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Abstract:  Single-shot fringe projection profilometry (FPP) has been an ultimate goal
to researchers. With the implementation of deep neural networks (DNNs), single-shot 3D
reconstruction has been achieved through different approaches. For most DNN fringe analysis
solutions, all captured fringes are involved in ground-truth making process but just few fringes
serve as the input during network training. Namely, the information provided for DNN is
compressed into single-shot input and corresponding ground-truth feature map. Therefore, these
models may not have strong generalization and physically consistent predictions. To overcome
this problem, we propose an universal framework which inputs all fringes in the phase-shifting
sequence to ‘teach’ DNN models about the governing physical rules during training(using loss
functions to give constraint about the phase and modulation), and only need single-frame input
during testing. This is an overall optimized framework where DNN architecture is designed to
maximize the utilization of the fringe sequence and the fringes are specially encoded to provide
effective information for DNN. Experiments show that the proposed approach can achieve more
robust and more precise fringe analysis than previous method, and can obtain high-quality 3D
reconstructions from a single fringe image.

1. Introduction

Three-dimensional (3D) measurement technologies, as valuable tools for perceiving the real 3D
world, provide data bases for the reconstruction of the geometric shape of objects and subsequent
3D modeling, detection, and recognition. Among them, optical non-contact methods have been
widely applied to reverse engineering, industrial inspection, virtual reality, digital relics, medical
examination, etc [1]. Fringe projection profilometry (FPP), as one of the most promising optical
3D measurement methods, attracts increasing attention due to its simple hardware configuration,
high measurement accuracy and efficiency, and dense reconstruction point cloud. FPP projects
structured light patterns (usually sinusoidal fringes, or fringe patterns which have spatially
continuous phase distribution) on to the object using a digital projector, and captures the fringes
deformed by object surface using a synchronously triggered camera. By applying proper fringe
analysis algorithms to obtain the fringe’s phase information, the 3D shape of the object can be
reconstructed using the pre-calibrated geometric parameters of the FPP system. Usually, fringe
analysis contains two stages, phase retrieval and phase unwrapping. During phase retrieval,
the wrapped phase of each pixel is recovered from the captured intensity map. Because of
mathematical feature of arctangent function, the phase value is wrapped between —x and 7 . Phase
unwrapping is to eliminate the periodic 27 jumps, ensuring the unambiguity when mapping the
absolute phase to 3D coordinates. The common phase retrieval methods include transform-based
methods and multi-frame fitting methods. The former extracts phase information in frequency
domain using a meticulously designed band-pass filter, with regular domain transformation
methods including Fourier Transform (FT) [2], Windowed Fourier Transform (WFT) [3,4], and
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Wavelet Transform (WT) [5]. Although transform-based methods need only a single frame
to perform phase retrieval, the phase quality is relatively low especially when meeting with
nonuniform ambient light, discontinuities surface and isolated objects [6—8]. Phase-shifting (PS)
often use 3 or more fringes with different intensity map to carry out Least-square (LS) fitting
algorithm, thus realizing pixel-wise phase calculation. The principle of PS ensures its high
accuracy, and makes it quite robust to various measurement environment [9]. Phase unwrapping
methods mainly include spatial phase unwrapping, temporal phase unwrapping (TPU) [10,11] and
stereo phase unwrapping (SPU) [12, 13]. Considering the hardware configuration, unwrapping
algorithm stability and speed, TPU is still the common choice. However, both PS and TPU
sacrifice measurement efficiency for more reliable 3D result, which severely restrict its application
in dynamic scene. To apply FPP to moving objects measurement and simultaneously maintain the
high-resolution result and measurement robustness, researchers have made great efforts to reduce
the fringes needed for one single 3D reconstruction [14—17] and proposed some compensation
algorithms as remedies [18—20]. However, these methods still fail to meet the ideal circumstance
that the absolute phase could be recovered from a single-shot fringe pattern.

In recent years, deep learning has become a powerful tool for digging implicit pattern from
massive data, which is promising in solving ill-posed questions. Feng et al. [21] first introduce
deep neural network (DNN) into structured light fringe analysis. By learning the intermediate
result in PS algorithm, they realized single frame phase retrieval. Another PS inspired method is
to generate several phase-shifting fringe patterns from a single fringe using deep learning, and
apply traditional PS algorithm to carry out phase retrieval [22,23]. However, these methods
can only acquire wrapped phase and need extra fringes to perform phase unwrapping. Qian et
al. [24] combined deep learning with SPU, successfully making DNN to recover fringe order
from two cameras’ view. To improve the phase unwrapping robustness, they also proposed a color
fringe encoding strategy combined with TPU. Li et al. [25,26] proposed strategies to composite
two or three fringes with different spatial frequency into a single pattern, thus theoretically
containing all the information needed for single frame fringe analysis. Though the mixed pattern
cannot be decoupled through transform-based method because of spectrum overlap, it can be
automatically separated by data-driven DNN. However, the accuracy is not as excellent compared
with single-frequency fringe analysis using DNN. The methods mentioned above as well as
some other DNN-based methods [27-30], have a common feature that DL is only taken as a
data-driven ‘black box’, lacking convincing interpretation and sufficient integration with prior
knowledge. There have been some attempts on this problem. Fan et al. [31] first introduced
unsupervised learning into fringe analysis. By virtually reprojecting fringe patterns onto the
output depth-map, they construct a self-supervised constraint for label-free learning. However,
the computer simulated dataset makes it not suitable for practical applications with complex
surface reflectivity and ambient light. Yu et al. [32,33] constructed three physical constraints
in DNNs’ loss functions based on WFT and SPU, realizing robust phase unwrapping even in a
small training dataset. However, the accuracy is lower than previous label-based DNN when
the dataset contains sufficient scenes. Yin et al. [34] combined transform-based method with
deep learning. This method shifts the learning domain from spatial to frequency, which achieves
single frame fringe analysis with a light network. However, the learning process is completely
guided by ground-truth, which still lacks guidance of physical laws or prior knowledge.

In this work, we present a phase-shifting guided deep learning for single-frame fringe analysis
which is a universal solution for integrating prior knowledge into DL phase retrieval. Through
weight-sharing strategy, we construct N same subnetwork (same structure and same parameter
space) to analyze N step PS fringes separately, set constraints on N-group net predictions in loss
functions according to the phase shifts, and keep only one single subnetwork in the architecture
during testing. Eventually, all PS fringes in projection sequence are utilized in the training stage
and single-frame fringe analysis in the testing stage is simultaneously ensured. To better guide
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the neural network’s convergence, ‘frequency-proportioned phase-shifting encoding strategy
for dual-frequency composite fringes’ (fpPSC) and ‘optimal phase shifting rules’ (OPSR) are
proposed to generate an informative fringe projection sequence. Compared with label-based DL
method, our method achieves impressive accuracy improvement both in phase retrieval and phase
unwrapping, bringing high quality 3D measurement for dynamic complex surface.

The remainder of this paper is organized as follows. In Section Principle, fpPSC, OPSR and
the DNN workflow are introduced successively. In Section Experiments, comparison results and
analysis are presented. In Section Discussion and Conclusion, the possible explanation for DL
phase retrieval is discussed to help readers better understand the mutual influences between fringe
encoding and network architecture, and the extensive application prospect is given. The theory
demonstration, formula deduction and other detailed information involved in the comprehensive
optimized framework are provided in Supplemental document.

2. Principle
2.1. Dual-frequency phase-shifting fringe patterns encoding strategy

Since we use all the phase-shifting fringes instead of the first one in each projection sequence to
optimize the neural network, the fringe patterns should be carefully designed to provide optimal
guidance for DNN. In brief, the PS fringes should share the same wave mode and obey OPSR.
Concrete demonstrations are as follows.

In previous work, dual-frequency PS fringes are defined similar to single frequency standard
N-step phase-shifting fringes, which can be written as:

1} = a? + b¥ cos(2n fyx® +2xn/N ) + bY cos(2x frxP + 2man/N ) (1)

where I is the intensity of a pixel in the projector, a” is the background intensity, b% and
bi mean the modulation of the high- and low-frequency fringe respectively, fi and fi, are the
corresponding fringe frequencies, n represents the phase shift steps (n = 0,1,2,...., N - 1), N
is the total number of phase shift (N > 5), and m is an integer to ensure the unambiguity (see
Supplement 1(Section S1)).

The corresponding captured image can be expressed as:

I;; = A + By cos(@y +2nn/N ) + BY cos(®y, +2man/N ) 2)

where I, is the intensity of a pixel in the camera, @y and @y, represent the phase information of
the high- and low-frequency fringe respectively. In this way, the phase-pair can be obtained by
Eq. (3), which is the same as single frequency circumstances:

n_lan:;)‘];sin(znn/N) or = n_lan_;)ll,gsin(zmnn/N)
SN VIS cos(2an/N ) SN VIS cos(2man/N )

3

Yy =ta

However, this ‘standard phase-shifting encoding strategy for dual-frequency composite fringes’
(stPSC) is not suitable in this work because each fringe pattern in the phase-shifting projection
sequence has a different wave mode (Fig.1(b)). Intuitively, keeping the fringe wave mode
unchanged during phase-shifting helps DNN extracts the underlying feature map more easily (see
Section Discussion and conclusion for detailed analysis). Hence, we proposed a ‘frequency-
proportioned phase-shifting encoding strategy for dual-frequency composite fringes’ (fpPSC)
(Fig.1(a)) which can be written as:

I = aP + bY cosn fux? + k funn/N ) + b} cos(2n fLxP + k fran/N ) 4)

where k is the ‘PS-coefficient” which controls the total phase-shifting range.
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Figure 1 shows a group of fpPSC and stPSC patterns with N = 6, fg = 5(/1000pixel),
S =2(/1000pixel), a? = 0.509, bz =0.255, bi = 0.235 in order to cover the entire dynamic
range of the projector (without loss of generality, here we assume the projector has a dynamic
range of [0, 1]). For clear and concise illustration, we choose k = 500 for fpPSC, m = 2 for
stPSC, and only present the first three fringe patterns (Ié’ A f ,If ) in the projection sequence. It
can be seen clearly from Fig.1 that fpPSC patterns move as one while stPSC patterns move in a

mess.
’ ipsc l I Ii

fpPSC I l i
Sy PR

0 10 200 300 400 S0 60 700 800 %0 1000

x(pixel)

Intensity(a.u.)
Intensity(a.u.)

Fig. 1. Phase-shifting patterns of fpPSC and stPSC (N = 6).

Therefore, fpPSC expressed as Eq. (4) is chosen to encode the phase-shifting fringes for
projection. The corresponding captured images can be expressed as:

I, = A+ B}, cos(®y + Ay,) + B] cos(®p +6,) ®))

where A, = kfgnn/N , 6, = kfyan/N , and the phase-pair can be obtained by LS fitting
algorithm (see Supplement 1(Section S1) for details):
YH = tan~! 231 , oL = tan~! 221 (6)
P2,1 P41
where p; ; is the element of 5 x 1 column matrix P decided by I; , A,,, and 6,,.

To obtain high-quality LS fitting result and offer DNN informative guidance, the phase shifts
of both high- and low-frequency components should follow the optimal phase-shifting rules
(OPSR): Regulate each phase shift A, (d,,) into 27 period by mod operation and view these phase
shifts as sampling points within a 27 range:

1) Total number of samples N should be as large as possible.
2) The overall sampling range should be as wide as possible.
3) The distribution of sampling points should be as even as possible.

Therefore, when generating specific f{pPSC fringe projection sequence, fx, fr, N, and k should
be determined properly to make the phase shift A, (5,,) satisfy the OPSR. Detailed demonstration
will be introduced in Supplement 1(Section S2).

2.2. Phase-shifting guided deep learning for single frame fringe analysis

In previous DL fringe analysis methods, single frequency standard N-step phase-shifting is often
adopted together with TPU to make ground-truth (GT) for DNN. Targeting at single frame fringe
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analysis, researchers tend to choose the first fringe pattern in each projection sequence as the DNN
input, and use corresponding label as outputs’ GT to guide the DNN convergence. We call that
‘label-based method’. In this way, a large number of fringe patterns are wasted during network
training process. To fully exploit the fringes captured during GT making process, we designed
a weight-sharing network architecture to perform phase-shifting guided deep learning, which
uses all the PS fringes as the network input during training and is capable of single-frame-input
prediction during testing. The network architecture and overall flowchart (after DNN being
properly trained) are shown in Fig.2 and Fig.3.

(a)

Pipeline g
For DNN EuETTy m m ] ]
Training ! il \ - o | hliel «l i N-step Phase-shifting Y ' Ne-group
e — . * net
net prediction (Group 1) Vet ,egio‘n prediction
s
S <
€ | | Constraint 0
In Channel U-Net Out Channel 1 Out Channel 2 /‘ Constraint1 I Constolny2 I
| .
N-step Phase-shifting i weight sharing | N-group net prediction oS0 159 Loss 2

(b) (©

Pipeline for DNN Testing

In Channel U-Net Out Channel 1 Out Channel 2
U-Net

Fig. 2. DNN framework. (a) Pipeline for training stage; (b) Pipeline for testing stage;
(c) Unet architecture.

Pipeline for DNN Testing Pipeline for Post-processing

I

/| ”"f
N A
In Channel U-Net for £, Out Channel 1 Out Channel 2

A

Wrapped Phase Absolute Phase

(High Frequency)

Pipeline for DNN Testing

N -
44— |
- & . 4,// IM m
— Wrapped Phase

In Channel U-Net for 7, Out Channel 1 Out Channel 2 (Low Frequency) 3D data

Fig. 3. Overall flowchart of the proposed approach to single-frame 3D shape measure-
ment.

2.2.1. Training stage

To train a network for retrieving a certain component’s phase (high- or low-frequency component
of the composite fringe), the detailed procedure is as follows.

Stepl: Generate fpPSC fringes based on Eq.(4). Referring to previous research [25], we choose
fu = 11—9 (pixel ) and f; = 51—1 (pixel™!) , which has been proved effective for DL single-frame
phase retrieval and unwrapping. Then we choose N = 12 and k = 124 to make the phase shifts
satisfying OPSR (see Supplement 1(Section S2) for details). In order to cover the entire dynamic
range of the projector [0,255], we set a, = 130, bZ =65, bIIj = 60.
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Step2: Project, capture and data preprocess. For each scene, we project 12 fpPSC fringes and
capture the corresponding deformed fringe intensity maps. Then we carry out data normalization
and file format conversion (see Supplement 1(Section S3.B) for details) before feeding them
into the neural network.

Step3: Feed preprocessed data into a DNN architecture with 12 weight-sharing subnetworks
and construct corresponding loss functions. Here we choose Unet as subnetwork backbone for
its great balance between FLOPs and performance (see Supplement 1(Section S3.B) for Unet
architecture). For each scene, 12 captured fringe patterns are fed into 12 weight-sharing Unet
respectively, namely each Unet receives a single frame input. Then the 12 Unet with totally
same parameter space analyze the 12 fringes in parallel and give 12-group predictions. We set
the n-th Unet prediction as a two-channel tensor yj,, = (M b D L). The first channel gives
the numerator term M}, of arctangent function in LS algorithm (like Eq. (6)) and the second
channel gives the corresponding denominator term DY,, . The reasons for this setting are as
follows. For one thing, it bypasses the difficulty of predicting wrapped phase with periodic 2z
jump and enables higher quality phase extraction compared with end-to-end method [30, 35].
For another, the definition of numerator and denominator term naturally ensures its capability
for calculating wrapped phase ¢ and modulation B (see Supplement 1(Section S1) for details),
which is convenient for the construction of the following constraints.

Taking high-frequency component as an example, noting group n-th prediction as y},, , =
(M Dy
Constraintl: Use group n-th prediction to calculate the phase value ¢, ; of the first group
(first fringe in each phase-shifting projection sequence) according to the phase shifts.

there must exists three constraints.

M” k

4 Mpr Sfanm

Opr g =tan - (7
B DnDL_H N

No matter which index 7 is chosen, the obtained ¢7,, ,, should keep the same (relative position
in a 27 period), namely: -
$pL H = SDODL_H (mod 27) ®)

Constraint2: Use group n-th prediction to calculate the modulation By, .

n n 2 n 2 0.5
Bpr u = ((MDLJ-I) +(Dpy n) ) )
No matter which index 7 is chosen, the obtained BY,, ,; should keep the same, namely:

DL_H = BODL_H (10)
Constraint]1 &2 give out the relative relationship between different groups’ output prediction,
but is unable to construct the absolute relationship between input and output. This may lead to
a result that the 12-group predictions follow the relative relationship well but cannot give the
correct exact value. To eliminate the difficulty for DNN to find the absolute mapping rules itself,
we need another constraint.
ContraintQ: Calculate the first group’s (n = 0) yrs g = (Mrs_m, Drs _m) using LS algorithm
(see Supplement 1(Section S1) for details) to constraint the value of <p0D . g and B(l)) . g thus
setting an absolute benchmark for the relative relationship in Constraint1 &2, namely:

$Ls_H =tan” D =9%pL H (11)

5 205,
Brs u = ((MLS_H) +(DLs_H) ) =Bpr u (12)
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According to the above Constraint0&1&2, we generate 3 modules (Fig.2(a)) to construct
corresponding 3 loss functions (Loss0&1&2, see Supplement 1(Section S3.A) for details).
After proper training, we got a network that can extract phase of the high-frequency component
in a composite fringe. Similarly, we change the fgy to fr in Eq. (8), change y;s g =
(Mrs m,Drs_m) and all the corresponding value from high- to low-component, then we got
another network responsible for low-frequency phase retrieval. In testing stage, two trained
network responsible respectively for high- and low-frequency phase extraction are used.

2.2.2. Testing stage

During testing stage (Fig.3), we need just the first one of 12-step PS fringes as the network input.
For retrieving the wrapped phase (both high- and low-frequency component of the composite
fringe), absolute phase and 3D results, detailed procedure is as follows.

Stepl: Generate 1 composite fringe, which is the first of the 12 fpPSC fringes in training stage.
Step2: Project, capture and data preprocess.

Step3: Feed preprocessed data into a DNN (trained for high-frequency component) with only 1
subnetwork, which is the first (or any one) of 12 weight-sharing subnetworks in training stage.
Similarly, feed the data into another DNN (trained for low-frequency component). Then we got
the numerator and denominator terms of the arctangent function for retrieving both high- and
low-frequency wrapped phase ¢pr_ g and ¢pr, 1.

Step4: Use the DNN output to perform phase retrieval and temporal phase unwrapping. The
wrapped phase-pair ¢pr,_g and ¢py, 1. can be expressed as:

0 0
A Mpru A Mpr .
$pL_H =tan 0 , ¥pL_L =tan 0 (13)
DL_H DL L
where M}, ,,, DY,, ; is the output of DNN for high-frequency, My, ,, DY,, , is the output

of DNN for low-frequency.
The absolute phase corresponding to the wrapped phase of two frequencies can be expressed
as:

DOpr v =¢prL_u+27kpr_H (14)

®pr 1 =¢pr 1 +2rkpr L

where kp;_g and kpy_, are the integer fringe order, which can be obtained through number-
theoretical approach (one of the TPU algorithm). With least common multiple LCM (f;', f; 1)
exceeding the lateral resolution W of the projected pattern, every phase-pair (¢pr,_m, ¢pr_r) i8
unique within the lateral range. Therefore, we can establish lookup table (LUT) to determine the
fringe order [10]:

(kpr_wkpr_r) = LUT [Stair(x, y)] (15)
where Stair function can be expressed as:

$YDLH ‘PDL_L)
2r fL 2r fu

After getting the fringe order, we can get the absolute phase by Eq. (20).
StepS: Map absolute phase to 3D coordinates. For better anti-noise performance, we choose
the absolute phase of high-frequency component to perform 3D mapping [9]. By utilizing the
pre-calibrated parameters of the FPP system, 3D information of the objects can be reconstructed.
In this Section, we present a training strategy that fully utilizes all PS fringes in training stage
and keeps single frame fringe analysis ability in testing stage. By directly construct loss functions
according to prior knowledge like Eq.(8) and Eq.(10), we forced neural networks to ‘learn’ the
mathematical form of the output, instead of just give a label and leave it confused about what the
output is used for.

Stair(x,y) = round( (16)
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3. Experiment

To test the performance of the proposed phase-shifting guided deep learning approach, we
construct a monocular FPP system, which includes a LightCrafter 4500Pro (912 x 1140
resolution) and a Basler acA640-750 um cameras (640 x 480 resolution). The size of the
measuring field is about 240 mm x 200 mm. We collect 1000 scenes including continuous and
isolated surfaces with different reflectivity distribution, and divide them into train set, validation
set and test set (800:100:100). Fig.4 shows some typical scenes in the training datasets.

Fig. 4. Typical scenes in training datasets. E.g. single smooth surfaces, single complex
surfaces and the different combinations of them forming isolate surfaces.

Each scene we captured 36 fringes including 24 single frequency fringes (12 high-frequency
and 12 low-frequency fringes with standard PS, ‘12+12 PS’ for short) and 12 proposed frequency-
proportioned phase-shifting composite fringes (‘12 fpPSC’ for short). The former 24 fringes are
used to obtain high quality phase map based on LS algorithm, which serve as the standard to
perform error analysis in this section and the label of control group DL method. The latter 12
fringes are used as the training input of proposed method.

To be concrete, the control group method chooses the first frame of fpPSC fringe sequence as
the input and outputs the corresponding numerator and denominator, using MSE loss function
to guide the convergence. We call that label-based method. The proposed method uses 3 loss
functions to guide the convergence, where y; s (label) in Loss0 obtained by the latter ‘12 fpPSC’
fringes has a bit lower quality. When calculating Mean Absolute Error (MAE) in the later error
analysis, for convenience and uniform standard, we choose the high-quality label as GT (obtained
by ‘12+12 PS’) for evaluating both label-based method (control group method) and PS-guided
method (proposed method). The constructed network is computed on Cloud Sever AutoDL using
Intel(R) Xeon(R) Platinum 8358P CPU and an NVIDIA A40(48GB) GPU, with deep learning
framework Pytorch (Facebook).

To verify the superiority of our approach over label-based method, we measured a hundred
different scenes that were not seen by neural networks during training stage. We choose the most
representative three scenes to show their visualized error map and present the error distribution
of whole 100 test scenes (Fig.5).

For the first scene (#1), a David plaster, we can see that complex regions having disordered
reflectivity distribution near ear, nose, hair, neck are measured with large errors, both in high-
and low-frequency predictions. When using our method, the MAE of absolute phase is greatly
reduced from 0.087 rad to 0.045 rad.

For the second scene (#2), a cylinder and a skull, we can see that the phase of smooth areas
with gentle depth changes is retrieved accurately, while that of regions having steep depth changes
are measured with large errors. When using our method, the MAE of absolute phase is reduced
from 0.074 rad to 0.042 rad.



(a) Wrapped phase  Wrapped phase  Absolute phase
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3
Label-based
method
0
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3
PS-guided
method
(Our)

o

MAE = 0.141 rad MAE = 0.101 rad MAE = 0.074 rad
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Fig. 5. Comparison between label-based method and PS-guided method. (a) Error
maps. (b) Error distribution.



284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

For the third scene (#3), a pirate and a goddess, we can see that the low-frequency wrapped
phase error may extremely influence the phase unwrapping accuracy. In label-based method, the
red region indicating large error in the absolute phase map is caused by the error in low-frequency
wrapped phase. When using our method, the error is eliminated well, thus the MAE of absolute
phase is sharply reduced from 0.157 rad to 0.059 rad.

It needs to be mentioned that, the reason why the absolute phase MAE is considerably smaller
than the wrapped phase MAE is that jump area of the predicted wrapped phase and that of the GT
wrapped phase do not completely coincide. The errors caused by these very slight misalignments
(often only one pixel apart) will be automatically canceled after phase unwrapping.

Fig.5(b) shows the error distribution of the whole 100 test scenes. The horizontal axis divides
absolute phase MAE into every 0.005 intervals, while the vertical axis shows the number of
scenes within the corresponding intervals. In label-based method, there are 19 scenes MAE over
0.095 rad, while in our method, only 9 scenes MAE between 0.07rad and 0.095 rad with not a
single scene over 0.095 rad. It can be seen clearly that, the error distribution has been effectively
transferred from high-MAE part to low-MAE part. This strongly testifies the excellence of our
PS-guided method.

Based on calibration parameters of the projector-camera FPP system, the 3D reconstruction
results can be obtained through phase-height mapping. Fig.6 shows the comparison results of
three methods: the 12+12 PS with TPU (the ground-truth generation method) (Fig.6(a,d,g)),
label-based method (Fig.6 (b,e,h)), PS-guided method (Fig.6(c,f,i)). Our PS-guided method
successfully achieves more precise and robust 3D results.

It can be seen clearly that, the error reduction in high-frequency wrapped phase leads to less
absolute phase error around complex regions, bringing better surface detail in 3D reconstructions.
Meanwhile, the error reduction in low-frequency wrapped phase leads to more robust phase
unwrapping, bringing less huge mistakes in 3D results. Therefore, PS-guided method deserves to
be applied in both high- and low-frequency phase retrieval.

To further verify the effectiveness of the proposed loss functions, we carry out the ablation
study for high-frequency phase retrieval of fpPSC fringes. Fig.7 shows the loss curve in training
stage (Fig.7(a)), the wrapped phase error map of one scene in testing stage (Fig.7(b)) and the
wrapped phase error distribution of all scenes in testing stage (Fig.7(c)). Four colors are used to
represent different loss combinations: orange (complete loss functions), blue (LossO+Loss2),
green (LossO+Loss1), gray(Loss0). It needs to be mentioned that the loss data used to draw loss
curves is not the backward loss, but the spatial part of Loss0. Therefore, the curves of different
losses are able to be compared. In Fig.7(a), we can infer that both Loss1(the constraint for phase)
and Loss2 (the constraint for modulation) have the positive effect, and Loss1 plays a relatively
more important role. Corresponding results can be seen in Fig.7(b) (gradually descending MAE
value) and Fig.7(c) (gradually left-shift MAE distribution).

4. Discussion and conclusion

In our opinion, phase-shifting based on least-square algorithm and deep learning are both
fitting method for phase retrieval. The common target of them is to get rid of the ambient
illumination and nonuniform surface reflectivity that hinder the extraction of phase distribution.
The pixel-wise influence of the two types of interference factors appears in average intensity
A(x,y) and intensity modulation B(x,y) of the captured intensity map /(x,y) [9]. For LS
algorithm, each scene is measured independently by projecting a series of fringes with different
I(x,y) through adjusting the phase. Supposing the ambient light and surface reflectivity stay
unchanged during the projection sequence, the interference as well as the needed phase can
be mathematically fitted through LS algorithm. However, when meeting with time-varying
ambient light, or even dynamic/moving objects (which means changing surface reflectivity)
within the projection sequence, phase-shifting algorithm is by no means available. Different
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from PS repeatedly carrying out scene-independent calculation, deep learning method utilizes
a large number of scenes to ‘learn’ the optimal mapping rules from the input intensity map to
target feature map. Since some convolutional neural networks (like Unet) tend to concentrate on
local information, the input intensity distribution within local receptive field can be classified
into approximately limited types. Therefore, limited convolutional kernels can find an optimal
non-linear combination that satisfies the vast majority of scenes in the train set. And once the
convolutional kernels are capable of handling situations in train set, they can tackle with other
situations in test set (same measurement environment, same local reflectivity distribution with
those in train set). Concrete analysis is as follows.

Considering the components of captured intensity maps of different scenes, there are projection
light with fixed wave mode, ambient light with stable distribution and surface reflectivity with
various distribution. Dividing the whole camera view into several receptive fields, we suppose y as
the number of types corresponding to local ambient light distribution. Under static measurement
environment and fixed camera view, y is completely a constant value. Similarly, we suppose i
as the number of types corresponding to local surface reflectivity distribution. Though there
must be infinite types of local reflectivity distribution, large training data can include most cases
that ensures any so-called ‘never-before-seen’ scene in test set can find a similar distribution
in train set in a local view. If we classify similar local reflectivity distribution into one type, n
can be seen as a finite value. Besides, we suppose p as the number of types corresponding to
local projection wave mode. Since the projected fringes are fixed, p is ideally a constant value.
However, the fringe distortion due to object surface may slightly influence the local projection
distribution (wave mode) in captured fringe pattern. Thus, p should be seen as a finite value. In
actual experiment, the camera sensor just captures the intensity map, which is the combination of
ambient light, projected fringe, and surface reflectivity. Therefore, type-number of local intensity
distribution w is co-decided by vy, p, . Supposing DNN have a certain capacity for w, the less y
and p exist, the more 7 can be recognized.

Using € to represent the ability of chosen DNN (concerning structure, loss functions, optimizer,
etc.), supposing the training strategy enables DNN to achieve best capacity, we define the phase
retrieval ability of a trained DNN as I':

Q@
FaN, - —¢ (17)
y-p

where N is the number of scenes in train set, & mean the average type-number of local intensity
distribution in one scene (one projection sequence). Therefore, to achieve better DNN phase
retrieval, concrete measures can be conducted. From the positive correlation factors, we should
create a large amount of training data containing various scenes, construct strong neural networks
with leading loss functions, and try to enlarge the type-number of local intensity distribution.
From the negative correlation factors, we should experiment in uniform ambient illuminations
(dark room the best), and avoid using complex fringe patterns.

Having the analysis above, all the techniques used in this work can be understood more
clearly. In previous work, DNN composite fringe analysis is adopted to achieve single frame 3D
measurement. However, DNN single-frequency fringe phase retrieval does have a better accuracy
over composite fringes. The reason just lies in the type-number of local projection wave mode p.
Single-frequency fringes have far less p for its periodic wave mode, while composite fringes
designed for number-theoretic TPU have no periodicity. In Section 2.1, we proposed fpPSC to
minimize the p for a projection sequence. Then OPSR is proposed to produce more different
combinations of projecting light and surface reflectivity, thus augmenting the local intensity
distribution types @ in each projection sequence. This could maximize Loss1&2’s guidance.
Chances are that OPSR provides high-quality LS fitting results (see Supplement 1(Section S2)),
strengthening Loss0’s guiding effect. In Section 2.2, we adopted a weight-sharing network
architecture, constructed physics-based loss functions to give DNN more careful guidance, which
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is the enhancement for Q. To sum up, the fringe sequence is encoded for maximizing neural
network’s ability, and the network architecture is designed to fully utilize the captured fringe
patterns. This is a self-consistent view that must be understood from the overall optimization
perspective under the circumstance of dual-frequency composite fringe analysis in this paper.

Actually, this view is compatible with single-frequency fringe analysis and can be extended to
other applications. In single-frequency fringe phase retrieval, the sinusoidal PS fringes perfectly
satisfy the OPSR. Using weight-sharing strategy with constraints proposed in Section 2.2 to
conduct DNN training process, the wrapped phase quality can also be improved considerably in
testing stage. This method combined with SPU may push single-frame fringe analysis to a new
limitation. In other scenarios that traditional fitting algorithms restrict some specific applications
(like dynamic measurement in FPP) while deep learning is faced with underdetermination
(ill-posed question), researchers may explore a way to fully utilize the raw data and try to integrate
the mathematical/physical rules into deep learning to achieve better outcomes.

In this paper, we introduce a universal deep learning fringe analysis framework for phase-
shifting fringe sequence. Taking dual-frequency composite fringes as an example, we present the
phase-shifting guided fringes encoding strategy, network architecture and loss functions. Through
optimal design for the overall process, our FPP system can achieve unprecedented enhancement
compared with previous label-based methods, realizing higher-accuracy and more robust 3D
shape measurement. The possible explanation for DL phase retrieval is also discussed, which
indicates that although DL performs single-frame fringe analysis well in fixed measurement
environment, one trained network is not always reliable in all application scenarios. Due to
the essence of present deep neural networks, we would not expect one network to deal with all
scenarios in the future. Instead, different expert subnetworks which tell their own pixel-wise
confidence levels would be tried to construct, in order to perform self-adaptive accountable
high-quality pixel selection, thus further pushing the precision and reliability of deep learning
fringe analysis.
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