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Abstract: The main core of InSAR (interferometric synthetic aperture radar) data processing is phase
unwrapping, and the output has a direct impact on the quality of the data processing products.
Noise introduced from the SAR system and interferometric processing is unavoidable, causing local
phase inaccuracy and limiting the unwrapping results of traditional unwrapping methods. With the
successful implementation of deep learning in a variety of industries in recent years, new concepts
for phase unwrapping have emerged. This research offers a one-step InSAR phase unwrapping
method based on an improved pix2pix network model. We achieved our aim by upgrading the
pix2pix network generator model and introducing the concept of quality map guidance. Experiments
on InSAR phase unwrapping utilizing simulated and real data with different noise intensities were
carried out to compare the method with other unwrapping methods. The experimental results
demonstrated that the proposed method is superior to other unwrapping methods and has a good
robustness to noise.

Keywords: interferometric synthetic aperture radar; phase unwrapping; deep learning; pix2pix

1. Introduction

Synthetic aperture radar interferometry (InSAR) combines the technological properties
of interferometry with SAR imaging, can extract three-dimensional information and surface
deformation effectively, and has become one of the most extensively used remote sensing
methods. InSAR measurement employs the interferometric phase difference of two SAR
images, which is typically within (−π, π ]. To derive the real phase value from the wrapped
phase, an integer multiple of 2π is added or subtracted on the basis of the wrapped phase
to restore the corresponding integer period, which is referred to as phase unwrapping.

Most phase unwrapping procedures are based on the assumption of phase continu-
ity [1] (also known as the Itoh condition), which states that the absolute phase difference
between any two consecutive pixels must be smaller than π, under which condition, the
real phase may be readily retrieved. However, the real InSAR interferometric phase is
affected by speckle and terrain, making it difficult to meet this condition. Traditional phase
unwrapping techniques have been split into three categories: path-following methods,
optimization-based methods, and integrated denoising and unwrapping methods. The
path-following method is simple in principle, and the appropriate integration path is found
through the Itoh condition, usually guided by residue distribution or quality mapping to
meet the condition in which any closed path integral is zero to avoid error propagation,
which is the basis and key of algorithms such as the Goldstein branch-cut algorithm [2],
quality guide methods [3–5], and the region growth method [6]. However, such methods
are prone to introducing errors during the integration process, and sometimes require the
assistance of external data. The optimization-based method is used to reduce the difference
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between the phase gradient and the estimated gradient using various objective functions.
Such approaches are global methods. While it has a high time and space complexity and
a mismatch between accuracy and complexity, its global results are robust, meaning that
the algorithm has become a widely used phase unwrapping algorithm, alongside least
squares (LS) and its improved algorithm [7–10], the network flow algorithm [11,12], the
graph cut algorithm [13], and others. The integrated denoising and unwrapping method
can effectively reduce the errors introduced in the interference process due to the filtering
method, and can achieve the filtering operation of interferometric phase noise while per-
forming phase unwrapping, which has a strong robustness, such as in the Kalman-filtering
method [14–17], the grid-filtering method [18], and the particle filter method [19,20]. In
summary, these types of methods are based on the Itoh condition. Unfortunately, phase
discontinuity produced by significant noise is usually present in genuine InSAR interfer-
ograms, making phase unwrapping difficult. Although there are still some innovative
studies [21–23] emerging, the interference phase discontinuity caused by various conditions
is still a difficulty in phase unwrapping research.

Because of its data-driven architecture, the phase unwrapping approach based on deep
learning has effectively overcome the limitations of the Itoh condition in recent years as deep
learning has become utilized in SAR data more often. Several deep-learning-based InSAR
phase unwrapping studies [24] have been conducted. For example, phase unwrapping
preprocessing based on deep learning. Rouet al. [25] designed a deep convolutional
autoencoder for atmospheric noise removal based on a large amount of InSAR time series
data in 2019. In the same year, Sun et al. [26] and Sica et al. [27] intelligently solved phase
filtering and coherent estimation problems based on CNN models and U-Net structures,
respectively. Another type of phase unwrapping method based on deep learning is called
deep-learning-based path following. Zhou et al. [28] proposed a deep convolutional neural
network (DCNN) for phase gradient estimation in 2020, called PGNet, which detects phase
gradients in the form of segmented problems. In 2021, Zhang et al. [29] introduced the
least squares algorithm into PGNet and used it as an input to the least squares unwrapping
method. By utilizing the predicted phase gradient from PGNet, the efficiency and accuracy
of the least squares unwrapping method could be significantly improved. In the same
year, Zhou et al. [30] proposed BCNet, which transformed the polarity balance problem
of residual points into a semantic segmentation problem. However, theoretically, BCNet
cannot ensure that all residual points are balanced, so post-processing is still necessary.
Ferraioli et al. [31] analyzed the effectiveness of the BCNet unwrapping method combined
with noise filtering on simulated data with different coherence coefficients. The results
showed that the robust pre-phase filtering step was superior to the direct BCNet method in
terms of both unwrapping accuracy and processing time. In this type of method, the two
key concepts of residual and branch in traditional phase unwrapping are integrated into
deep learning methods. However, these methods do not yet possess end-to-end capabilities.

Unlike the above methods, global phase unwrapping based on deep learning refers
to the construction of a deep learning framework to obtain the unwrapped phase directly
from the input interferogram. From the processing steps, these approaches may be broadly
classified into two types: (1) The one-step phase unwrapping method. Wu et al. [32]
suggested a network (PUNet) in 2020 for the phase unwrapping of the cut interferogram
centered on the identified settlement point. The key advantage of this network is that
it considers the unwrapping problem as a regression problem, which is comparable to
the standard least-square phase unwrapping method. Zhou et al. [33] presented a PU-
GAN unwrapping approach in 2022 that was based on the conditional development of
confronting networks and treats unwrapping as an image-to-image conversion problem.
(2) The two-step unwrapping approach differs from the deep-learning-based one-step
unwrapping method. In the first stage, it defines the phase unwrapping problem as a
semantic segmentation problem, and then classifies the pixels in the wrapped phase image
that correspond to the same period into the same category one by one. Unfortunately,
because the segmentation results cannot guarantee that all the pixels are correctly identi-
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fied, some pixels will always have phase jump problems. As a result, post-processing is
required to identify these pixels and rectify them in the second step. Spoorthi et al. [34]
proposed PhaseNet in 2018, which was based on the complete convolution network and
can recover phase unwrapping results by predicting the number of wrapped phase periods
at each pixel of the input wrapped phase image, but it cannot be implemented well in
the case of sharp phase changes, so it must use the cluster-based smoothing algorithm
for post-processing. Zhang [35] and colleagues created a similar network using PhaseNet
in 2019, which still requires post-processing after adding an extra independent network
to denoise the input wrapped phase. As a result, one evident downside of the two-step
unwrapping approach is that it cannot produce appropriate results without post-processing.
To address this issue, in 2020, Spoorthi et al. [36] upgraded PhaseNet to version 2.0 based
on DenseNet [37]. Its main improvement over the original version is that the loss function
of PhaseNet2.0 has a clear unwinding meaning. Specifically, in addition to cross-entropy
losses similar to the original version, it combines residual losses and L1 losses to reduce the
post-processing steps.

The quality map is an index used to assess the quality of each pixel in the interfero-
metric phase image. The pixel value in the quality map is typically between 0 and 1. There
are several types of information that may be utilized to create a quality map [38–40]. It is
not only used for phase unwrapping using the quality map guiding approach, but it may
also help in other ways [9–11].

This study investigates merging the concept of a quality map with deep learning and
presents pu-pix2pix, a one-step unwrapping method. The phase unwrapping problem is
transformed into learning the mapping connection between the interferogram and the real
phase image via the pu-pix2pix model. The model comprises a generator, a discriminator,
and a loss function. The generator has a structure similar to U-Net. The coherent coefficient
map is employed in the generator structure to impose conditional restrictions on the input
features, and the atrous spatial pyramid pooling module and bottleneck modules are
incorporated, resulting in a more accurate unwrapped phase image. PatchGAN is used by
the discriminator to discriminate between real and fake values in the generator’s phase
image. The L1 loss function and antagonism loss function make up the pu-pix2pix loss
function. The L1 loss function can recover the low-frequency part of the image, bringing
the generated unwrapped phase closer to the real phase, whereas the antagonism loss
function is in charge of encouraging mutual confrontation between the two structures,
resulting in higher-quality unwrapped phase images. Experiments using simulation and
real-world InSAR interferometric data reveal that this approach can generate effective
phase unwrapping results in a variety of noise situations.

This paper’s organizational structure is as follows. The second section introduces the
phase unwrapping idea, the problem analysis, and the recommended approach. The third
section describes the technique for generating datasets, the loss function, the unwrapping
outcome assessment index, and the experimental environment. A series of experimental
results employing simulated and actual InSAR data are described in the third section. The
fourth and fifth sections of this work comprise the discussion and summary.

2. pu-pix2pix

In this section, we first introduce the principle of phase unwrapping. The structure
and loss function of the pu-pix2pix model are then described in detail.

2.1. The Principle of Phase Unwrapping

In general, the phase value in the interferogram is always nonlinearly wrapped into
the interval (−π, π ] to generate the phase primary value, also known as the wrapped
phase value. To obtain the real phase value from the wrapped phase, an integer multiple of
2π is added or subtracted from the wrapped phase. We refer to the procedure of finding the
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true phase by utilizing a numerical analysis or geometric methods to recover the matching
integer period. The wrapping function is as follows:

ψ(t) = φ(t) + 2πk(t) (1)

where ψ(t) and φ(t) are the absolute phase and wrapped phase, respectively; and k(t) is
an integer function.

The phase unwrapping method is based on the Itoh assumption [1], in that the phase
difference between adjacent pixels in the unwrapped phase will not exceed π. Based on
this assumption, the main steps are as follows.

To define the difference operator ∆, the phase difference between the pixel and its
adjacent pixels is ∆φ(i):

∆φ(i) = φ(i + 1)− φ(i)
= ψ(i + 1)− ψ(i) + (2πk(i + 1)− 2πk(i))
= ∆ψ(i) + 2πk∆(i)

(2)

W is defined as the wrapping operation, wrapping the two sides of Equation (2):

W[∆φ(i)] = W[∆ψ(i) + ∆2πk(i)]
= ∆ψ(i) + 2πk∆(i) + 2πk′(i)

(3)

Defined by wrapping, W[∆φ(i)] and ∆ψ(i) are to intervals (−π, π ], so:

k∆(i) + k′(i) = 0 (4)

Therefore, Equation (3) changes to:

∆ψ(i) = W[∆φ(i)] (5)

Given an initial real phase value of ψ(0) = φ(0), plus Equation (2), the absolute phase
value of the current pixel is:

ψ(i + 1) = ψ(i) + W[∆φ(i)] (6)

Therefore, the true phase may begin from a known true phase beginning point, and
the wrapped phase of neighboring points can be gathered until all cells are computed, at
which point, the unwrapping process is completed.

2.2. pix2pix Model

A generative adversarial network (GAN) is a generation antagonism framework
proposed by Goodfellow [41] in 2014. A GAN is a framework for generating models using
antagonistic process estimation, which is mostly used for the development of many types of
pictures. It is based on the concept of a two-person zero-sum game. The pictures generated
by the initial GAN network are random, unexpected, and uncontrollable because the
network is too free. Mehdi Mirza [42] and colleagues proposed in 2014 that a conditional
generative adversarial network (CGAN) is a fundamental modification of a GAN. The basic
idea is to include attribute information as supplemental data into G (generators) and D
(discriminators) as constraints. As a result, we may more correctly produce the predicted
samples and assess the legitimacy of the generated samples.

The CGAN converts unsupervised learning into supervised learning effectively, al-
lowing the network to learn better according to our aims. The pix2pix network is a
model framework especially applied in the field of image conversion introduced by Phillip
Isola [43] and others in 2016 on the basis of the CGAN, which belongs to an advanced GAN
model. Its primary purpose is to discover the mapping relationship between the picture
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before and after conversion, and the model input does not require any new restrictions.
Figure 1 depicts its primary structure.
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Figure 1. The pix2pix network.

2.3. The Structure of pu-pix2pix

The pu-pix2pix generator structure combines the quality-map-processing operation
with the feature initial processing layer; the ASPP module replaces the original convolution
down-sampling layer; and the bottleneck residuals module is included in the new struc-
ture’s down-sampling process. While ensuring the model’s training accuracy, the stability
of the unwrapping result is increased. Following this improvement, the generator structure
is illustrated in Figure 2 below.

Remote Sens. 2023, 15, x FOR PEER REVIEW 5 of 24 
 

 

the network is too free. Mehdi Mirza [42] and colleagues proposed in 2014 that a condi-

tional generative adversarial network (CGAN) is a fundamental modification of a GAN. 

The basic idea is to include attribute information as supplemental data into G (generators) 

and D (discriminators) as constraints. As a result, we may more correctly produce the 

predicted samples and assess the legitimacy of the generated samples. 

The CGAN converts unsupervised learning into supervised learning effectively, al-

lowing the network to learn better according to our aims. The pix2pix network is a model 

framework especially applied in the field of image conversion introduced by Phillip Isola 

[43] and others in 2016 on the basis of the CGAN, which belongs to an advanced GAN 

model. Its primary purpose is to discover the mapping relationship between the picture 

before and after conversion, and the model input does not require any new restrictions. 

Figure 1 depicts its primary structure. 

Input image G G(x)
D Real/fake?

Ground truth

input output
input output

input

 

Figure 1. The pix2pix network. 

2.3. The Structure of pu-pix2pix 

The pu-pix2pix generator structure combines the quality-map-processing operation 

with the feature initial processing layer; the ASPP module replaces the original convolu-

tion down-sampling layer; and the bottleneck residuals module is included in the new 

structure’s down-sampling process. While ensuring the model’s training accuracy, the sta-

bility of the unwrapping result is increased. Following this improvement, the generator 

structure is illustrated in Figure 2 below. 

128

  
 

256×256

64 256 512 512 512 512 512 512+512 512+512 512+512 512+512 256+256128+128 64+64

256×256 

128×
128

64×
64

32×
32

16×
16

8×
8

4×
4

2×
2

1×
1 2×

2

4×
4

8×
8

32
×
32

64
×
64

128×
128

256×
256

Convolution

BN

LeakyRelu

Relu

Deconvolution

Dropout

Tanh

Skip connection

ASPP 
Downsampling

Upsampling

Bottleneck 
residual

1×1

Concatenate

Quality-Guide 
Processing

encoder decoder

 

Figure 2. The generator structure. 

The structure of the generator can be divided into three parts. The first part uses the 

quality map as the limiting condition of the input feature. The specific operation splices 

the fringe pattern and the coherence coefficient pattern, and then the channel number of 

the restored mosaic image after a convolution of 1 × 1 is input into the second part of the 

encoder. The encoder depth is 8, which converts the input pixel space into a low-

Figure 2. The generator structure.

The structure of the generator can be divided into three parts. The first part uses the
quality map as the limiting condition of the input feature. The specific operation splices
the fringe pattern and the coherence coefficient pattern, and then the channel number of
the restored mosaic image after a convolution of 1 × 1 is input into the second part of the
encoder. The encoder depth is 8, which converts the input pixel space into a low-resolution
and high-level feature space. First, a 4 × 4 convolution is repeated seven times, although
the first convolution has no BatchNorm layer; each convolution operation is followed
by a BatchNorm layer, a LeakyReLU layer with a slope of 0.2, and a bottleneck residual
module, and the next encoder layer is entered via ASPP down-sampling. Convolution and
ReLU are used in the encoder’s last layer. The encoder convolutionally raises the feature
channel from 1 to 512 channels, and the feature size from 512 × 512 to 1 × 1. The decoder
is the generator’s third component, and it works via seven 4 × 4 deconvolution layers,
projecting the features learned by the encoder into the pixel space. To retain the details,
the decoder contains a deconvolution layer, followed by a BatchNorm layer and a ReLU
layer, and employs a skip connection to connect the information with the relevant features
at the encoder. The first three groups also set a dropout layer with a probability of 0.5 to
prevent the over-fitting phenomenon induced by the training process, while the last group
directly employs the deconvolution layer and the tanh function layer. In the final group,
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the decoder reduces the number of characteristic channels from 512 to 1 and restores the
size of the input image.

Part 1 of the encoder is similar to, but also different from, the conditional input in the
CGAN. The quality map in this context refers not only to the data labels and categories that
the conditions in the CGAN refer to, but also to the criteria that assist the model in reducing
the differences between the images before and after unwrapping. The Atrous Spatial
Pyramid Pooling Module, shown in Figure 3, replaces the down-sampling operation in the
generator’s encoder. It combines the extended convolution feature maps with different
sampling rates to capture context information. This expansion of the feature-receiving field
is achieved without sacrificing the feature spatial resolution. Additionally, it is conducive
to accurately obtaining the wrapped interferogram’s feature information and enhancing
the robustness of the phase unwrapping. However, the improper setting of the module’s
convolutional sampling rate can easily lead to the grid effect issue, as shown in Figure 3,
causing the loss of relevant information.
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The reasonable sampling rate settings should satisfy the following Equation (7).

Mi = max[Mi+1 − 2ri, Mi+1 − 2(Mi+1 − ri), ri] (7)

where Mi represents the maximum sampling rate for the ith dilated convolution and ri
represents the sampling rate for the ith dilated convolution, with a default value of Mn = rn.
From the above equation, the sampling rates should not share a greatest common divisor
greater than 1, otherwise the grid effect would still exist. Following this principle, the
sampling rate combination for the ASPP module is reconfigured as 1, 2, 7, and 15. The
schematic diagram of this module is shown in Figure 4.
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The residual module is embedded in the generator before the down-sampling op-
eration to avoid the loss of training set characteristics due to too many network layers,
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enabling the network model to minimize the number of parameter calculations, preventing
network degradation and improving the network training accuracy and efficiency. The
structure of the residual module is shown in Figure 5.
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Figure 5. The residual module.

The pu-pix2pix discriminator is unchanged, and it employs a Markov discriminator
(PatchGAN) structure. The fundamental idea is to divide the input image into N × N
parts, with each area being independent of the others, to determine if each area is true or
false, and to generate a prediction probability matrix. The final discriminator output is the
average of the results. Figure 6 below depicts its unique structure.
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PatchGAN is built on a complete convolution architecture. The first discriminator
layer is made up of a 4 × 4 convolution layer and a LeakyReLU layer with a slope of 0.2,
then the 4× 4 convolution, BatchNorm, and LeakyReLU with a slope of 0.2 are reused three
times. Lastly, the output is mapped to a 32 × 32 matrix after the convolution and a sigmoid
activation function of size 1. Each output matrix element represents the predicted value of
each block in the original generated image. Finally, all the matrix elements are averaged
to provide the discriminator’s final output. PatchGAN maintains a certain resolution
and details in image conversion. It can judge the local unwrapping in the entire image,
promoting the generator to create high-quality phase unwrapping outcomes.

2.4. Loss Function

pu-pix2pix combines the antagonism loss function and L1 loss function. The antago-
nism loss function is similar to that in other GAN models, and can be expressed as:

min
G

max
D

LCGAN(G, D) = Ex,y[log D(x, y)] + Ex,z[log(1− D(G(x, z)))] (8)

where x and y represent the picture samples before and after unwrapping and L(G, D)
represents the value functions shared by G and D; E represents the expected value, which
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means that the average of all the training data may achieve this aim; z denotes the dropout
noise applied to certain layers of the generator; and G aims to minimize the loss under the
condition of the target loss function; whereas D tries to maximize the loss function, that is,
min

G
max

D
L(G, D).

The loss function used to calculate the image difference in depth learning is L1 norm.
We can utilize the L1 loss in the phase unwrapping to bring the unwrapped phase created
by the generator closer to the genuine phase image. The function can be expressed as:

LL1(G) = Ex,y,z[‖y− G(x, z)‖1] (9)

The L1 loss function and the CGAN loss function are employed in tandem because
the former can recover the low-frequency portion of the image and the latter can recover
the high-frequency portion of the image, hence improving the authenticity of the image
generated by G. The final pix2pix objective function is the maximum and minimum game
of G and D under regular constraints, which may be represented as:

G∗ = argmin
G

max
D

LCGAN(G, D) + λLL1(G) (10)

3. Experiments and Results

In this section, the detailed dataset generation process, performance evaluation index,
and experimental settings are described. Two experiments are performed to quantitatively
and qualitatively verify the entanglement performance of the proposed method. In the
first experiment, the accuracy and robustness of the pu-pix2pix unwrapping method are
evaluated using simulated interference data, and the results are compared with those of the
quality guide, least squares, MCF (minimum cost flow) U-net model, and pix2pix model
methods. In the second experiment, two sets of real data are used, the first one is from
ALOS (Advanced Land Observing Satellite) PALSAR, and the second one is from airborne
C-band interferometric data obtained from an outfield experiment of the Radar Group
of the Chinese Academy of Surveying and Mapping Sciences in Emeishan City, Sichuan
Province, and the results of the proposed unwrapping method are compared with the
results of the above unwrapping methods.

3.1. Dataset Generation

A large number of training samples must be trained and learned in the early stages
of deep learning. The creation of datasets is a critical stage in deep learning. High-quality
training samples can improve the test result’s accuracy; however, an insufficient number of
training samples can produce unreliable deep learning. To aid the generator in learning
the direct mapping between the input and output, the pu-pix2pix model must pre-import
the paired pictures (that is, the images created by combining the interferogram and the
unwrapped phase image) into the model. Because there are no publicly available datasets
in the field of InSAR phase unwrapping, this paper uses simulated and real InSAR data
to jointly construct the phase unwrapping datasets, which provide a sample basis for the
application of deep learning, ensuring diversity in the number and types of samples and
improving the generalization ability of the trained pu-pix2pix unwrapping method.

The interferometric phase primarily consists of a flat earth phase, a topography phase,
a deformation phase, an atmosphere phase, and a noise phase, according to the interfero-
metric height measurement theory [44]. The function can be expressed as:

φint = φre f + φtop + φde f + φatm + φnoi (11)

where φre f represents the flat earth phase; φtop denotes the topography phase; φde f is the
deformation phase; φatm stands for the atmospheric phase; and φnoi refers to the noise phase.
Among these, the noise phase has a random feature and exists in the phase model as high-
frequency components that can be reduced by low-pass phase filtering. In the phase model,



Remote Sens. 2023, 15, 4885 9 of 23

the atmospheric phase has a significant degree of topographic spatial autocorrelation and
offers low-frequency information. As a result, comparable high-pass filtering can aid in the
reduction in atmospheric effects. In addition, the flat earth phase, topography phase, and
deformation phase dominate in the real interferometric phase.

The goal of our research is to directly recover the real phase from the wrapped inter-
ferogram. The flat earth phase is no longer required. The dual-antenna imaging method
is utilized to simulate the InSAR phase, and the deformation phase is also ignored. As a
result, the simulated interferometric phase consists mostly of a topography phase, atmo-
spheric phase, and noise phase. To reduce the training memory needs, the analog phase
image is divided into 256 × 256 size. To analyze the noise, different noise strengths are
added to the image blocks, and the mean value of coherence is used as an indicator. The
closer the coherence is to 1, the smaller the phase noise. There are a total of 1000 sets of
simulated InSAR data created. The steps to building simulation data are as follows, with
the simulation results shown in Figure 7. The legend on the right side of the phase plot
represents the phase value for that color.

(1) Simulate the topography phase. There are two methods for this: one is to specify
the size and elevation range of the row and column, and generate an analog digital
elevation model according to the random polynomial to obtain the topography phase
image; the other is to use the existing DEM (digital elevation model) data, then
simulate the oblique range imaging process of dual-antenna SAR sensors, specify the
baseline length, and obtain a phase image containing only terrain errors, which is
considered to be a true terrain phase image.

(2) Simulate the atmospheric phase noise. The power spectrum inversion method is
used to simulate this atmospheric phase noise. Its basic principle is to filter the
complex Gauss random number matrix with a power spectrum function consistent
with atmospheric turbulence, and then use the inverse Fourier transform to obtain
the atmospheric phase noise.

(3) Phase rewrapped. To perform the phase rewrapped operation, combine the terrain
phase result with the atmospheric phase, and wrap the phase value to (−π, π).

(4) Add noise. The gamma distribution is used to simulate the InSAR phase noise, and
the wrapped phase image is noised to obtain the wrapped phase image with noise.

(5) Merge the images. To meet the input conditions of the pu-pix2pix model’s paired
image training, first cut the phase diagram and the wrapped phase diagram with
noise to 256 × 256 size, and then combine them into multiple 256 × 512 size images.
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Sentinel-1 data, ALOS-PALSAR data, and airborne SAR data are examples of real-
world data sources. Real InSAR phase unwrapping datasets consist of the phase image
before and after unwrapping during data processing. A total of 1000 sets of real InSAR
data are generated for the model training using the segmentation operation. The airborne
InSAR data of the region are shown in Figure 8.
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image of a certain area; (b) unwrapped phase image for the MCF method; and (c) map merge.

3.2. Performance Evaluation Index

To assess the correctness of the proposed unwrapping methods, qualitative and quanti-
tative methodologies are applied. The visual appraisal of the picture unwrapping accuracy
by viewing the phase error map and error statistical curve graph with the naked eye is
referred to as qualitative evaluation. The RMSE index is used to quantitatively evaluate the
correctness of the unwrapping algorithm. The degree of difference between the images is
measured using the RMSE. The smaller the RMSE, the better the unwrapping effect, and
this is calculated as follows:

RMSE =

√√√√ 1
mn

m

∑
i=1

n

∑
j=1

[x(i, j)− y(i, j)]2 (12)

where m, n represents the picture size; i, j denotes the pixel position in the image; x stands
for a reference image, in this case, a correct unwrapped phase; and y represents the image
to be evaluated, referring to the phase image for each method of evaluation.
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3.3. Experimental Settings

All our testing was carried out on a PC with an Intel Core i7-13700KF CPU, an NVIDIA
GeForce RTX 3080Ti GPU, and 64 GB of memory. Pu-pix2pix was trained for 300 epochs
on the TensorFlow platform with a batch size of 2, using an Adam optimizer to speed
up the training. The learning rate was initially set to 0.0002, and progressively dropped
exponentially to 0. The trained pu-pix2pix was used to experiment with both simulation
and real-world data.

3.4. Analysis of Unwrapping Results Based on Simulated Data

A collection of phase data with a mean coherence coefficient of 0.7 and a simulated
size of 256 × 256 was used. Figure 9 depicts the findings of the simulation. Figure 9a
depicts the actual phase value, or the ideal phase after unwrapping, whereas Figure 9b
depicts the phase after wrapping and noise addition. The above-mentioned methods were
used to conduct the unwrapping experiments on this simulated data. The experimental
results shown in Figure 10a–e correspond to the unwrapped phase image, the error with te
ideal phase, and the error statistics histogram of the quality guide, LS, MCF, U-net, and
pix2pix methods, and the method proposed in this paper. According to the error map and
error statistical histogram, the method suggested in this paper is more concentrated in the
location where the phase error is close to zero than the other five methods, and it has the
best accuracy.
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error diagram of MCF method; (d) unwrapped phase and error diagram of U-net method; (e) un-
wrapped phase and error diagram of pix2pix method; and (f) unwrapped phase and error diagram of
proposed method.

The results of each method are qualitatively evaluated using the RMSE, and the
running times of each method are also tallied in Table 1. The quality guide and LS methods
both produce poor unwrapping results. The RMSE between the two deep learning methods’
unwrapping results and the original phase image is smaller than the traditional method’s
phase unwrapping result, and the RMSE index of the proposed method’s unwrapping
result is the best. In terms of time, the two methods based on deep learning consume
significantly less time than the traditional methods.
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Table 1. Evaluation of simulated data unwrapping results for each algorithm.

Method RMSE (Rad) Time (s)

Quality guide 5.5797 1.3982
LS 5.0503 1.1495

MCF 1.8911 3.2251
U-net 1.5424 0.1474

pix2pix 1.5514 0.1517
pu-pix2pix 1.5129 0.1526

3.5. Analysis of Unwrapping Results Based on Real Data

There are two sets of real data for the experimental verification. The first set of real data
used in the experiment is derived from ALOS PALSAR-2 interference data, the reference real
phase is obtained from the reference ALOS 12.5 m DEM, and the mean coherence coefficient
is 0.6, as shown in Figure 11. Figure 12 depicts the first set of real data unwrapped phase
findings, phase error graphs, and error statistical curves achieved using the six unwrapping
methods without phase filtering. It is clear that the unwrapped phase results obtained
by the quality guide method and LS method differ significantly from the reference phase.
There are four methods left. The unwrapped phase image obtained using the proposed
method is the closest to the reference phase diagram, and the error curve is more sharply
concentrated at the position where the error is zero. The method proposed in this paper
has the highest unwrapping accuracy.
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Figure 11. Real wrapped phase and its unwrapped phase of experimental data 1: (a) unwrapped
phase and (b) wrapped phase.

The RMSE index is employed for a quantitative examination of each method’s unwrap-
ping results, and the wrapping algorithm’s running time is calculated. Table 2 summarizes
the findings. In the face of the two sets of real data, the proposed method has the lowest
RMSE, and, in the results of the first set of experimental data, it reduces the RMSE by
0.03, 0.73, and 0.53, respectively, compared with the pix2pix, U-net, and MCF unwrapping
methods. Similarly, a similar comparison is obtained in the result indicators of the second
group of experimental data. The RMSEs of the quality guide and LS methods are larger,
and, compared to the MCF, U-net, and pix2pix methods, the RMSE of the proposed method
is reduced by 0.68, 0.45, and 0.03, respectively. Only considering the time-consuming
method, the three methods based on deep learning take very close times, ranging from 0.1
s to 0.2 s, and are far less than those of the other three traditional unwrapping methods,
ranging from 1 s to 5 s. In terms of the unwrapping accuracy and time, the proposed
unwrapping approach remains ideal.
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Figure 12. Unwrapping result of real experimental data 1: (a) unwrapped phase and error diagram
of quality guide method; (b) unwrapped phase and error diagram of LS method; (c) unwrapped
phase and error diagram of MCF method; (d) unwrapped phase and error diagram of U-net method;
(e) unwrapped phase and error diagram of pix2pix method; and (f) unwrapped phase and error
diagram of proposed method.

Table 2. Evaluation of the real data unwrapping results of each algorithm.

Method
The First Set of Real Data The Second Set of Real Data

RMSE (Rad) Time (s) RMSE (Rad) Time (s)

Quality guide 14.3751 1.4734 4.1260 1.3154
LS 13.0493 1.3549 9.6236 1.3241

MCF 2.7510 4.0452 2.8114 3.3454
U-net 2..9514 0.1621 2.5786 0.1579

pix2pix 2.2513 0.1645 2.1568 0.1631
pu-pix2pix 2.2207 0.1631 2.1321 0.1570

The second set of real data is the airborne interferometric data of a field flight in the
research group. The real phase data are converted from DEM products in this area, and the
average coherence coefficient of this experimental data is 0.6. The true phase of the data
and their wrapped phase are shown in Figure 13. Figure 14 depicts the second set of real
data unwrapped phase findings, phase error graphs, and error statistical curves achieved
using the above six unwrapping methods.
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(e) unwrapped phase and error diagram of pix2pix method; and (f) unwrapped phase and error
diagram of proposed method.

To test the noise resistance of the method, the winding phase images with different
noise intensities are obtained by adding the simulated gamma distribution phase noise and
phase filtering on the first set of real phase data. The results are shown in Figure 15a, where
the average coherence coefficient is between 0.5 and 0.9, and a phase image is taken every
0.1. The aforementioned six methods are employed for unwrapping the phases of these
wrapped phases. The unwrapped results of each method corresponding to different levels
of noise intensity are illustrated in Figure 15b–g. Figure 16 depicts the statistical curves of
the unwrapping quantitative indicator results from the various methods. It can be seen that,
when the noise level in the real data steadily increases, the proposed method maintains
a high accuracy and has a good noise resistance. We can draw the same conclusion from
the analysis of the two sets of different data: when confronted with data with different
coherence coefficients, the RMSE of the proposed method’s unwrapping result does not
change significantly and is always in a relatively stable state, which is more stable than
that of the other methods. Compared to the traditional methods, the unwrapping process
is more susceptible to SAR interference data noise. The proposed method directly learns
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the mapping relationship from the wrapped phase image to the unwrapped phase using
the unique data-driven framework of deep learning. Therefore, its performance index is
found to be superior to the traditional unwrapping algorithm under any noise conditions in
the experiment.
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(e) unwrapped phase of U-net method; (f) unwrapped phase pix2pix method; and (g) unwrapped phase
of proposed method.
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4. Discussion

This study presented pu-pix2pix, a one-step phase unwrapping method based on
the pix2pix model. Although this method achieved some advances in phase unwrapping,
it still has several weaknesses that need to be investigated and improved. First is the
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variety of the InSAR dataset. The diversity of the dataset in this paper was substantially
increased by merging real InSAR data and simulated InSAR data. However, due to the
side imaging properties of SAR images, the geometric elements of perspective contraction,
top–bottom displacement, overlay, and radar shadow in SAR images will produce phase
deformation. A huge number of unique datasets is still required to increase the network
model’s generalization capabilities for varied terrain situations. Second, the revised pix2pix-
network-model-based phase unwrapping technique still has room for improvement. When
the fringes in the wrapped phase diagram were dense, the deep learning unwrapping
algorithm suggested in this research struggled to produce the predicted outcomes. The
next step in resolving the aforementioned issues is to broaden the training set category. To
produce the best unwrapping result for the wrapped phase image with dense fringes, block
processing is performed first, then each area is processed separately, with the results being
merged. The research in this paper is only in the experimental stage of phase unwrapping.
Although the proposed method achieved better results in the experiment, it has not been
applied to engineering projects. Subsequently, the unwrapped results will be added to the
InSAR process to generate DEM products.

5. Conclusions

This study proposed a robust InSAR phase unwrapping method that combined the
pix2pix and quality guide methods to successfully prevent the influence of phase graph
noise during InSAR phase unwrapping. The pu-pix2pix method primarily altered the
pix2pix network’s generator model. A preprocessing step was added to the original pix2pix
generator’s encoder–decoder structure, and a conditional operation on the wrapped phase
diagram in the input generator was performed using the coherent image to lessen the image
difference before and after the unwrapping. To produce high-quality unwrapping results,
the bottleneck residual module was integrated before each ASPP down-sampling step of the
generator, preventing overfitting from occurring. As a one-step deep learning unwrapping
method, pu-pix2pix transformed the phase unwrapping problem into the discovery of
the mapping relationship between the wrapped phase and the unwrapped phase. The
simulation and real-world data revealed that this approach has a superior unwrapping
accuracy and robustness against phase noise. The solution surpassed numerous standard
InSAR phase unwrapping algorithms in terms of its performance.

The pix2pix model was integrated with the quality guide concept brought into the
generative adversarial network. To ensure its applicability to real data in the future, targeted
enhancements to apply it to large-scale phase data and difficult phase and terrain situations
in InSAR unwrapped processing will be required.
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