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In order to solve the problem of unwrapping the phase in digital holographic reconstruction, a new
convolutional architecture is proposed. The proposed method takes the U-net network as a frame-
work, and incorporates the lightweight deep learning network of Mobilenetv1 in the encoding part
to reduce the model complexity, the number of parameters, and the cost of computation; and pro-
poses a complex dual-channel convolutional block in the decoding part instead of the 3 x3 convo-
lution in the original U-net network, which fully incorporates the features in the decoding process.
(abbreviated as DC-UMnet network) Meanwhile, the loss value is calculated using the
SmoothL1Loss function, and the activation function uses ReLU6. Finally, the simulated dataset
containing noise is used for training; and the experimentally obtained wrapped phase maps is used
for verifying. The simulation results show that under different degrees of noise conditions, com-
pared with the DCT method and the deep learning phase unwrapping network, the structural sim-
ilarity index values of the DC-UMnet network are improved by 0.416 and 0.064; and the normalized
root-mean-square errors are reduced respectively by 13.2% and 5.8%. Through the actual meas-
urement data, the proposed network model of the feasibility and good noise reduction ability are
verified, which can realize digital holographic phase unwrapping in a simple, fast and efficient way.
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1. Introduction

Digital holographic microscopy [1] is a combination of digital technology and tradi-
tional optical holographic imaging technology, which through the interference between
the object light wave and the reference light wave, the phase information is recorded
in the form of interference fringes and phase reconstruction is carried out by computer.
Digital holographic microscopy, as a non-destructive measurement technology, has the
advantages of no marks, no damage and high-precision fast phase imaging [2], and it
is widely used in the fields of three-dimensional topographic measurement, industrial
inspection, microscopic particle imaging and biomedical interferometry [3-6]. In the
digital holographic reconstruction process, the phase wrapped in the (—mx, 7] interval
obtained by using the inverse tangent function calculation. The difficulty lies in the
need to obtain the real phase information through the phase unwrapping operation.
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In order to solve this problem, researchers have successively proposed a variety of
phase unwrapping methods to achieve complex phase unwrapping. For example, the
improved three frequency heterodyne synthesis phase unwrapping method [7], the time
series phase unwrapping algorithm based on the Lp norm optimized compressed per-
ception [8], and the weighted least square phase unwrapping algorithm based on the
reliability mask [9]. The improved three-frequency heterodyne synthesis phase un-
wrapping method introduces Otsu segmentation to judge the phase threshold according
to the distribution found during phase difference calculation. It improves the measure-
ment accuracy through calculating by phase difference and phase sum. This method
can reduce the influence of noise and further improve the accuracy of measurement
results, but it cannot guarantee the speed of phase unwrapping. In the case of strong
noise and steep gradient, the time series phase unwrapping algorithm based on Lp norm
optimization compression perception transforms the minimized L, norm problem into
a non-convex problem with weak constraints. It is an optimized compressed sensing
model which combines the constraint criterion of phase triplet closure in time domain
and the solution strategy of iterative reweighted least square method. The weighted
least squares unwrapping algorithm based on reliability mask has strong anti-noise
ability and robustness. However, for phase maps with more texture characteristics, the
phase of the edge of the masked object is smoothly suppressed in the unwrapping op-
eration. The result is a large phase error. To sum up, there are currently two mainstream
research directions of phase unwrapping algorithms: the first is to improve the speed
of unwrapping, and the second is to improve the quality of unwrapping in the case of
strong noise. The traditional phase unwrapping method has now entered into a bottle-
neck period. And it is expected to use deep learning to improve the speed, quality and
robustness of phase unwrapping.

In recent years, deep learning technology has developed rapidly and made some
achievements in phase unwrapping technology. At the same time, the paper solves the
phase unwrapping problem based on deep learning technology. The U-net [10] network
architecture based on deep learning semantic segmentation provides new ideas and
methods for phase unwrapping. It can be used for general research on Gaussian func-
tions to process simulated phase data. The results show excellent anti-noise perfor-
mance and anti-aliasing performance. PhaseGAN [11], a fractal learning method based
on generating adversarial networks, is used to solve the problem that the deep learning
architecture relies on the paired data set. It is only applicable to the fully corresponding
data, while ignoring the physical characteristics of the imaging process. In view of the
phase wrapping problem encountered by biological samples in digital holographic
microscopy imaging, the Pix2Pix [ 12] network is used for phase unwrapping operation,
and the digital holographic microscopy image of biological cells is used for verifica-
tion. The computing speed of this network has been greatly improved. Moreover, the
depth Fourier channel attention Network (DFCAN) [13] uses the differences of various
features in the frequency domain content to learn the high-frequency information of
various biological samples. Compared with other methods, this network image has
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better enhancement effect, stronger robustness and generalization ability. Fourier do-
main focusing of DFCAN can achieve robust reconstruction of SIN images under low
SNR conditions. In the complex phase field of noise, discontinuity and aliasing, it is
necessary to design the network for these problems to improve the robustness and ef-
fectiveness of traditional methods. For example, phase unwrapping technology based
on U-net network [14] and phase unwrapping technique based on adversarial neural
network [15]. The choice of loss function in the method of deep learning phase un-
wrapping is very important. For example, PhaseNet [16] network architecture classi-
fies phase unwrapping as a semantic segmentation problem. The network adopts a new
type of loss function, which is robust to noise. It integrates residuals by minimizing
the step difference and takes advantage of L1 losses to overcome the problem of class
imbalance. Another example is that the MNet [ 1 7] network promotes the fusion of shal-
low information and deep features through a rich jump connection structure, while us-
ing the structural loss function.

For the problem of phase unwrapping under serious noise conditions, an anti-noise
phase unwrapping method is needed to accurately and quickly realize phase unwrap-
ping. Based on U-net network, this paper proposes a phase unwrapping method based
on DC-UMnet network.

2. The principle of phase unwrapping in DC-UMnet network

The principle of digital holographic phase unwrapping can be explained by the fol-
lowing equation:

p(x,y) = ¢(x,y) +2nk (1

where ¢ (x, y) is the wrapped phase, ¢(x, y) is the real phase. The phase unwrapping
means that the £ value is estimated from the wrapped phase ¢ (x, y), so that the real
phase of the object ¢(x, y) is obtained.

Figure 1 shows the process of the DC-UMnet network phase unwrapping method,
which is mainly divided into two parts. The network training process is shown in
Fig. 1(a) and the network test process is shown in Fig. 1(b). The mapping relation-
ship between the wrapped phase and the real phase is established according to Eq. (1).
The orange part in Fig. 1(a) is the data set generation stage, and the blue part is the
network training stage. The best model weight of the network is obtained through train-
ing. After the training is completed, the wrapped phase map collected by the experi-
ment is entered into the network shown as Fig. 1(b), and the network will automatically
call the established mapping relationship for phase unwrapping.

2.1. DC-UMnet network structure

The feasibility of a deep learning network is crucial. Since the U-net network based
on the encoding part and the decoding part structure has been widely used to perform
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(b)

Fig. 1. Phase unwrapping flowchart of the DC-UMnet network. (a) Training process, and (b) testing
process.
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Fig. 2. Network structure of DC-UMnet.

different tasks. Therefore, a DC-UMnet network based on this structure is constructed
as shown in Fig. 2. On the basis of the U-net network, the DC-UMnet network inte-
grates the lightweight deep learning network of MobileNetv1 in its coding part, which
is conducive to reducing the complexity, number of parameters and computing cost
of the model. In order to improve the feature extraction ability and anti-noise ability
of the model, a complex dual-channel convolution module (hereinafter referred to as
DC Block) replaces the 3 x3 convolution in the original U-net network.

Since MobileNetv1 requires little computation and runs fast, the lightweight net-
work of MobileNetv1 is embedded into the U-net network architecture, as shown in
Fig. 3 and the number of channels is shown in Table 1. Input represents the number of
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Fig. 3. Left coding part of DC-UMnet.

input channels, Conv_pw represents point-by-point convolution, Conv_dw represents
deep convolution, and output represents the number of output channels, stride repre-
sents the convolutional stride. Compared with the traditional convolution method, the
deep separable convolution greatly reduces the amount of parameters and calculation.

Table 1. Left coding part and bridge path.

Layer Input Operator Output Stride
1 3 Conv_bn 32 2
1 32 Conv_pw 64 1
1 64 Conv_dw 128 2
1 128 Conv_pw 128 1
1 128 Conv_dw 256 2
1 256 Conv_pw 256 1
2 256 Conv_dw 512 2
2 512 Conv_pw 512 1
2 512 Conv_pw 512 1
2 512 Conv_pw 512 1
2 512 Conv_pw 512 1
2 512 Conv_pw 512 1
3 512 Conv_dw 1024 2
3 1024 Conv_pw 1024 1
3 1024 Avg Pool 1024 1
3 1024 FC 1024 1

The right decoding part in Fig. 2 consists of the DC Block module, also known as
the dual-channel convolution module. The DC Block module is symmetrical as a whole,
and three 3 x 3 convolutional layer sequences are used on the left and right sides shown
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as Fig. 4. It achieves the purpose of fully fusing the characteristic information contain-
ing noise, so as to realize the phase unwrapping.

2.2. Activation function and loss function
2.2.1. Activation function

The ReLU6 function has been proved by many deep learning tasks to have the advan-
tages of good gradient propagation effect, sparse activation and high calculation effi-
ciency. Therefore, the DC-UMnet network uses the ReLU6 function to activate the
extracted feature diagram nonlinearly. ReLU6 function f(x) can be expressed as:

0, x<0
f(x) =4x, 0<x<6 2)
6, x>6

where x is the input value.

Compared with activation functions such as Sigmoid and Tanh, the convergence speed
of the ReLU6 activation function is much faster. The ReLU®6 function f(x) is used to
suppress the maximum value, which helps to maintain accuracy when quantifying the
mode. It can also reduce the amount of computing on the network to improve the net-
work training speed and increase the nonlinearity of network. Moreover, it reduces
overfitting and prevents the gradient from disappearing.

2.2.2. Loss function

The loss function is a reflection of the model’s degree of data fitting. In the training
of the neural network, the selection of the loss function and the adjustment of various
parameters of the gradient decline are particularly important. The smaller the loss func-
tion, the better the robustness of the model. The choice of the loss function depends
on many factors, including whether there is a group point, the time efficiency of the
operating gradient drop, whether it is easy to find the derivative of the function, and
the confidence of the predicted results. The paper uses SmoothL 1Loss to calculate the
loss value, as shown in the following equation:

SmoothL.1Loss = 3)

0.5x2, Ix| <1
|x] —0.5, x<-1 or x>1
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In Eq. (3), x is the numerical difference between the predicted value and the real
value.

Compared with the loss functions L1 loss and L2 loss commonly used in deep learn-
ing, SmoothL1Loss improves the zero-point non-smoothing problem. It has excellent
robustness to outliers in the training data, and can control the gradient level to avoid
affecting the final training effect of network due to special points.

3. Network training
3.1. Generation of simulation data sets

Assuming that ¢ (x, y) is the true phase and the w(x, y) is wrapped phase, the relation-
ship between them is shown in the following equation:

w(x,y) = angle{exp[igp(x,y)]} “4)

In Eq. (4), i is an imaginary unit, and the angle function uses plural independent var-
iable to wrap the real phase in the (—x, ] interval.

The phase map randomly generated by MATLAB software is selected as the data
set. The initial matrix size is set to a random 2x2 to 8§ X8, and its value range is set to
10 to 40. Each matrix is expanded to 128 x 128 by interpolation. The generated two-
dimensional phase distribution is used as the real phase. Then, we generate the corre-
sponding wrapped phase according to Eq. (4). The simulated wrapped phase and the
corresponding unwrapped phase are calibrated in pairs. And the 30% data set is added
noise to improve the anti-noise ability of the network. Before all wrapping phases are
wrapped, pepper and salt noise [0, 0.05, 0.10, 0.15, 0.20] is randomly assigned to sim-
ulate no noise, light noise, moderate noise and severe noise in real data respectively.
A total of 25,000 unwrapped phases are generated, and the corresponding simulated
wrapped phase is obtained through Eq. (4). The simulated wrapped phase and the cor-
responding simulated unwrapped phase are calibrated in pairs, in which 23,500 pairs
are used for training and 1,500 pairs are used for testing.

3.2. Network training environment

This experiment is run in PyCharm software. The host uses Intel(R) Core(TM) i5-9300,
the CPU running frequency is 2.4 GHz, the graphics card is Nvidia GeForce GTX 1650,
and the memory is 11. 8G. This paper uses the PyTorch (Python3.8) deep learning
framework in the Anaconda environment for network training. The model parameter
learning rate is set to 0.01, the batch size is set to 32, the loss function uses
SmoothL1Loss, and the optimizer uses Adam (adaptive moment estimation).

3.3. Effect evaluation indicators of network models

Structural similarity index (SSIM) is used to objectively evaluate the results of simu-
lated test solutions. It can intuitively reflect the human eye’s perception of the image.
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The SSIM value is within the [-1, 1] range. The closer the value of SSIM is to 1, the
more similar the two images and the higher the quality. The farther the SSIM is from 1,
the greater the difference between the two images and the lower the quality. The ex-
pression of the SSIM is as follows:

(ﬂxz + ﬂyz + C1)(0'x2 + Uy2 + Cz)

SSIM(x, y) = Q)

where x and y represent the predicted phase and real phase, respectively; u represents
the mean value; o represents the standard deviation; Oy is the covariance of x and y;
C, and C, are two constants, which are used to avoid zero in the denominator and to
control contrast and structure.

Normalized root mean square error (NRMSE) is an indicator that evaluates the dif-
ference between prediction results and real results, and is often used for model eval-
uation of regression problems. It normalizes the root mean square error (RMSE) to the
range of the predicted value, making the comparison between different data sets and

problems more fair. The expression of the NRMSE is as follows:

NRMSE = —~¥MSE_ ©6)
Ymax ~ Vmin

where MSE is the mean square error; y,,,, and y,;, are the maximum and minimum
values of the predicted value and the real value, respectively.

4. Experimental results and analysis
4.1. Simulation test results

The data set generated by the above method is used for simulation for experimental
verification. Five wrapped phase maps are randomly selected in the test set for
DC-UMnet network training and tested shown as Fig. 5. The unwrapped phase map
randomly generated based on MATLAB software is shown in Fig. 5(b), and the cor-
responding wrapped phase map generated according to Eq. (4) is shown in Fig. 5(a).
Figure 5(c) is the unwrapped phase map generated by the DC-UMnet network.

The SSIM index of the DC-UMnet network phase unwrapping results in Fig. 5 is
0.996, 0.998, 0.997, 0.996 and 0.998, respectively. Its normalized mean root error is
0.88%, 0.89%, 0.89%, 0.87% and 0.86%, respectively. The results above indicate that
phase unwrapping can be completed well.

4.2. Anti-noise performance test

In the actual measurement, there are various noises in the environment where the phase
maps are obtained, so the anti-noise ability of the DC-UMnet network needs to be test-
ed. By unwrapping the phase under different degrees of noise conditions, the anti-noise
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{a) Wrapped phase

{b) Real phase

(¢) DC-UMnet

Fig. 5. Simulation test set test results.

ability of the network model is verified. DCT method, U-net network, DC-Unet net-
work, Res-Unet network and DC-UMnet network were used to unwrap the simulated
phase containing pepper and salt noise density P of 0.03, 0.06, 0.09, 0.12, 0.15, 0.18
and 0.21, respectively, and the results are shown in Fig. 6. It can be seen that the phase
unwrapping results of U-net, DC-Unet and Res-Unet networks have the problem of
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Fig. 6. Results of phase unwrapping.
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Fig. 7. Performance comparison of different methods.

Table 2. The performance indexes of phase unwrapping results of different methods.

Method SSIMp SSIM, NRMSEg NRMSE
Our method 0.990 0.921 0.88% 1.58%
DCT 0.961 0.505 7.74% 14.82%
U-net 0.977 0.857 2.43% 7.35%
DC-Unet 0.871 0.648 8.33% 11.94%
Res-Unet 0.951 0.728 3.53% 8.95%

phase information loss. In addition, with the increase of noise severity, the phase un-
wrapping results of DCT are gradually unsatisfactory.

The performance comparison of the above five methods is shown in Fig. 7. The per-
formance indexes of phase unwrapping results of different methods are shown in
Table 2. SSIMy indicates the SSIM value before the change and SSIM, indicates the
SSIM value after the change. NRMSEp indicates the NRMSE value before the change,
and NRMSE, indicates the NRMSE value after the change. Compared with other
methods, the SSIM value of the proposed phase unwrapping method is increased by
0.2365 on average, and the normalized mean square error is reduced by 9.18% on av-
erage. Experimental results show that this method has good phase expansion ability
and anti-noise ability.

4.3. Experimental test results
4.3.1. Record of hologram

In order to verify the feasibility of this method, the off-axis micro holography is used
for experimental verification. According to the Mach—Zender optical path, the pre-am-
plified digital holographic recording optical path schematic diagram is shown in Fig. 8.
The laser in the optical path is THORLABS HRS015 helium-neon laser, with a power
of 1.2 mW and a wavelength of 632.992 nm. The objective lens is made of OLYMPUS
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Laser

Fig. 8. Optical path diagram of experimental recording.

MPLFLN20X microscopic objective lens, with a magnification of 20 times and a focal
length of 9 mm. The camera uses Basler’s acA4112-30 um industrial camera with
a resolution ratio of 4096 x 3000 and a pixel size of 3.45%3.45 um.

In Fig. 8, the light emitted by the He-Ne laser is divided into two beams through
the 1/2 wave sheet and the polarization beam prism PBS. One beam is used as a ref-
erence light wave after beam expansion through the alignment beam BE. The other
beam passes through the 1/2 wave plate /2 and then passes through the reflector M2
to illuminate the object directly, and is amplified by the microscopic objective lens MO
as the object light wave. The object light wave and the reference light wave interfered
on the CCD target surface to form a hologram after the beam was combined through
the beam splitting prism BS. The beam splitting prism BS is also used for the Angle
between the object light and the reference light in off-axis holography to ensure the
separation of zero-order and positive and negative first-order spectrum. During the ex-
periment, the neutral filter NF is used with two 1/2 wave pieces to adjust the light in-
tensity of the whole light path.

4.3.2. Analysis of experimental results

The experimental structure adopts a pre-amplified digital holographic optical path,
and the principle of the optical path and the experimental platform are shown in Sub-
section 4.3.1. In order to verify the feasibility of the network, a round-hole and a step
were etched on transparent quartz glass. The diameter of the circular hole is 30 um
and the depth of the hole is 312 nm. The step is 70 um long, 20 uym wide and 360 nm
deep. The refractive indices of quartz glass and air are n, = 1.458 and n,,, = 1, respec-
tively. The hologram recorded by the CCD camera is shown in Fig. 9.

The above five methods are used to unwrap the phase of the two samples, respec-
tively. The result of phase unwrapping is shown in Fig. 10. The experimental results
show that the phase unwrapping results of DC-UMnet are clear. Due to the influence
of background noise, the results of unwrapping by DCT method are not clear. Some
phase information is lost in phase unwrapping using Unet, Res-Unet and DC-Unet net-
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(b)

Fig. 9. Sample hologram. (a) Round-hole hologram, and (b) step hologram.

Fig. 10. The results of sample phase unwrapping.

works. There is no phase diagram in the training set which is exactly consistent with
the actual measurement, but the proposed method still understands the phase wrapping,
which proves the feasibility of the network.

Round-hole sample

In order to further evaluate the effect of various methods of phase unwrapping, the
cut-offline shown in Fig. 11(a) is intercepted at the center of the round-hole in the same
area of the phase map of Fig. 10, and the interception results are shown in Fig. 11(b).
The size of the round-hole is obtained by taking the mean in the interception results
of Fig. 11. As shown in Table 3, D and H in the table represent the diameter and depth
of the circular hole, respectively, and Ep, and Ey; represent the errors of the diameter
and depth of the circular hole, respectively.

From the data in Table 3, in the DC-UMnet network phase unwrapping results, the
absolute error of the diameter size obtained is smaller than the other four methods.
The absolute error of the depth size obtained is about 68.1 nm, which is the smallest
error among the five methods. It shows that the DC-UMnet network is feasible.
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Fig. 11. Circular hole Section contour of reconstructed image. (a) Circular hole intercept position of un-
wrapping phase. (b) Circular hole intercept result of unwrapping phase.

Table 3. Dimensions and errors of round-hole obtained by unwrapping phase with different methods.

Method Dlum]  H[um]  Ep[um]  Ey [um]
DC-UMnet 26.52 0.2439 -3.48 —-0.0681
U-net 25.92 0.2108 -4.08 -0.1012
DCT 23.92 0.3876 -6.08 0.0756
DC-Unet 33.53 0.1891 3.53 -0.1229
Res-Unet 35.73 0.2185 5.73 -0.0935

Step sample

To further evaluate the generalization of the network, other samples were studied using
the network. The lateral dimensions and errors of the steps are obtained according to
the step phase diagram in Fig. 12, as shown in Table 4, where L and W respectively

(a)

o

200

----- DC-UMnet
Unet

DCT
Res-Unet
——DC-Unet

150

o] 50 100 150 200 250
x/um

Fig. 12. Step section contour of reconstructed image.(a) Step intercept position of unwrapping phase. (b)
Step intercept result of unwrapping phase.
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Table 4. Dimensions and errors of step obtained by unwrapping phase with different methods.

Method L{pm]  Wlum]  E_[pm]  Ey [um]
DC-UMnet 19.64 69.51 -0.36 —-0.49
U-net 17.31 65.73 -2.69 —-4.27
DCT 17.47 62.97 -2.53 -7.03
DC-Unet 16.74 60.97 -3.26 -9.03
Res-Unet 17.47 59.73 -2.53 -10.27

represent the length and width of the steps, and E; and Ey, respectively represent the
length and width errors.

As can be seen from Table 4, the absolute error of DCT phase unwrapping method
isas high as 7.03 pm and the absolute error of U-net network phase unwrapping method
is as high as 4.27 um. The absolute error of DC-Unet phase unwrapping method is as
high as 9.03 um and the absolute error of Res-Unet network phase unwrapping method
is as high as 10.27 um, while the DC-UMnet network phase unwrapping method has

Fig. 13. Phase unwrapping of circular hole after adding noise of different salt and pepper density. Phase
unwrapping result of round hole.
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considerable accuracy. To further evaluate the above five phase unwrapping methods,
a one-dimensional height profile of the reconstructed phase step is given in Fig. 12.

As can be seen from Fig. 12(b), the phase step obtained by DC-Unet network is
deformed. The phase step depth obtained by U-Net network is 331.3 nm and the cor-
responding absolute error is 29 nm. The phase step depth obtained by DC-UMnet
network and DCT method is 365.1 and 366.9 nm. The phase step depth obtained by
DC-Unet network and Res-Unet network is 219.8 and 388.5 nm. Their corresponding
absolute error is 5.1, 6.9,140.2 and 28.5 nm, respectively. The results show that the
DC-UMnet phase unwrapping method can improve the measurement accuracy.

The anti-noise ability of the network is tested. The noise with a salt and salt density
of 0, 0.02, 0.03, 0.04, 0.05 and 0.06 is added to the sample respectively shown as
Figs. 13 and 14. Then, the unwrapping phase is achieved by DCT method, U-net net-
work, DC-UMnet network, Res-Unet network and DC-Unet network. The experi-
mental results show that under salt-and-pepper noise, the background noise of DCT
method is obvious while some phase information is missing in U-net, DC-Unet and
Res-Unet phase unwrapping results. The phase unwrapping result of the algorithm pro-
posed in this paper is well and less affected by the background noise.

Wrapped phuse

DT

et

1M -Uvinel,

DC-TTnet

RES-Linel

Fig. 14. Phase unwrapping of circular hole after adding noise of different salt and pepper density. Phase
unwrapping result of step.
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5. Conclusion

In order to achieve high-precision digital holographic phase unwrapping, the paper
proposes a phase unwrapping method based on DC-UMnet network. The proposed
method uses simulation data for network training and experimental data for network
verification. The simulation results show that comparing the proposed method with the
other methods, the SSIM value of the proposed phase unwrapping method is increased
by 0.2365 on average, and the normalized mean square error is reduced by 9.18% on
average. The experimental results show that the transverse dimension error and lon-
gitudinal dimension error of the proposed method for the round-hole sample are ap-
proximately 3.5 pm and 68.1 nm, respectively. Compared with the other four methods,
the transverse dimension error of the proposed method is reduced by 1.38 um on av-
erage, and the longitudinal dimension error is reduced by 30.2 nm on average. The ex-
perimental results show that the absolute error of DCT phase unrolling method is up
to 7.03 um, and the absolute error of U-net, DC-Unet and Res-Unet phase unrolling
method isup to 4.27,9.03, and 10.27 um, respectively. The DC-UMnet network phase
unwrapping method has quite high precision. The results show that the phase unwrap-
ping method in this paper has good noise reduction ability, and can realize digital ho-
lographic phase unwrapping in a simple, fast and efficient way.
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