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Abstract: Single-shot fringe projection profilometry (FPP) is essential for retrieving the absolute
depth information of the objects in high-speed dynamic scenes. High-precision 3D reconstruction
using only one single pattern has become the ultimate goal in FPP. The frequency-multiplexing
(FM) method is a promising strategy for realizing single-shot absolute 3D measurement by
compounding multi-frequency fringe information for phase unwrapping. In order to solve the
problem of serious spectrum aliasing caused by multiplexing schemes that cannot be removed
by traditional spectrum analysis algorithms, we apply deep learning to frequency multiplexing
composite fringe projection and propose a composite fringe projection deep learning profilometry
(CDLP). By combining physical model and data-driven approaches, we demonstrate that the
model generated by training an improved deep convolutional neural network can directly perform
high-precision and unambiguous phase retrieval on a single-shot spatial frequency multiplexing
composite fringe image. Experiments on both static and dynamic scenes demonstrate that
our method can retrieve robust and unambiguous phases information while avoiding spectrum
aliasing and reconstruct high-quality absolute 3D surfaces of objects only by projecting a single
composite fringe image.

© 2022 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Structured light (SL) projection is one of the most representative 3D optical imaging technologies
for macroscopic objects due to its non-contact, high-resolution, and easy-to-implement measure-
ment capabilities [1–4]. Among them, fringe projection profilometry (FPP), has become one of
the most prevalent SL methods with the advantages of full-field scanning and high-precision
measurement [5–7], which has been widely applied in multiple fields, such as intelligent manufac-
turing [8] and reverse engineering [9]. For FPP, the projector projects a series of fringe patterns
onto the target object, and then the camera captures these images modulated and deformed by the
objects. The measured objects’ absolute phases and related depth information can be retrieved
with the captured fringe patterns by processing the following three steps: fringe analysis, phase
unwrapping, and phase-to-height mapping. With the rapid development of optoelectronic infor-
mation technology [10–12], people subsequently set higher expectations on FPP, requiring both
higher precision and higher speed. However, these two aspects seem contradictory in nature. Due
to the increasing demand for dynamic scene measurement (such as online industrial inspection,
stress deformation analysis, fast reverse modeling, etc. [13]), “speed” has gradually become
a fundamental factor that must be taken into account when using FPP. There are two factors
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determining the 3D measurement speed of FPP: (1) the speed of hardware devices: optoelectronic
devices (e.g., digital light projectors, spatial light modulators, and high-speed image sensors) and
digital signal processing units (e.g., high-performance computers and embedded processors);
and (2) the number of patterns required per 3D reconstruction of the software algorithms. From
the perspective of hardware, Lei and Zhang et al. [14,15] has achieved speed breakthroughs by
developing the binary defocusing techniques, where the binary defocusing methods coincide with
the inherent operation mechanism of the digital-light-processing (DLP) technology, and permit
tens of kHz fringe projection speed by using a digital micromirror array device (DMD). Heist et
al. [16] introduced a GOBO projector that projects aperiodic sinusoidal fringe patterns with high
frame rates and high radiant flux, which can generate more than 1,000 independent point clouds
per second. In addition, Zuo et al. [17] proposed micro Fourier profilometry (µFTP), which
used high-speed fringe projection hardware as well as the number of patterns reduction strategy
to achieve 3D shapes reconstruction at 10,000 fps. From the perspective of algorithms, several
composite phase-shifting methods have been proposed to reduce the number of projected patterns
required per unambiguous 3D reconstruction [8,17–24]. Liu et al. [18] proposed a dual-frequency
pattern strategy that embedded low and high frequency components into a single pattern, at least
five patterns were required to reconstruct the 3D point cloud. Zuo et al. [20] employed two
π/2 phase-shifting sinusoidal patterns and two linear increasing/decreasing ramp patterns to
reduce the number of patterns required per 3D reconstruction from five to four. Zhang et al. [21]
embedded the speckle-like signal in three sinusoidal phase-shifted fringe patterns for absolute
depth recovery, which can eliminate the phase ambiguity without reducing the fringe amplitude
or frequency. Feng et al. [22] presented a two-frame fringe projection technique for real-time 3D
measurement, using a speckle image and a speckle-embedded fringe image. Tao et al. [23] used
three composite fringe patterns embedded with the triangular wave into a multi-view system to
strengthen the robustness of phase unwrapping. Qian et al. [8] further established a complete
multi-view fringe projection system, which can achieve real-time high-precision 360-degree 3D
model measurement with only three high-frequency fringe patterns. Nevertheless, high-precision
3D reconstruction using only one single pattern is a considerable challenge and has been the
ultimate goal of structured light 3D imaging in perpetual pursuit. In 1983, Takeda et al. [25,26]
proposed Fourier transform profilometry (FTP), which decoded the wrapped phase by Fourier
filtering in the spatial frequency domain and achieved the phase demodulation from a single fringe
pattern. Afterwards, a series of influential and improved single-shot fringe analysis methods
were proposed, such as windowed Fourier transform (WFT) [27–30] and wavelet transform (WT)
methods [31]. Particularly, Su et al. [32] applied a single high-frequency fringe projection image
for drumhead vibration at a speed of kHz level. However, the key to the success of FTP is that the
high-frequency fringe information modulated by the object surface can be well separated from
the background intensity in the frequency domain. As a result, the FTP technique [33] is limited
to measuring smooth surfaces with limited height variations. Besides, the phase distribution
retrieved by FTP, ranging between −π to π, suffers from 2π periodic ambiguity. Consequently,
the wrapped phases require phase unwrapping algorithms to further obtain the absolute phase
distribution [34].

To achieve single-shot phase unwrapping, Takeda et al. [35] further introduced frequency
multiplexing (FM) to FPP to encode two fringe patterns with different spatial carriers into a single
snapshot measurement. The projected composite fringe pattern and its spectrum and intensity
calculation function are illustrated in Fig. 1(a). After performing the Fourier transform on the FM
composite fringe pattern, the spatial frequencies in two orthogonal directions can be extracted
from the spectrum simultaneously, with which the periodic phase ambiguity can be removed.
Although this method solved the spectrum aliasing problem to some extent and can measure 3D
objects with discontinuous and isolated surfaces, the residual phase errors still lead to phase
unwrapping errors. Guan et al. [36] used four high-frequency carrier information to convolve
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the single-frequency phase-shifting fringe patterns to different positions of the Fourier spectrum
(Fig. 1(b)), by which the absolute phase maps can be directly recovered from these modulated
single-frequency signals through the temporal phase-shifting algorithm [37]. However, due to the
weak anti-noise ability of low-frequency image and residual spectrum aliasing, this method cannot
be applied to highly precision measurment fields. Yue et al. [38] designed another composite
structured light pattern formed by modulating two fringe patterns with π phase difference along
the orthogonal direction of two distinst carrier frequencies (Fig. 1(c)). Lu et al. [39] proposed
a fast modulation measuring profilometry based on a single-shot cross grating projection to
reconstruct the 3D shape of the objects (Fig. 1(d)). In addition some other single-shot composite
coding strategies, such as spatial neighborhood coding schemes [40] (e.g., De Bruijn sequences),
color channels multiplexing methods [41], and directly coding methods [42] can also solve the
problem of motion. Although the above methods achieve high measurement efficiency, they
suffer from compromised measurement accuracy due to the spectrum aliasing problem of FTP.
In recent years, deep learning technology has been applied to FPP as a new tool to solve the
measurement efficiency and phase/or depth retrieval accuracy [43,44], such as fringe analysis
[44–46], fringe enhancement [47], phase demodulation [48,49], phase unwrapping [50–52], and
3D data acquisition [53–55]. These studies have given us an inspiration-whether it is possible to
combine fringe projection profilometry with deep learning techniques to achieve higher precision
and more robust phase retrieval and 3D reconstruction from only a single composite fringe image.

Fig. 1. Spatial frequency multiplexing composite fringe patterns and their corresponding
spectrum.

In this work, we present a novel composite fringe projection deep learning profilometry
(CDLP), which construct a one-to-three convolutional neural network to analyze the single-shot
spatial frequency multiplexing fringe pattern, to reconstruct high-quality 3D shape information in
transient scenes. The main contributions of this work are as follows. (1) Under supervised learning,
the use of high-quality data sets (including input data and ground truth labels) significantly
affects the quality of network model training. In this regard, we first propose a fringe encoding
scheme based on spatial frequency multiplexing, which takes into account both unambiguity and
multi-spatial information fusion to enhance the training abilities of the deep learning network.
Meanwhile, through the N-step phase-shifting (PS) method and multi-frequency temporal phase
unwrapping (TPU) combined with the projection distance minimization (PDM) algorithm [17],
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we have successively obtained the high-quality wrapped phase numerator, denominator term, and
unambiguous unwrapped phase. They serve as three sets of high-quality ground truth labels for
our one-to-three single-shot phase retrieval network. (2) For our proposed network framework,
we use an improved one-to-three deep convolution neural network to simultaneously achieve
high-quality phase analysis and robust phase retrieval. The specific network architecture will be
elaborated in subsequent sections. Experimental results validated that the proposed single-shot
composite fringe projection deep learning profilometry can directly perform the single-shot
robust and unambiguous phase retrieval process and high-quality absolute 3D surface information
of the objects under fast, dynamic, and even transient scenes, with a reconstruction accuracy
of 60 µm. The remainder of this paper is organized as follows. In Section 2., we start with the
basic principles of composite fringe projection deep learning profilometry (CDLP). In Section 3.,
experimental verifications and comparison results are presented in detail. In the final Section 4.,
we draw conclusions.

2. Principle of composite fringe projection deep learning profilometry (CDLP)

2.1. Single composite fringe pattern (CFP) coding scheme

To incorporate multiple patterns in an image as the unique input of a deep learning network to
achieve a single-shot fast and robust phase retrieval, we consider the following considerations for
the composite fringe coding strategy. (1) It is hard to directly use a absolute single-frequency
fringe pattern as a deep learning input to predict the high-precision phase. The reason is that
when the single-frequency fringe pattern is projected and captured, the camera resolution is
inconsistent with the projector’s resolution. Thus only one single-frequency fringe cannot obtain
complete sinusoidal intensity information and accurate phase information within a sinusoidal
period. (2) Although the absolute phase information of the objects can be obtained directly by
using the single-frequency N-step phase-shifting fringe images without phase unwrapping [56],
the phase accuracy demodulated by the single-frequency fringe is poor; besides, this strategy
always needs to project N fringe images, so the speed cannot exceed the single-frame projection.
(3) If we consider combining N single-frequency fringe patterns into an image with a complete
sine period, we cannot directly superimpose these N single-frequency phase-shifting images into
one image, because the final composite result is a white image. (4) Guan’s coding strategy [36],
which separated the four single-frequency phase-shifting patterns in the frequency spectrum
through four high-frequency carrier frequencies, can directly retrieve the unambiguous phase
distributions from a single composite image and avoid the complicated unwrapping process;
however, due to the low frequencies lack of high-frequency detail information of the objects, this
method cannot fulfill the requirements of high-precision 3D shape measurement. To sum up, we
propose a novel three short-wavelength superimposed three carrier-frequency composite fringe
pattern coding strategy.

The composite fringe pattern (CFP) and its generation process are shown in Fig. 2(a). Firstly,
we generate three sets of sinusoidal fringe patterns with different short wavelengths (or high
frequencies), which are recorded as fringe patterns to be modulated:

Ip
φn
(xp, yp) = a + b cos

(︃
2πxp

λφn

)︃
, (1)

where (xp, yp) is the projector pixel coordinate. The constants a and b are the background intensity
and the modulation of the short-wavelength fringe patterns, and their values should strictly meet
the following constraints: on the one hand, the cos term of Ip

φn
after compensation by a and

b is non-negative, on the other hand, they must ensure that the patterns can be made to reach
the maximum contrast ratio. The wavelengths λφn are changed in the phase direction (the xp

dimension). Constant n represents the nth short-wavelength fringe pattern index, n = 1, 2, 3.



Research Article Vol. 30, No. 3 / 31 Jan 2022 / Optics Express 3428

Then, the short-wavelength fringe patterns Ip
φn

are respectively multiplied by three standard
cosine fringe patterns Icarrin with different carrier frequencies along the orthogonal direction to
produce three composite sub-images. By superimposing these three composite sub-images of
each channel, a frequency-multiplexed CFP is generated:

Ip
cp(xp, yp) = A + B ·

3∑︂
n=1

Ip
φn
(xp, yp) ◦ Icarrin (x

p, yp)

=A + B ·

3∑︂
n=1

[︃
a + b cos

(︃
2πxp

λφn

)︃]︃
· cos

(︁
2πfcarriny

p)︁ ,

(2)

where Ip
φn

is the intensity of the projected CFP, A and B are the mean intensity and the amplitude
constants to make value of the 8-bit CFP Ip

φn
between 0 and 255. The operator ◦ represents the

Hadamard product operation, which is a pixel-level calculation process, shown in Fig. 2(b). The
frequencies fcarrin that change in the orthogonal direction (the yp dimension) are recorded as the
carrier frequency. The designed CFP contains three short wavelengths (modulation frequencies)
λφn and three carrier frequencies fcarrin . The directions between the short-wavelength fringes
Ip
φn

and the carrier-frequency fringes Icarrin are orthogonal, so that the modulation frequencies
corresponding to the short wavelengths can be modulated at different positions of the Fourier
spectrum through different carrier frequencies. Appropriate short wavelengths and carrier
frequencies have to be carefully assigned. The selection conditions of the three short-wavelength
λφn we will discuss in the next section. For the selection of carrier frequency fcarrin combinations,
in order to expand the bandwidth of each modulation channel and minimize channel leakage,
the selected carrier frequencies should be separated as much as possible and far away from zero
frequency. However, limited by the spatial resolution of the projector and camera, they have to
be restricted within a certain range to ensure reliable phase retrieval.

Fig. 2. The composite fringe pattern (CFP) generation process and details. (a) A CFP is
formed by modulating and superimposing three short-wavelength fringe patterns with three
carrier-frequency fringe patterns along with orthogonal directions. (b) Hadamard product
operation between the images of the first channel. (c) A simulation composite fringe image
and its spectrum. (d) Conversion between CFP and three fringe patterns.
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It should be noted that the intensity range of the projected CFP should be controlled at [0,255],
so the intensity of the originally generated CFP needs to be normalized

Ip
cp(xp, yp)′ =

Ip
cp(xp, yp) − Imin

Imax − Imin
· 255, (3)

where [Imin, Imax] is the intensity range of the original CFP. Ideally, after illuminating the object
with the composite fringe pattern Ip

cp through a digital projector, the intensities of the captured
image can be expressed as:

Ic
cp(xc, yc) = α(xc, yc) ·

[︄
A + B ·

3∑︂
n=1

Ic
φn
(xc, yc) · Icarrin (x

c, yc)

]︄
, (4)

where the fringe maps to be demodulated are

Ic
φn
(xc, yc) = a + b cosΦn(xc, yc), (5)

and (xc, yc) is the pixel coordinate in the camera space, α(xc, yc) is the surface reflectivity of the
measured object, and Φn(xc, yc) is the absolute phase. Due to perspective distortion between the
projector and the camera, the actual carrier frequencies f c

carrin of the captured image in the camera
view may be different from fcarrin . Thus, the relative position of the projector and the camera
should be aligned to share about the same world coordinates both in orthogonal direction and the
depth direction.

From Eqs. (4) and (5), we can see that the composite fringe image contains three short-
wavelength fringe maps (Fig. 2(d)): the three different wavelength fringe patterns can be encoded
as one pattern, and the composite fringe pattern can also be decoded to recover these three
different wavelength fringe patterns. The phase information of the three fringe maps can be
demodulated separately, and then the absolute phase of the object can be retrieved by the phase
retrieval algorithm. Therefore, how to accurately demodulate the phase information of one of the
short-wavelength fringe images from the obtained distorted composite fringe images is one of
the focuses of this work.

2.2. Construction of high-quality network datasets

In order to keep the extracted phase information free from spectrum aliasing, we use deep
learning-based methods instead of traditional Fourier transform methods to perform phase
demodulation and absolute phase recovery. To begin with, we need to build a high-quality
network dataset. The network model learned based on the simulation data may not realistically
and comprehensively reflect the actual physical imaging process, and it may not obtain the
ideal imaging results. Therefore, we collect and label actual experimental training data rather
than simulation data in the deep learning task. In this work, we use a non-composite standard
N-step phase-shifting algorithm (PS) for high-quality phase analysis, and use temporal phase
unwrapping (TPU) combined with the projection distance minimization (PDM) method to obtain
high-precision absolute phase information. The complete process of constructing a high-quality
network dataset is shown in Fig. 3.

For the standard N-step phase-shifting algorithm, the fringe images captured by the camera
can be expressed as:

Ic
n(i)(x

c, yc) = A(xc, yc) + B(xc, yc) cos (Φn(xc, yc) + 2πi/N ) , (6)

where Ic
n(i) represents the (i + 1)th n-frequency captured image, i = 0, 1, . . . , N − 1, Φn is the

n-frequency absolute phase map, and 2πi/N is the phase shift. Then, the phase can be calculated
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Fig. 3. The process of generating training data. (a) The projected sequence consists of three
sets of 12-step phase-shifting fringe patterns with different frequencies/wavelengths. (b)
The generation process includes projecting and capturing three sets of fringe images, phase
analysis to obtain the wrapped phase, and phase unwrapping to retrieve the absolute phase
distribution.

through the least-squares algorithm:

ϕ = arctan

∑︁N−1
i=0 Ic

(i) sin(2πi/N )∑︁N−1
i=0 Ic

(i) cos(2πi/N )
= arctan

M
D

, (7)

where the subscripts (xc, yc) and n are omitted for convenience, M and D represent the numerator
and denominator of the actangent function, respectively. In addition, to improve the image
quality and enhance the learning ability of the deep learning network, the image Mask function
constructed by the modulation function B (Eq. (8)) is used to remove the invalid points of the
entire captured image (Eq. (9)).

B(xc, yc) =
2
N

√︁
M2 + D2, (8)

Mask(xc, yc) =

⎧⎪⎪⎨⎪⎪⎩
B(xc, yc), B(xc, yc) ≥ Thr

0, B(xc, yc)<Thr
. (9)

The value of threshold Thr is set to 8, which is suitable for most of our measurement
scenarios in this work. The initial phase φ we obtained is the relative/wrapped phase within
(−π, π) due to the truncation of the arctangent function. Thus, we need to perform phase
unwrapping to remove the ambiguities and correctly extract the absolute phase contribution.
In this work, through the obtained multi-frequency fringe wrapped phase maps, we use the
temporal phase unwrapping method to eliminate the phase ambiguity in the time domain pixel by
pixel. Projection distance minimization (PDM) is an optimal method for solving multi-frequency
temporal phase unwrapping. Assuming that three groups of fringe patterns with fringe wavelength
λ = [λ1, λ2, λ3]

T are obtained by the phase-shifting method, the corresponding relative phase is
ϕ = [ϕ1, ϕ2, ϕ3]

T , and the absolute phase Φ = [Φ1,Φ2,Φ3]
T and the wrapped phase satisfy the
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following relationship:
Φ = ϕ + 2kπ, (10)

where k = [k1, k2, k3]
T is the integer fringe order vector, k1,2,3 ∈ [0, K − 1], and K denotes the

number of used fringes. The task of phase unwrapping is to determine the unique fringe orders k
of the wrapped phase, and then obtain the absolute phase maps Φ from Eq. (10). To achieve
the goal that the relative phase ϕ can be successfully unwrapped without ambiguities within the
desired measurement range, the fringe wavelength combination should be selected appropriately.
On the one hand, given that the projection pattern has W pixels along the horizontal axis wherein
the sinusoidal fringe intensity change, on the other hand, considering the fact that the least
common multiple of the wavelength combination determines the maximum range of unambiguous
phase wrapping along the absolute phase axial direction [17,57], the selected three different
wavelengths λ1, λ2, λ3 should satisfy the following inequality to exclude phase ambiguous:

LCM(λ1, λ2, λ3) ≥ W, (11)

where LCM() represents the least common multiple function. Refer to the optimal wavelength
selection strategy [17,58], the wavelengths λn should be sufficiently small to allow more higher
accuracy measurement. In particular, we also select the same wavelength combination as the
three high-frequency modulation wavelength of the generated CFP (refer to Section 2.1).

λn = λφn , (12)

After examining that the pairs of wrapped phase values are unique, the fringe orders k1, k2, and
k3 of the three phase maps can be determined, then we can acquire the high-accuracy absolute
phase as part of the high-quality network training datasets.

2.3. One-to-three single-shot phase retrieval network

The crucial step of FPP is to retrieve high-precision and unambiguous phase distribution. Ideally,
a monocular FPP system (as shown in Fig. 4) can use only one dense fringe image to robustly
achieve high-quality phase unwrapping and absolute 3D reconstruction for complex scenes.
However, limited by the number of fringe projection patterns required for 3D imaging, the current
traditional FPP methods are still unable to robustly complete high-quality phase recovery under
the premise of one projection. To this end, inspired by the recent successful applications of
deep learning techniques on FPP, we combine a deep convolutional neural network with a single
composite fringe image to develop a one-to-three single-shot phase retrieval network. The flow
chart of the proposed method is shown in Fig. 5, which mainly includes: data preprocessing and
network model construction, phase analysis and phase recovery based on deep convolutional
neural network, phase-to-height mapping.

After training and testing different networks, such as ResNet [59], U-Net [60], and U-Net
derivative networks (such as MultiResUNet [61], etc.), we finally choose the U-Net network
that takes into account versatility and practicability for model training, and make the following
fine-tuning of the network based on the prototype structure of the U-Net network: (1) In order
to prevent overfitting caused by the bigger network, the designed U-Net network is reduced
by one layer, changed from 5 layers to 4 layers, and we use Dropout which is one of the most
effective and most commonly used regularization techniques for neural networks to further fight
overfitting. (2) We set the network as a one-to-three convolutional neural network with single
input and three outputs, the input channel is a composite fringe image designed in Section 2.1,
and the three output channels are the numerator term and the denominator term of the wrapped
phase arctangent function, and the coarse absolute phase term.

The improved U-Net network architecture is illustrated in Fig. 5(b). It consists of a contracting
path (left side) and an expansive path (right side) [60]. The contracting path (also called Encoder)
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Fig. 4. Hardware system and the middle column distribution of the frequency spectrum
generated by the Fourier transform of the designed composite fringe pattern (CFP).

Fig. 5. Flowchart of our proposed approach. (a) Input the test data, output the numerator Mdl,
denominator Ddl and the low-accuracy absolute phase Φcoarse through the trained network
model, then obtain the high-accuracy absolute phase by post-processing and reconstruct the
3D information by the calibration parameters. (b) The improved U-Net network architecture.
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follows a typical convolutional network architecture, including two convolutional layers (“SAME”
padding) that are repeatedly applied, and each convolution is followed by a rectified linear unit
(ReLU) and a 2×2 max pooling layer. In each convolution layer of the network, the size of the
convolution kernel is 3 × 3, which is used for feature extraction, and the padding is set to “same”
to ensure that the size of the feature map (H, W) remains the same after each convolution. After
the max pooling layer, the size of the feature map will be downsampled with a stride of 2, the
size of the feature map will become (H/2, W/2), and the number of feature channels will be
doubled. It should be noted that the linear rectification unit (ReLU) in each convolutional layer
is one of the important factors to ensure that the deep learning network can be trained, and its
operation is as follows:

r (ξ) = max(0, ξ) =
⎧⎪⎪⎨⎪⎪⎩

0, if ξ ≤ 0

ξ, otherwise
, (13)

where ξ represents an independent variable. The above process needs to be performed 4 times.
Especially in the last execution, max pooling is no longer performed, but the feature map is
directly sent to the expansion path.

Each step in the expansion path (also called Decoder) includes an upsampling layer followed by
a 2×2 convolutional layer, a concatenate, and two 3×3 convolutional layers followed by a ReLU.
The upsampling layer used for feature mapping halves the number of feature channels and doubles
the size of the feature map. A concatenate merges the upper layer and the corresponding feature
map from the contracting path through skip connection to retain more dimensional/location
information. This critical step will facilitate the subsequent layers to freely choose between
shallow and deep features, which is more advantageous for the semantic segmentation task of
deep neural networks. At the final layer, a 1×1 convolutional layer (“SAME” padding) is used to
map the required three 3D tensors. The improved U-Net network has a total of 18 convolutional
layers.

Next, we will discuss the specific procedures of our algorithm.
Step 1: In order to retrieve high-quality wrapped phase and absolute phase information, we

input the three phase-wavelength and three carrier-frequency composite fringe images captured
by the camera different test scenarios into the trained improved U-Net network, where the three
short wavelengths of the composite fringe pattern are λφ1 = 9, λφ2 = 11, λφ3 = 13 (satisfying
Eq. (11)), and the three carrier frequencies are set to fcarri1 = 32, fcarri2 = 48, fcarri3 = 64,
respectively. From the perspective of the robustness and accuracy of phase recovery in our
algorithm, we finally chose the wrapped phase numerator term M2, denominator term D2, and
absolute phase Φ2 corresponding to the second wavelength λφ2 as the network label to train our
network. Considering the physical model of the traditional phase-shifting algorithm, we choose
to predict the numerator and denominator terms instead of directly predicting the wrapped phases.
Compared with the network structure that directly connects the fringe pattern to the phase, this
strategy bypasses the difficulty of the wrapped phase with the 2π phase truncation and effectively
removes the influence of the surface reflectivity variations, so as to achieve higher quality phase
analysis to predict the high-quality wrapped phase. Inspired by the traditional composite fringe
projection profilometry described in Section 2.1, three coprime short-wavelength fringes that
can achieve unambiguous phase retrieval in the time domain are combined into one pattern
through three carrier frequency. Compared with a single-frequency fringe pattern as the network
input, the three-phase-wavelength and three-carrier-frequency composite fringe pattern ensures
the unambiguity of the network input, and at the same time ensures that the phase can be
unambiguously unwrapped during the absolute phase retrieval process.

Step 2: After predicting the numerator Mdl
2 , denominator Ddl

2 , and coarse absolute phaseΦdl
coarse

of the composite fringe image through the trained improved U-Net network, the high-quality
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wrapped phase map of the second wavelength ϕdl
2 can be calculated:

ϕdl
2 = arctan

Mdl
2

Ddl
2

. (14)

Then, high-quality absolute phase Φdl
2 can be obtained:

Φ
dl
2 = ϕ

dl
2 + 2π · round[(Φdl

coarse − ϕ
dl
2 )

/︂
(2π)], (15)

where round represents the rounding function. Although the existence of the objects’ surface
reflectivity α makes the deep learning training model can only predict “coarse” absolute phase
with low-precision, its accuracy is sufficient to provide the correct fringe order of the high-quality
wrapped phase. The final high-precision absolute phase can be obtained through the high-quality
wrapped phase and the correct fringe order.

Step 3: After acquiring the high-accuracy absolute phase, the 3D information of the objects
can be reconstructed by utilizing the phase-to-height mapping relationship and the calibration
parameters of the FPP system [62]. The relation between the phase and the height coordinates
can be written as ⎧⎪⎪⎨⎪⎪⎩

xp = Φ
dl
2 W/(2πNλ2 )

Zw = Mz + Nz/(Cxp + 1)
, (16)

where xp is the projector x coordinate, W is the horizontal resolution of the projection pattern,
Nλ2 is the fringe density, Mz and Nz, and C are the constants derived from calibration parameters.

3. Experiments

To verify the performance of our method, we construct a monocular fringe projection system
(Fig. 4), which consists of a digital light processing (DLP) projector (Texas Instruments
DLP LightCrafter 4500) with an WXGA resolution (912 × 1140) DMD and an industrial
camera (Basler ace acA640-750 µm) with 640 × 480 resolution. The camera with the ON
Semiconductor PYTHON 300 CMOS sensor delivers 751 fps Frame Rate at VGA resolution.
Under the condition of satisfying the above Eq. (11) and Eq. (12), we select {9, 11, 13}
wavelength combinations to provide unambiguous phase unwrapping for the whole projection
range (LCM(9, 11, 13) = 1287>912). The field of view (FOV) of the measurement system is
about 210 mm×160 mm, and the distance between the camera and the region of interest is 400
mm approximately.

In the supervised training mode, the unambiguous inputs and the corresponding accurately
known outputs are required. Figure 6 shows some typical shooting scenes of the training datasets.
As mentioned above, a set of input and output network training data includes composite fringe
images Ic

cp, as well as the numerators M2, denominators D2 and the absolute phases Φ2, where
M2 and D2 are calculated by the 12-step PS method, and Φ2 is obtained by the three-frequency
TPU with PDM method. We collect 1000 sets of data for different scenarios including simple,
complex, and isolated objects, and divide them into training sets, validation sets and test sets at
a ratio of 8:1:1. The training data sets are used to determine the network weight (Fig. 6); the
validation data sets are used to determine when to stop training; after training, the performance is
evaluated by test data set that have never been trained.

The constructed neural network is computed on a desktop with Intel Core i7-7800X CPU and
a GeForce GTX 1080 Ti GPU (NVIDIA) under the Python deep learning framework Keras with
the TensorFlow platform (Google). The optimizer chooses the Adam optimization scheme, which
is used to update the network weights with the loss value and achieve better gradient propagation,
and its default initial learning rate lr is set to 0.0001. Batch Normalization is adopted mini-batch
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1. For Q1, we change “By combining physical models and data-driven” to “By 

combining physical model and data-driven approach”. 
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Other corrections: 

1. Line 48: Change the symbol “ " ” to “ “ ”. 

2. Fig.6 is out of scope; please scale down the Figure 6 slightly.  

3. Line 843-844: Change the symbol “ "" ” to “ “” ”. Fig. 6. Part of training datasets. Each row shows the network training scenario and labels.
The training dataset includes the input image Icp and three output terms of the second
(modulated) frequency fringe: numerator M2, denominator D2, and absolute phase Φ2.
The composite fringe images as input are captured in different scenes, including objects
with simple or complex surfaces, continuous surfaces or isolated objects, and objects with
different materials. These scenes shown in turn are an icosahedral triangle, a customised
notebook with “SCILab” logo, Beethoven and a harp girl, as well as a plastic toy and
earphone case. The ground-truth data is calculated by 12-step PS and three-frequency TPU
with PDM method.

gradient descent scheme (mini-batch size = 2). The loss function we select in this neural network
is mean squared error (MSE), which compares the predicted value with the target value after each
batch in each epoch and generates a loss value. At the same time, the root mean squared error
(RMSE) is calculated after each epoch to help visually monitor the training process. After 200
epochs were trained on the NVIDIA graphics card, the training loss and validation loss of the
network converged. Moreover, due to data enhancement (background removal and normalization
of input images) and the improvement of the network structure, the entire training time of our
network only takes about 3 hours. We can directly put the captured and processed composite
fringe image into the trained network model to retrieve the absolute phase map of target object
and complete the offline 3D measurement. The network model prediction speed of our approach
is about 15 fps.

3.1. Qualitative evaluation

Through “learning” from a large number of data sets, the properly trained neural network can
“de-multiplex” high-resolution, spectrum-crosstalk-free phases from the multiplexing composite
fringe and directly reconstruct a high-accuracy absolute phase map for single-shot, unambiguous
3D surface imaging. We conducted static and dynamic experiments in several different scenarios
to test the trained deep convolutional neural network and verify the superiority of the proposed
method over traditional methods.
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After analyzing different coding schemes of single-shot structured light illumination (see
Sec.1 for detailed analysis), we designed a three-carrier three-frequency composite fringe pattern.
Here, we respectively projected the designed composite fringe pattern and the direct composite
three-frequency fringe pattern to the scenes. Figure 7 shows the comparison between the designed
composite fringe image (Fig. 7(a)) and the direct composite three-frequency fringe image
(Fig. 7(b)), and the spectrum distribution of these two kinds of frequency-multiplexing-coded
images are shown in Fig. 7(c) and (d), from which we can see that: (1) the directly composite
image has serious spectrum aliasing, while our designed composite pattern can separate three
close high-frequency information through three carrier frequencies; (2) although the designed
fringe pattern avoids spectrum aliasing to some extent, its spectrum is easily affected by the
system parameters between the projector and the camera, which results in a slight unknown
variation of the three carrier frequencies fcarrin in the orthogonal direction. Therefore, it is
difficult to demodulate the high-precision phase information through the traditional FT method
that uniformly filters three high-frequency channels of the captured composite image by the
band-pass filters at the center of fcarrin . Our deep learning-based method will solve these obstacles
at once through a trained convolutional neural network.

Fig. 7. Comparison of two kinds of frequency-multiplexing-coded schemes. (a) Image of a
flat plate obtained by projecting the designed three short-wavelength superimposed three
carrier-frequency composite fringe image. (b) Image of a flat plate obtained by projecting
the direct composite three-frequency fringe image. (c) Spectrum distribution of (a). (d)
Spectrum distribution of (b).

To test the performance of the trained neural network, we measured two static scenarios that
include single and multiple isolated objects with different surface roughness. The captured row
input composite fringe images Ip

cp(x, y) are shown in the first colunms of Fig. 8. Note that our
neural network has never seen these scenarios during the training phase. After preprocessing
these captured composite fringe images, we directly input them into the trained neural network to
predict the numerators Mdl

2 , denominators Ddl
2 and coarse absolute phaseΦdl

coarse of the input fringe
images. The results are shown in the second to fourth columns of Fig. 8, where the estimated
numerator and denominator are fed into Eq. (14) to obtain the wrapped phase map, and then the
unwrapped phase Φdl

2 distribution shown in the fifth column can be retrieved from the calculated
wrapped phase and the estimated coarse absolute phase according to Eq. (15). As we can see,
the phase ambiguity has been completely eliminated. Furthermore, through the pre-calibrated
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parameters of the camera-projector FPP system and the phase-heigth mapping (Eq. (16)), we
converted the unwrapped phase maps into 3D rendered geometries. In Fig. 9, we compared 3D
reconstruction results for the traditional FT method using Guan’s coding scheme [36], and our
learning-based frequency multiplexing-coded method to ground truth. And to quantitatively
analyze the phase quality, Figs. 9(c), (e), (h), and (j) show the corresponding unwrapped phase
error maps of the entire measurement area. In the investigation, the phases calculated by the
12-step phase-shifting and three-frequency temporal phase unwrapping with projection distance
minimization are serve as ground truth phase maps. Due to the influence of severe spectrum
aliasing and frequency shift transform, the phase error of the traditional phase retrieval method
using Guan’s coding scheme is more obvious than our proposed CDLP method. Specifically,
to further quantify this trend, we report the mean absolute error (MAE) of unwrapped phase in
Fig. 9. Compared with the tradition FT method, our proposed method reduces the projection
mode from three to one without losing the accuracy of phase recovery, improving the time
resolution without changing the spatial resolution. Compared with the traditional method with
Guan’s coding scheme, the proposed method improves the phase recovery accuracy by nearly an
order of magnitude.

Fig. 8. The prediction results of the two static test scenarios. Each row shows the input
composite image Ip

cp(x, y), the estimated results of numerator Mdl
2 , denominator Ddl

2 , coarse
absolute phase Φdl

coarse, and the final absolute/unwrapped phase Φdl
2 .

Although Guan’s method avoided a significant degree of spectrum loss, but the slight frequency
shifts error brought considerable loss to the 3D reconstruction. From the results of our method, it
can be seen that the deep learning-based frequency-multiplexing-coded method obtains a higher
quality 3D reconstruction, which is almost comparable to the reference 3D model reconstructed
by 12-step PS method (the Ground truth). Moreover, our method only needs one composite
fringe image to reconstruct absolute 3D information, and the reconstruction efficiency is 36 times
higher than that of the reference method. This experiment verified that the deep learning-based
frequency-multiplexing-coded method can not only effectively overcome the adverse effects, such
as spectrum aliasing, spectrum leakage, and channel crosstalk, but also achieve high-precision
absolute phase retrieval and high-quality absolute 3D surface reconstruction from a single-frame
fringe image.

In the second experiment, we measured two sets of moving objects. a rotating bow girl model
and a moving Voltaire plaster model, to verify the ability of our method in dynamic scenes.
Figures 10(a) and (d) respectively show the raw image of a certain frame in the two captured
videos, Figs. 10(b) and (e) are the corresponding 3D reconstruction results using our method in
the selected moments, and Figs. 10(c) and (f) further show the 360-degree point cloud registration
results. During the measurement, a single-frame composite fringe pattern was continuously
projected on the surface of the object, meanwhile, a monochrome camera simultaneously captured
the gray fringe image of each frame. We can see that our method is fundamentally immune to
phase-shifting errors induced by object motion thanks to its single-shot nature. Consequently, it
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Fig. 9. 3D reconstruction results of Ground truth, traditional method, and our proposed
CDLP method in two measurement scenes. (a), (f) 3D reconstruction result of the Ground
truth (12-step PS with number-theoretical method). (b) (c), (g) (h) 3D reconstruction result
and its corresponding absolute phase error map of traditional method (FT method with
Guan’s coding scheme). (d) (e), (i) (j) 3D reconstruction result and its corresponding
absolute phase error map of CDLP method (composite fringe projection deep learning
profilometry).

is suitable for dynamic 3D imaging of rapidly moving objects. The whole measurement process
of the rotating statues are shown in Fig. 10 (Multimedia views).

Fig. 10. The dynamic 3D measurement results of a rotating bow girl model and a moving
Voltaire plaster model. (a), (d) The captured composite fringe images at two different
moments. (b), (e) The corresponding 3D results reconstructed by our method. (c), (f)
Registration results. (Multimedia views: see Visualization 1 and Visualization 2 for the
whole measurement process of these two scenes)

https://doi.org/10.6084/m9.figshare.17067476
https://doi.org/10.6084/m9.figshare.17067482
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3.2. Quantitative evaluation

Last but not least, we respectively measured a standard ceramic plate (Fig. 11) and a pair of
standard ceramic spheres (Fig. 12) to quantitatively evaluate the 3D reconstruction precision of
the proposed method. It is noted that the structural parameters of the standard ceramic balls have
been calibrated by the coordinate measuring machine, and their radii are RA = 25.3999 mm and
RB = 25.3983 mm, respectively. The center-to-center distance of the standard ceramic balls is
D = 100.1563 mm with an uncertainty of 1.0 µm. We produced the measurement results of
the plate and two spheres and performed plane and spherical fitting on the measurement results.
Their errors are shown in Figs. 11(b), (c), Figs. 12(c1), (c2), and Figs. 12(d1), (d2). The radii of
reconstructed spheres are RAdl = 25.5246 mm and RBdl = 25.2901 mm, with the mean absolute
error (MAE) of 0.0531 mm and 0.0506 mm. The measured center distance is Ddl = 100.2027
mm with the deviation of ∆d = 0.0464 mm. Additionally, the root mean square (RMS) error of
sphere A and sphere B are respectively 0.066 mm and 0.062 mm, as shown in Figs. 12(c2) and
(d2). This experiment proves that our method can provide high-quality 3D measurements using
only a single fringe image.

4. Conclusions

In this work, we have proposed a deep learning-based single-shot composite fringe projection
profilometry (CFPP), which combines a deep learning technology with a specially designed spatial
frequency multiplexing coding strategy to achieve single-frame, high-precision, unambiguous 3D
shape reconstruction. According to experimental results, this deep learning-based method can
perform high-quality 3D shape measurements on discontinuous and/or mutually isolated objects
in fast motion. Compared with the existing high-speed 3D imaging method based on multi-frame
images, our method is fundamentally immune to motion errors. Compared with the traditional
FT and frequency multiplexing FT methods, our approach can effectively overcome the adverse
effects, such as spectrum aliasing, spectrum leakage, and channel crosstalk. Using only a single
composite fringe pattern, the 3D imaging quality of the proposed method is comparable to the
performance of the traditional 12-step PS method. Besides, the trained network model can be
fully automatic to achieve high-quality 3D measurement without tuning parameters.

Fig. 11. Precision analysis of standard ceramic plate. (a) 3D reconstruction results by our
method. (b) Error distribution. (c) RMS error.

Deep learning technology has thoroughly “permeated” into almost all tasks of optical metrology
and has delivered some pretty impressive results. This paper intends to point out that with its
powerful learning capabilities, deep learning technology can break the limitations of various
influencing factors in traditional single-frame 3D imaging algorithms and achieve impressive
results for single-shot, instantaneous absolute 3D shape measurement of discontinuous and/or
isolated objects. However, the underlying reasons behind these successes of deep learning
prediction remain unclear at this stage. Many researchers are still skeptical and maintain a wait-
and-see attitude towards its applications in high-risk scenarios, such as industrial inspection and
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Fig. 12. Precision analysis of a pair of standard ceramic spheres. (a), (b) 3D reconstruction
results by our method. (c1), (c2) The error distribution and corresponding RMS error of
sphere A. (d1), (d2) The error distribution and corresponding RMS error of sphere B.

medical care. But it can be envisaged that with the further development of artificial intelligence
technology, the continuous improvement of computer hardware performance, and the further
development of optical information processing techniques, these challenges will gradually be
solved in the near future. Deep learning will thus play a more significant role and make a more
far-reaching impact in optics and photonics.
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