from 8.71% and 11.02% to 4.47% and 5.91%, respectively. Compared
with the traditional phase unwrapping method, our method can reduce the error rate by nearly
half. The deep learning-based phase unwrapping method has better performance under all three
different phase unwrapping methods (multi-frequency method, multi-wavelength method, and
number-theoretic method). We can see that noise has different effects on these three TPU at a
frequency of 48 and the phase unwrapping error rate increases as the noise increases. In contrast,
the multi-frequency method (DL-MF) has the lowest influence by noise. For the traditional TPU,
the low-quality fringe order leads to severe phase errors and therefore a larger phase unwrapping
error rate. For our proposed DL-TPU, the phase unwrapping eliminates phase errors close to
2π between adjacent pixels, allowing for a complete and unambiguous phase. In the case of
increased noise, our method also overcomes the noise influence better. The reason why the
proposed work can suppress noise may lie in the fact that a similar process like image denoising
is embedded in the training process. People usually use filters to remove the effect of noise
in image processing. The image filtering is essentially a convolutional operation. Here, the
structure of our proposed neural network is based on convolutional neural networks. Therefore,
the process of noise removal tends to be embedded during training when a convolutional layers
extract information from training data (convolve with input data).

Table 2. The error rate of phase unwrapping with different levels
of noise added for the traditional and proposed methods.

Error rate
Multi-frequency Multi-wavelength Number-theoretic

2σ 3σ 2σ 3σ 2σ 3σ

DL-TPU 3.32% 4.46% 5.42% 6.99% 4.47% 5.91%

TR-TPU 7.28% 9.54% 10.66% 13.79% 8.71% 11.02%

4. Conclusions

This paper focuses on three mainstream temporal phase unwrapping methods, including multi-
frequency method, multi-wavelength method, and number-theoretic method. Conventionally,
these temporal phase unwrapping methods are seldom considered in a unified framework. In
this work, we have proposed a generic temporal phase unwrapping neural network framework
to enhance the performance of traditional temporal phase unwrapping methods. Experiments
demonstrate that trained deep neural networks can significantly improve the accuracy of phase
unwrapping. This deep learning-based method, using different frequencies of wrapped phases
as input to predict accurate fringe orders, retrieves the complex or discontinuous surface of
objects. Furthermore, we have tested the performance of these methods under different noise
conditions to verify the phase unwrapping capability of the proposed DL-TPU method under
different cases. Experimental results have shown that compared with the traditional TPU method,
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the proposed method can effectively suppress the effect of noise on phase unwrapping results.
After we have increased the noise to twice and three times the original noise, our method has
better performance in both cases. We believe this method will demonstrate significant potential
for robust and accurate phase unwrapping and 3D measurements.
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