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Abstract—Unwrapping synthetic aperture radar 

interferograms with extensive low-coherence regions remains 

challenging, even when the deformation signal has a low gradient, 

such as that due to interseismic displacement. Here, we present a 

novel algorithm to unwrap low-gradient interferograms more 

efficiently and reliably using a semantic segmentation neural 

network. We first partition large-scale interferograms into 

overlapping patches and employ a trained Segformer network, 

making full use of spatial features, to identify decorrelated pixels 

while predicting the wrap count for coherent pixels. In a further 

step, we correct wrap counts or re-unwrap certain patches, based 

on a reliability metric. Finally, the patches are mosaicked to 

reconstruct the fully unwrapped interferogram by leveraging 

overlapping areas. The Segformer model is trained on over 20,000 

simulated samples with varying decorrelation noise and more than 

10,000 real-world samples from the COMET-LiCSAR portal. 

Synthetic experiments show that our approach significantly 

reduces the mean absolute error compared to the classical 

minimum cost flow method. Further validation on thousands of 

interferograms from the western Altyn Tagh Fault and the 

western Haiyuan Fault confirms its superior performance in 

isolated regions separated by decorrelated noise and its ability to 

suppress the wide-ranging propagation of unwrapping errors, 

with the proportion of unwrapping errors reduced by 28-83% for 

real interferograms. These results highlight the potential of our 

method to be used in large-scale automated processing of straining 

regions, such as the Alpine-Himalayan Belt. 

 
Index Terms—Deep learning, interferometric synthetic aperture 

radar (InSAR), large-scale interseismic deformation, phase 

unwrapping, wrap count. 

 

I. INTRODUCTION 

NTERFEROMETRIC synthetic aperture radar (InSAR) 

has been widely used for observing large-scale surface 

deformation associated with tectonics, such as interseismic 

deformation [1, 2, 3, 4, 5]. Phase unwrapping is a crucial step 

in InSAR data processing to retrieve relative deformation from 
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the interferometric phase, which is inherently wrapped within 

the range of −𝜋 to 𝜋 rad. However, large-scale interferograms 

related to tectonic studies often contain significant 

decorrelation due to factors such as surface cover changes (e.g. 

vegetation growth, snow accumulation and melt, dune 

migration)  and long temporal baselines, posing substantial 

challenges for accurately extracting slow tectonic deformation 

[6, 7, 8].  

Conventional phase unwrapping is based on the phase 

continuity assumption , which states that the absolute difference 

between unwrapped phases of adjacent pixels should generally 

not exceed 𝜋 [9, 10]. In other words, the unwrapped gradients 

are generally expected to be equal to the wrapped gradients, 

which is reasonable under ideal conditions without severe 

decorrelation, geometric distortion, or steep deformation 

gradients. Typically, when this assumption is violated, phase 

residues—defined as inconsistencies in a square loop of four 

pixels—arise. Most traditional phase unwrapping methods can 

be formulated within a generalized 𝐿𝑝 -norm optimization 

framework, where different objective functions are employed 

to minimize the discrepancy between the wrapped gradients and 

the unwrapped gradients. This is equivalent to connecting 

residues with branch cuts, across which the unwrapped phase 

gradients differ from the wrapped phase gradients by an integer 

multiple of 2𝜋 rad. The branch-cut algorithm is a representative 

𝐿0 -norm approach [11], which minimizes the total length of 

branch cuts. The minimum cost flow (MCF) method follows an 

𝐿1 -norm formulation, which minimizes the total absolute 

deviation between wrapped and unwrapped gradients along the 

branch cuts [12]. The SNAPHU method, however, differing 

from the 𝐿𝑝 -norm methods, treats phase unwrapping as a 

maximum a posterior probability estimation problem. It 

constructs statistical, nonlinear cost functions for all gradients 

using predetermined, shape-adaptive probability distributions 

[13, 14]. These classic optimization-based methods possess 

strong resistance to noise, as they aim to find the globally 
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optimal solutions of the objective functions. However, the 

objective functions are built upon arcs which rely on the 

connectivity between pixels [15]. When substantial regions of 

decorrelated pixels are present, such as in large-scale 

interseismic interferograms, these methods struggle to mitigate 

their impact. The sparse MCF method attempts to address this 

by applying a coherence threshold to mask low-coherence 

pixels; however, selecting an appropriate threshold remains a 

difficult task, and the triangulated arcs used for phase 

integration may still violate the phase continuity assumption, 

limiting its effectiveness. For phase unwrapping of multi-

temporal interferograms, incorporating temporal constraints 

offers an enhanced approach [16]. For instance, Hussain et al. 

[17] proposed an iterative weighted unwrapping method based 

on traditional SNAPHU to progressively reduce large-area 

unwrapping errors by assigning spatial unwrapping weight 

according to temporal loop closure errors from previously 

unwrapped results. 

Apart from improving phase unwrapping algorithms, 

detecting and correcting phase unwrapping errors is another 

useful strategy for obtaining high-quality tectonic velocity 

maps. Well-known open-source InSAR time-series processing 

softwares, such as LiCSBAS and Mintpy, integrate such steps 

[18, 19]. These error correction techniques can be categorized 

into temporal and spatial approaches. The temporal approach 

leverages phase closure and additional regularization 

constraints to estimate unwrapping errors at the pixel or sub-

block level [19, 20, 21], while the spatial approach primarily 

employs flux analysis to extract error boundaries and segment 

erroneous regions for correction [22]. However, temporal 

correction requires plenty of redundant connections across SAR 

acquisitions, and spatial correction demands connectivity of 

coherent regions. Both criteria are hard to satisfy in large-scale 

multi-temporal interferograms with extensive decorrelation, 

resulting in limited correction performance. 

In recent years, many deep learning approaches have been 

developed for 2-D phase unwrapping, which exploit deep 

learning’s ability in image feature extraction. Unlike traditional 

methods that strictly adhere to the fixed phase continuity 

assumption, deep learning-based phase unwrapping is data-

driven, learning the mapping between interferograms and key 

unwrapping features from large datasets to establish a network 

model based on empirical knowledge [23]. Consequently, it 

generally outperforms conventional methods in specific 

scenarios. 

Existing deep learning-based approaches can be 

summarized into one-step and two-step methods. One-step 

methods utilize deep neural networks to output unwrapped 

phases all at once, enabling end-to-end processing with high 

efficiency [24, 25]. However, ensuring complete congruence of 

fringes between the input and output is theoretically unfeasible, 

despite efforts to improve it through advanced techniques such 

as generative adversarial networks (GANs) [26] and by 

incorporating phase unwrapping knowledge derived from 

classic methods [27]. The incongruence will introduce 

unwrapping errors and prevent the phase from completing 

closed loops in time, strongly affecting the subsequent time 

series analysis, as well as the final accuracy and uncertainty of 

slight tectonic deformation. 

Two-step approaches, on the other hand, employ neural 

networks to first predict critical information required for 

traditional phase unwrapping, such as branch cuts, phase 

discontinuities, wrap count gradients, and wrap counts, 

followed by conventional unwrapping algorithms to ensure 

congruence. The branch cut prediction method uses a 

convolutional neural network (CNN) to identify branch cuts 

from residues, hugely reducing the computational time for 

setting cuts [28]. The phase discontinuity prediction method 

assigns weights to integer-valued difference parameters to be 

solved using MCF, based on network-predicted discontinuity 

probabilities, where a higher probability corresponds to a larger 

difference solution [29]. The wrap-count gradient method 

typically substitutes the wrapped gradients obtained by the 

phase continuity assumption in the MCF objective function 

with integer-valued wrap-count gradients predicted by neural 

networks. The 𝐿1  norm is then used to obtain the final 

unwrapped results [30, 31]. Wrap count methods have been 

primarily applied to optical interferograms, where fringe 

patterns are simpler, and noise levels are lower. These methods 

straightforwardly segment the wrap count for each pixel and 

add it to the wrapped phase to obtain the unwrapped phase [32, 

33]. This kind of approach is conceptually simple and does not 

rely on traditional path integration or global optimization 

methods. Compared to other two-step methods, it is more 

promising for unwrapping low-coherence interferograms as it 

does not depend on pixel connectivity. However, it often 

requires post-processing, as the accuracy of phase unwrapping 

is directly influenced by the reliability of neural network 

predictions [34], which prevents its application in 

interferograms produced by SAR satellites. 

In this paper, we describe a novel deep learning-based 2-D 

phase unwrapping method using wrap-count segmentation, 

which targets large-scale interseismic interferograms, typically 

containing slow deformation and extensive decorrelation. 

Unlike existing deep learning-based approaches, our proposed 

method has four advantages as follows: 1) the deep neural 

network directly segments wrap counts as a semantic 

segmentation task, leveraging both global and local context 

information without being constrained by the connectivity 

between pixels. This is particularly beneficial for isolated 

regions commonly found in large-scale, low coherence 

interferograms; 2) the neural network is designed to 

automatically identify and mask low-coherence regions, 

reducing the impact of decorrelated noise while improving 

processing efficiency; 3) a partitioning-mosaicking strategy is 

introduced to enable large-scale interferograms unwrapping 

with limited graphics processing unit (GPU) memory and also 

effectively suppress the wide-ranging propagation of 

unwrapping errors; 4) a reliability metric based on predicted 

probabilities is defined to determine the appropriate post-

processing approach for patches, enhancing the robustness of 

the patch-wise unwrapped results. Our new method, which we 
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refer to as SWIPHU, (Segmented Wrap-count Interferogram 

PHase Unwrapping) includes three main steps. First, a 

Segformer-based semantic segmentation network predicts the 

wrap count of each pixel in multiple patches of the large-scale 

interferogram. The segmented wrap count is classified into 

seven categories (1–6 for wrap counts and 0 for decorrelation). 

Second, based on a customized reliability metric derived from 

the network output, post-processing is applied to patches. When 

the reliability metric is low, the traditional MCF method is 

employed for re-unwrapping, whereas for moderate reliability, 

an additional deep convolutional neural network (DCNN) 

corrects wrap-count errors. Finally, the post-processed wrap-

count maps are mosaicked to reconstruct the fully unwrapped 

map. The Segformer model is trained using a combination of 

simulated and real samples to increase dataset diversity. A large 

number of simulated and real large-scale interferograms has 

verified the effectiveness of our deep learning approach. 

Results show that it is capable of unwrapping isolated regions 

with higher accuracy and effectively mitigates the propagation 

of unwrapping errors in large-scale interferograms. 

The remainder of this article is organized as follows. Section 

II elaborates on the principles and general workflow of the 

SWIPHU method, including the architecture of Segformer, the 

dataset generation for wrap-count segmentation, patch post-

processing, and the mosaicking strategy. The performance of 

the SWIPHU method on patch-wise wrap-count prediction and 

simulated interferograms is shown in Section III. Section IV 

assesses our deep learning method on real interferograms from 

the western Altyn Tagh Fault (ATF) and the western Haiyuan 

Fault (HF). Section V discusses the effectiveness of the 

customized reliability metric and the mosaicking approach, as 

well as SWIPHU’s potential application in volcanic scenarios. 

Finally, Section VI provides the conclusions. 

 

II. METHODOLOGY 

The essence of phase unwrapping can be expressed as: 

𝛹(𝑠) = 𝜑(𝑠) + 2𝑘(𝑠)𝜋 (1) 

where s denotes the spatial index of a pixel in the 

interferogram, 𝛹(𝑠)  and 𝜑(𝑠) represent the unwrapped and 

wrapped phase, respectively, and 𝑘(𝑠) is an integer denoting 

the unknown wrap count. Traditional methods try to solve this 

ill‐posed problem using the wrapped gradients ∆̂𝑘(𝑠, 𝑠 − 1) 
calculated by the phase continuity assumption. In contrast, deep 

learning-based wrap-count methods directly predict 𝑘(𝑠) . 

Given that the size of large-scale interferograms often reaches 

thousands by thousands of pixels, training and predicting the 

entire interferogram at once poses a significant burden on 

limited GPU memory. To address this, we introduce a 

partitioning-mosaicking strategy, dividing the whole workflow 

into three parts: wrap-count segmentation, patch post-

processing, and patch mosaicking, as shown in Fig. 1. 

A. Wrap-count Segmentation 

Semantic segmentation, a popular task in computer vision, 

classifies each pixel for pixel-level understanding and is widely 

used in remote sensing applications, such as land cover 

classification [35, 36]. Classic CNN-based architectures, 

including FCN, U-Net, PSPNet, and DeepLabV3+, have been 

extensively used for segmentation. With the advancement of 

deep learning, recent transformer-based architectures 

outperform CNNs in capturing long-distance dependencies and 

global context [37, 38, 39], which is particularly beneficial for 

wrap-count estimation in low-coherence interferograms. 

Compared with other advanced backbones such as Swin 

Transformer and ConvNeXt, we adopt SegFormer because, as 

an end-to-end model designed for semantic segmentation, it 

exhibits an excellent trade-off between the use of self-attention 

mechanisms and high computational efficiency. In contrast, 

ConvNeXt is a purely convolutional network that is less 

effective at capturing global features, whereas Swin 

Transformer imposes a heavy computational burden for our 

large-scale phase-unwrapping task. Segformer is available in 

seven versions (B0 to B6), with increasing model complexity 

[40]. We select Segformer-B2 to balance model capacity and 

computational efficiency for patch-wise wrap-count estimation.  

The overall architecture of Segformer is shown in Fig.2(a), 

consisting of two main components: an encoder and a decoder. 

The encoder is constructed from four hierarchical Transformer 

Blocks, each preceded by an Overlap Patching Embedding 

(OPE) module. These OPE modules progressively reduce 

spatial dimensions while increasing feature channels, enabling 

effective multi-scale feature extraction similar to CNNs. The 

decoder is primarily composed of a pure Multi-Layer 

Perceptrons (MLPs) architecture, which avoids convolutional 

operations in the decoding stage compared with commonly 

used hybrid decoders that integrate CNNs with MLP layers, 

leading to a lightweight design with reduced computational cost 

[40]. . The input size for Segformer is expressed as 𝐻 × 𝑊 

×  3, where 3 represents RGB three color channels. 𝐻 and 𝑊 

are set to 512 to facilitate batch training on our GPU. We define 

seven segmentation classes (𝑁𝑐𝑙𝑠 = 7): 0 for decorrelated pixels 

and 1–6 representing different wrap-count values within the 

patch. Given that slow tectonic deformation typically manifests 

as sparse fringe patterns, we set the maximum wrap count 

within a patch to 6. Table I provides the layer configurations 

and key parameters of Segformer-B2, along with the 

corresponding feature map sizes. The following section details 

the structure of its primary modules. 

1): Overlap Patching Embeddings: Unlike commonly used 

transformer models in computer vision (e.g., ViT), Segformer 

avoids positional encoding when converting an image into 

sequence. It employs convolution operations to divide the input 

into multiple overlapping patches. This design enhances 

robustness to varying input resolutions while preserving spatial 
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Fig. 1. Flowchart of the SWIPHU proposed method for phase unwrapping. 

 

continuity. As shown in Table I, the OPE module preceding 

Transformer Block 1 utilizes a larger kernel size and stride, 

effectively embedding initial patches. 

2): Transformer Block: Each transformer block consists of 

𝑁𝑖 Efficient Self-Attention (Efficient Self-Attn) and Mix-

Feedforward Network (Mix-FFN) modules, where 𝑖 represents 

the index of the transformer block. To reduce the computational 

complexity, Segformer modifies the self-attention mechanism 

by applying a scaling factor 𝑅𝑖. Assume that the Query (Q), Key 

(K), and Value (V) matrices have the same initial size 

of 𝑇𝑖  × 𝐶𝑖/𝐻𝑖, where 𝐻𝑖  is the number of attention heads, 𝑇𝑖  is 

the sequence length (equal to the product of the height and 

width of the input feature map), and 𝐶𝑖  is the number of 

channels. As shown in Fig. 2(b), a convolution layer with kernel 

size of 𝑅𝑖 is applied to downsample the input, reducing the size 

of Q and V matrices to  𝑇𝑖/𝑅𝑖  × 𝐶𝑖/𝐻𝑖 . The self-attention 

sequence is then computed as follows: 

Attention (𝑄, 𝐾, 𝑉)  =  Softmax (
𝑄𝐾𝑇

√𝐶𝑖/𝐻𝑖
)𝑉.          (2) 

The output 𝑥𝐸𝑆𝐴  from Efficient Self-Attn is then passed 

through the Mix-FFN module, which combines MLPs with an 

expansion ratio 𝐸𝑖  and a 3 × 3 depth-wise convolution. This 

process is briefly illustrated in Fig. 2(b) and can be 

mathematically expressed as: 

𝑥𝑀𝐹 = 𝐿𝑖𝑛𝑒𝑎𝑟(𝐶𝑖 ∙ 𝐸𝑖 , 𝐶𝑖)

(𝐴𝑐𝑡 (𝐶𝑜𝑛𝑣(𝐿𝑖𝑛𝑒𝑎𝑟(𝐶𝑖 , 𝐶𝑖 ∙ 𝐸𝑖)(𝑥𝐸𝑆𝐴)))) + 𝑥𝐸𝑆𝐴
(3) 

where 𝑥𝑀𝐹  is the output of Mix-FFN, Linear(𝐶𝑖𝑛, 𝐶𝑜𝑢𝑡 )(𝑥 ) 

represents a linear layer that projects an input sequence 𝑥 of 

dimension 𝐶𝑖𝑛 into an output sequence of dimension 𝐶𝑜𝑢𝑡, and 

Act denotes the activation layer.  

3): Decoder: The feature maps from the four transformer 

blocks are first processed through MLP layers, where the 

channel dimension is linearly projected from 𝐶𝑖 to 𝐶, and the 

spatial size is upsampled to 𝐻 /4 ×  𝑊 /4. These processed 

feature maps are then concatenated to form a fused 

representation of size 𝐻 /4 ×  𝑊 /4 × 4𝐶 . Finally, an MLP 

followed by an upsample layer transforms this fused 

representation into a segmentation output of size 𝐻  ×  𝑊 

× 𝑁𝑐𝑙𝑠, which is then passed through a softmax function for 

wrap-count classification. 

In phase unwrapping applications for filtered multi-look 

interferograms, an input size of 512 × 512 typically covers 

about 30 km × 30 km. Given the extensive spatial coverage and 

relatively low phase gradient of interseismic interferograms, 

this input size necessitates dividing the interferogram into 

numerous patches. However, more patches complicate 

mosaicking and may limit fringe variation, affecting model 

training and prediction. To address the issue, our method 

partitions large-scale interseismic interferograms which are 

padded with zeros, into patches of either 1024 × 1024 or 2048 

× 2048 pixels, depending on the overall interferogram size, with 

strides of 800 pixels or 1600 pixels, creating overlaps of 224 × 

1024 or 448 × 2048 pixels, respectively. These patches are 

downsampled to 512 × 512 using a nearest-neighbor algorithm 

for training and prediction. 
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Fig. 2. The schematic diagram of Segformer for wrap-count segmentation. (a) Overall structure. (b) The detailed structure of the 

Transformer Block. 

 

TABLE I 

LAYER AND PARAMETER CONFIGURATION OF MAJOR MODULES IN SEGFORMER-B2 

Module Layers Parameters Output Size 

Encoder 

OPE 1 Convolution 
Kernel_size = 7, Stride = 4, 

Padding = 1, Channels = 64 
𝐻/4 × 𝑊/4 × 64 

Transfomer 

Block 1 

(Efficient Self-Attn + 

Mix-FFN) × 𝑁1 

𝑁1 = 3, 𝐶1 = 64, 𝐻1 = 1, 𝑅1 

=8, 𝐸1 = 4 
𝐻/4 × 𝑊/4 × 64 

OPE 2 Convolution 
Kernel_size = 3, Stride = 2, 

Padding = 1, Channels = 128 
𝐻/8 × 𝑊/8 × 128 

Transfomer 

Block 2 

(Efficient Self-Attn + 

Mix-FFN) × 𝑁2 

𝑁2 = 4, 𝐶2 = 128, 𝐻2 = 2, 𝑅2 

= 4, 𝐸2 = 4 
𝐻/8 × 𝑊/8 × 128 

OPE 3 Convolution 
Kernel_size = 3, Stride = 2, 

Padding = 1, Channels = 320 
𝐻/16 × 𝑊/16 × 320 

Transfomer 

Block 3 

(Efficient Self-Attn + 

Mix-FFN) × 𝑁3 

𝑁3 = 6, 𝐶3 = 320, 𝐻3 = 5, 𝑅3 

= 2, 𝐸3 = 4 
𝐻/16 × 𝑊/16 × 320 

OPE 4 Convolution 
Kernel_size = 3, Stride = 2, 

Padding = 1, Channels = 512 
𝐻/32 × 𝑊/32 × 512 

Transfomer 

Block 4 

(Efficient Self-Attn + 

Mix-FFN) × 𝑁4 

𝑁4 = 3, 𝐶4 = 512, 𝐻4 = 8, 𝑅4 

= 1, 𝐸4 = 4 
𝐻/32 × 𝑊/32 × 512 

Decoder 

MLP + Upsample + 

Concatenate 
𝐶 = 768 𝐻/4 × 𝑊/4 × 3072 

MLP + Upsample 𝑁𝑐𝑙𝑠 = 7 𝐻 × 𝑊 × 7 
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Fig. 3. The flowchart of generating simulated dataset based on regional DEM and real coherence maps. 

B. Dataset Construction Strategy 

The quality and diversity of the dataset are crucial to the 

performance of deep learning-based methods. Determining the 

ground truth wrap count in real interferograms is difficult due 

to decorrelation noise and unwrapping errors. Here, we propose 

a dataset simulation workflow based on real digital elevation 

models (DEMs) and real coherence maps, as shown in Fig. 3. 

The simulated interseismic phase consists of four components: 

deformation, topographically-correlated atmosphere, turbulent 

atmosphere, and ramp-like signals [29, 41]. Deformation is 

modeled using the Okada model [42]. The modeled fault is 

constructed based on a segment of the western Altyn Tagh 

Fault. In the Okada model, the fault length, width, top depth, 

strike, dip, and rake angle are set to 1000 km, 970 km, 15 km, 

55°, 90°, and 0°, respectively. This model assumes that the 

shallow part of the fault is locked above a depth of 15 km, while 

the deeper part slips at a long-term rate of 6 mm/yr. The large 

fault dimensions are chosen to generate an interseismic-like 

long-wavelength deformation pattern within the simulated 

domain and to reduce boundary effects. The topographically-

correlated atmosphere is generated following Wang et al. [43] 

using real fault zone DEMs multiplied by a power-law function 

for spatial representation and seasonal trigonometric functions 

with random perturbations for temporal variation. Turbulent 

atmospheric effects, featuring inherent randomness with spatial 

correlation decaying over distance, are simulated using various 

fractal Perlin noise functions [44].  

Ionospheric and plate motion-related signals are introduced 

as simple first-order ramps. The plate motion-related term 

describes the large-scale rigid rotation of tectonic plates about 

a fixed Euler pole in the International Terrestrial Reference 

Frame (ITRF14), and manifests as a long-wavelength, ramp-

like signal in the LOS deformation along the radar range 

direction [45]. Coherence maps matching the DEM coverage 

are used to incorporate realistic decorrelation noise. Complex 

Gaussian noise is added to the raw phase 𝜑𝑡 and wrapped as: 

𝜑𝑛 = 𝑎𝑟𝑔{(𝑐𝑜𝑠𝜑𝑡 + 𝐴𝑛𝑛𝑅) + (𝑠𝑖𝑛𝜑𝑡 + 𝐴𝑛𝑛𝐼)𝑖},

𝐴𝑛 =

{
 
 

 
 

(1 − 𝛾) ∗ 8𝜋，𝛾 < 0.1

(1 − 𝛾) ∗
𝜋

4
，0.1 < 𝛾 < 0.3

(1 − 𝛾) ∗
𝜋

8
，𝛾 > 0.3

(4)
 

where 𝛾 is the real raw coherence, 𝐴𝑛 represents the amplitude 

of decorrelated noise, 𝑛𝑅  and 𝑛𝐼  denote random Gaussian 

noise, arg (∙) is the operation of extracting the argument of a 

complex number, 𝑖 denotes the imaginary unit (𝑖2 = -1), and 𝜑𝑛 

is the wrapped phase. This equation is adapted from Wu et al. 

[29] based on our experiments to simulate noise as realistically 

as possible. For coherence values below 0.1—which typically 

correspond to fully decorrelated areas such as deserts and water 

bodies—the noise needs to be amplified several times to match 

real data characteristics. When coherence exceeds 0.1, adding 

excessive noise would cause the final interferograms to deviate 

significantly from realistic patterns after filtering. To better 

replicate noise characteristics in multi-look filtered 

interferograms, we apply the adf function in GAMMA software 

[46] to filter 𝜑𝑛  and re-estimate its coherence 𝛾, yielding the 

final simulated interferogram 𝜑̂𝑛 . Then the wrap count 𝑘  is 

calculated by 

𝑘 =  𝑟𝑜𝑢𝑛𝑑 {
(𝜑𝑡 − 𝜑̂𝑛)

2𝜋
} (5) 

where round (∙) denotes the rounding operation. Pixels with 

re-estimated coherence 𝛾 < 0.7 after filtering in our simulated 

scenarios, or those in connected regions smaller than 100 pixels, 

are labeled as decorrelated pixels (i.e., 𝑘=0). The simulated 

interferograms and their corresponding wrap count maps are 

partitioned into patches, downsampled to 512 × 512, and 

selected to retain samples with 𝑘𝑚𝑎𝑥 ≤ 6 . The simulation 

generated over 26,000 samples using DEMs from the shuttle 

radar topography mission (SRTM) and coherence maps from 

real SAR images over the western Altyn Tagh Fault, and some 

samples are shown in Fig. 4(a).
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Fig. 4. Sample examples of our dataset for wrap-count segmentation. (a) Simulated samples. (b) Real samples. 

 

 

To further enrich the dataset, we incorporated real samples. 

The real interferograms and their corresponding unwrapped 

results, coherence maps are downloaded from the COMET-

LiCSAR platform [47] , derived from three frames covering the 

western part of the Haiyuan Fault. Since the unwrapped results 

obtained by SNAPHU may involve errors, we manually 

exclude interferograms with severe unwrapping artifacts. After 

identifying decorrelated pixels, computing wrap counts, 

partitioning, and downsampling as described earlier, we select 

nearly 13,000 high-quality samples with insignificant 

unwrapping errors, complicated fringe patterns, and moderate 

decorrelated noise via visual check. The sample information in 

the source frames is shown in Table II, and several real samples 

are presented in Fig 4(b).  

 

TABLE II 

THE DATA SOURCE INFORMATION ABOUT REAL SAMPLES 

 

LiCSAR Frame ID 
Downloaded 

Interferograms 

Time 

Span 

Selected 

Samples 

033D_05106_131313 765 
2014.10-

2024.02 

5042 

033D_05304_131313 877 2679 

033D_05503_131313 3048 5788 

 

C. Patch Post-processing 

Affected by factors like the limited training data and the 

inherent deep-learning drawbacks, errors in estimated wrap 

counts sometimes still occur. As shown in (1), errors in the wrap 

count 𝑘 directly determine the unwrapped results. To mitigate 

these errors, we apply a post-processing step. Automatically 

judging whether a patch requires post-processing is of great 

importance. Here, we define a prediction credibility metric 𝐾𝑢 

based on Segformer’s output. Let 𝑝1 and 𝑝2 be the highest and 

second-highest predicted probabilities for each pixel, 

respectively. The prediction confidence 𝑘𝑤  for each pixel is 

then computed as the difference between these two 

values:

𝑘𝑤 = 𝑝1 − 𝑝2. (6) 
A larger 𝑘𝑤 indicates that Segformer has more confidence in its 

prediction, while a smaller 𝑘𝑤  suggests that Segformer may 

have difficulty distinguishing between the two classes, 

increasing the likelihood of errors [48]. We define the 

credibility metric for a patch as 𝐾𝑢 = [𝐾𝑢
1, 𝐾𝑢

2], where 𝐾𝑢
1 is the 

average 𝑘𝑤  of all pixels, and 𝐾𝑢
2  is the average 𝑘𝑤  of non-

decorrelated pixels (𝑘 ≠ 0). 

For patches with high 𝐾𝑢 (both values > 𝐾𝑡1), where 𝐾𝑡1 is 

set by the user, no post-processing is necessary. For patches 

with moderate 𝐾𝑢 (either value < 𝐾𝑡1 and both values > 𝐾𝑡2), 
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small areas with prediction errors are likely to occur. They are 

corrected using a DCNN network trained on synthetic samples. 

During training of the DCNN, random small-area +/−2𝜋 

errors are added to the samples simulated before, and pixels are 

labeled accordingly. For patches with low 𝐾𝑢  (either value <
𝐾𝑡2), complex and wide-range errors can be present due to the 

instability of our segmentation model. We re-unwrap these 

patches using the sparse MCF method in GAMMA software, 

aiming to get more reliable wrap counts. Extensive experiments 

suggest optimal thresholds 𝐾𝑡1 = [0.95, 0.95] and 𝐾𝑡2 = [ 0.65, 

0.8] for practical applications. 

 

D. Patch Mosaicking 

The third step of SWIPHU is to seamlessly mosaic all the 

patch-wise updated wrap counts. We formulate mosaicking as 

a linear equation-solving problem, and estimate the relative 

wrap-count differences between each non-first patch and the 

first patch based on the observed wrap-count difference in 

overlapping regions. Theoretically, the wrap count within each 

patch is relative, meaning the overlap differences should be a 

constant integer. However, segmentation or post-processing 

may cause variations across overlapping pixels. We use the 

mode value 𝐿𝑗,𝑘 as the relative wrap-count difference between 

patches 𝑗  and 𝑘 , discarding low-quality overlaps where 

decorrelated pixels exceed 97% or the mode value constitutes 

less than 80% of pixels.  

For an 𝑚 × 𝑛  partitioned interferogram, the unknown 

parameters 𝑋 form an (𝑚𝑛-1)× 1 matrix, while the observation 

matrix 𝐿 contains 𝑚(𝑛-1)+𝑛(𝑚-1) elements if all overlaps are 

preserved. The linear equation can be expressed as 𝐿 = 𝐵𝑋: 

𝐿 =

[
 
 
 
 
 
 
 
 

𝐿1,2
𝐿2,3
⋮

𝐿𝑚𝑛−1,𝑚𝑛
𝐿1,𝑛+1
𝐿2,𝑛+2
⋮

𝐿𝑛(𝑚−1),𝑚𝑛]
 
 
 
 
 
 
 
 

, 𝐵 =

[
 
 
 
 
 
1 0 ⋯ ⋯ 0 0
−1 1 ⋯ ⋯ 0 0
⋮ ⋮ ⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋯ ⋯ ⋮ ⋮
0 0 ⋯ ⋯ 0 1]

 
 
 
 
 

, 𝑋 =

[
 
 
 
 
 
𝑋1,2
𝑋1,3
𝑋1,4
⋮
⋮

𝑋1,𝑚𝑛]
 
 
 
 
 

(7) 

where 𝐵  represents the coefficient matrix. Each preserved 

observation 𝐿𝑗,𝑘 is weighted by 𝑃𝑗,𝑘 based on the proportion of 

mode-value pixels in the overlap. 𝑋 is then solved using: 

𝑋 = (𝐵𝑇𝑃𝐵)−1𝐵𝑇𝑃𝐿. (8) 

Since all observations and unknowns are integers, the 

solution should be error-free. If the residual is non-negligible, 

the estimated parameters may be biased, leading to patch-wise 

mosaicking errors across the entire interferogram. Thus if the 

residual exceeds 0.00001 or the coefficient matrix 𝐵 is rank-

deficient due to excessive discarded observations, the 

interferogram is considered unreliable. In such cases, it either 

produces mosaicking errors across several patches or cannot be 

fully mosaicked from all patches, and is therefore discarded 

from our workflow.. For successfully solved 𝑋, we reconstruct 

the full wrap-count map by aligning patches to the first patch’s 

reference after rounding 𝑋  to the nearest integer. A median 

filter is applied to reduce errors along fringe edges, yielding the 

final unwrapped result. 

III. RESULTS 

A. Assessment of Patch-wise Wrap-count Prediction 

The Segformer model was trained using Pytorch 2.2 on a 

Quadro RTX 4000 GUP, with a batch size of 2 and an initial 

learning rate of 0.0001. Considering that transformer-based 

models face difficulty in training parameters with a limited 

dataset, we initialized the network using a pre-trained weight 

file based on the PASCAL VOC 2012 (VOC12) and Semantic 

Boundaries Dataset (SBD). The model was built after training 

for more than 10 epochs until the loss function fully converged. 

To assess the performance of Segformer-B2, other well-

known semantic segmentation networks including U-Net [49], 

DeepLabV3+ [50], and Segformer-B0 were also trained using 

the same dataset and optimal training strategy. The wrap counts 

of nearly 2000 test samples were predicted by different models, 

and the Intersection over Union (IoU) between predicted results 

and ground truth for each class was calculated, as shown in 

Table III.  

Segformer-B2 achieved the highest Mean IoU (mIoU) of 

91.4%, outperforming U-Net and Segformer-B0, which had 

mIoUs below 50.0%. For classes with wrap counts greater than 

2, U-Net's IoU drops sharply, indicating its poor ability to 

segment complex fringe patterns, despite having 31,030,983 

trainable parameters. Segformer-B0, with 3,715,943 

parameters, performs better than U-Net for larger wrap counts 

but is constrained by its smaller model size. DeeplabV3+ and 

Segformer-B2 have 2,754,423 and 27,352,007 parameters, 

respectively. Benefiting from the Transformer-based self-

attention mechanism and larger model size, Segformer-B2 

outperforms DeeplabV3+, achieving over 2.0% improvement 

in classes with wrap counts of 3, 4, and 6. 

Further comparisons of predicted wrap counts and prediction 

confidence from Segformer-B2 and DeeplabV3+ on 

representative test samples are presented in Fig. 5. As shown in 

Fig. 5(a) and Fig. 5(c), DeeplabV3+ produces wrap count biases 

between isolated regions. While its predictions within coherent 

regions are relatively accurate with high confidence, it fails to 

reveal errors between isolated coherent regions, as seen in Fig. 

5(a). The overestimated prediction confidence prevents 

necessary post-processing, allowing unwrapping errors to 

persist. For more complex fringe patterns affected by 

decorrelation noise, as shown in Fig. 5(b) and Fig. 5(e), 

DeeplabV3+ struggles with segmentation, whereas Segformer 

demonstrates greater robustness. Moreover, DeeplabV3+ tends 

to misclassify slightly noisy regions as class 0, whereas 

Segformer-B2 preserves more coherent pixels, as observed in 

Fig. 5(d). These results all underscore the superior robustness 

of Segformer-B2 in SAR interferogram wrap-count 

segmentation, consistent with its performance in natural scene 

images [40]. This suggests that the trained model has reached 
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Fig. 5. Comparison of wrap count and prediction confidence from DeeplabV3+ and Segformer on five representative patch-wise 

test samples. 

 

optimal stability with the existing training dataset and can be 

integrated into the proposed workflow. 

 

TABLE III 

WRAP-COUNT PREDICTION PERFORMANCE OF DIFFERENT 

NETWORKS ON THE TEST DATSET 

Network 
IoU for different classes (%) Mean 

IoU 0 1 2 3 4 5 6 

U-Net 92.2 62.1 50.6 16.0 4.7 3.3 3.8 33.2 

DeepLab 

V3+ 
91.6 94.1 92.4 88.4 87.4 89.2 85.2 89.7 

Segformer-

B0 
87.5 80.3 69.5 36.4 33.0 31.4 0.0 48.3 

Segformer-

B2 
91.8 94.8 93.4 90.9 91.2 90.2 87.5 91.4 

 

B. Algorithm Performance on Synthetic Interferograms 

To verify the effectiveness of the whole SWIPHU algorithm, 

we conducted simulated experiments in this section. A total of 

134 large-scale interseismic interferograms were generated 

using the strategy described in Section II B. This simulation is 

based on the western end of the Haiyuan Fault, covered by 

Sentinel-1’s descending orbit path 33. Real projected DEM in 

the radar coordinate system and hundreds of coherence maps 

derived from Sentinel-1 interferometry were utilized to 

generate synthetic interferograms, which were then processed 

using SWIPHU. Fig. 6(a) shows a typical synthetic interseismic 

interferogram, characterized by severe decorrelated noise and 

considerable tropospheric delay. To keep a constant patch step 

size and maintain consistent mosaicking across interferograms 

of different sizes, the interferogram was first padded with zeros 

and then divided into 10 patches, each measuring 2048 × 2048 

pixels, before being input into the Segformer network. 

Following wrap-count segmentation by Segformer, post-

processing was applied based on the prediction credibility 

metric 𝐾𝑢. The post-processing details for Patches No. 4 and 

No. 3 in Fig. 6(a) are illustrated in Fig. 6(g) and Fig. 6(h), 

respectively. As shown, a moderate 𝐾𝑢  value in patch No. 4 

corresponds to minor prediction errors, and the trained DCNN 

plays an essential role in correcting such small-region errors. In 

contrast, the lower 𝐾𝑢 value in patch No. 3 indicates larger and 

more complex prediction errors, which in some cases require 

re-unwrapping using the traditional MCF method. Fig. 6(b) 

displays the final whole wrap count map after mosaicking,  

which aligns well with the fringe patterns in Fig. 6(a), 

demonstrating the validity of SWIPHU. Notably, only three out 

of 134 simulated interferograms were discarded during 

mosaicking, indicating strong agreement in wrap count across 

overlapping regions after segmentation and post-processing.
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Fig. 6. Performance of the SWIPHU method on a typical simulated large-scale interferogram compared with MCF. (a) Simulated 

interferogram. (b) Mosaicked wrap count by SWIPHU. (c)-(d) Unwrapped results of (a). (e)-(f) Residual maps of (c) and (d), 

respectively. (g)-(h) Comparison of two patches in (a) before and after different post-processing in SWIPHU. In Patch 4, DCNN 

correction is applied due to a moderate credibility metric 𝐾𝑢, while in Patch 3, MCF re-unwrapping is used due to a low 𝐾𝑢. 

 

Given that the MCF method is widely recognized as one of 

the most robust and effective approaches for large-scale low-

coherence interferograms in 2-D phase unwrapping [29], with 

extensive validation in numerous applications, we compare our 

algorithm with the MCF implementation in GAMMA [46] 

using different masking strategies. We employed two types of 

mask files: (1) a mask derived from reestimated coherence 

maps using a coherence threshold (𝑇𝑐𝑜ℎ) of 0.7, and (2) a mask 

generated based on the wrap-count maps predicted by the 

Segformer network. The 131 interferograms retained in our 

workflow were then unwrapped using MCF with these two 

masking configurations. 

The mean absolute error (MAE) between the unwrapped 

results and the ground truth is computed to assess the accuracy 

of each unwrapping approach. The MAEs are 0.69, 0.58, and 

0.31 rad for MCF with 𝑇𝑐𝑜ℎ=0.7, MCF with Segformer-derived 

masking and SWIPHU, respectively. These results show that 

SWIPHU significantly improves unwrapping accuracy of 

synthetic interferograms compared to MCF. Fig. 6(c)-(f) 

highlights the unwrapping results of Fig. 6(a) and the 

corresponding residual maps using MCF with 𝑇𝑐𝑜ℎ=0.7 and 

SWIPHU. The unwrapping errors by the traditional MCF 

method are concentrated in the isolated patch surrounded by 

decorrelated noise in the lower left, as well as in some 

fragmented decorrelated pixels that are not masked. In contrast, 

our deep-learning-based method automatically masks low-

coherence pixels and reduces errors in isolated patches by 

leveraging global feature extraction and a long-distance 

receptive field. Note that there are some tiny regions with 

unwrapping errors in the SWIPHU method’s results compared 

to MCF, particularly in highly complex fringe patterns and 

severely decorrelated mountainous areas with dense vegetation. 

Additionally, the residual map reveals minor scattered errors 

across the interferogram, which can be attributed to 

interpolation artifacts introduced during Segformer's multiple 

downsampling and upsampling operations, particularly at 

wrap-count discontinuities along fringes edges. 

To ensure a fairer comparison, we refine the MAE 

calculation for MCF with 𝑇𝑐𝑜ℎ=0.7 by excluding fragmented 

decorrelated pixels identified by the Segformer mask. This 

adjustment reduces its MAE to 0.40 rad. Nevertheless, the 

residual error remains higher than that of SWIPHU, illustrating 

that SWIPHU achieves at least a 23% improvement in 

unwrapping accuracy over MCF. 
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V. APPLICATION TO REAL INTERFEROGRAMS 

A. Large-scale Interseismic Interferograms in the Western 

Altyn Tagh Fault 

The Altyn Tagh Fault (ATF) is a 1600-km sinistral strike-slip 

fault along the northern margin of the Qinghai-Tibet Plateau, 

with a deep slip rate ranging from ~10 mm/yr to ~3 mm/yr [51, 

52, 53]. The western segment of the Altyn Tagh Fault is 

characterized by dramatic topographic relief of up to 3 km on 

both sides of the fault and complex landforms, including 

deserts, plateau permafrost, and seasonal snow cover, as shown 

in Fig. 7(a). These factors contribute to severe atmospheric 

delays and decorrelation. The presence of distinct fringe 

patterns, decorrelated noise and isolated regions in desert areas 

makes this region an ideal case to test the performance of the 

SWIPHU algorithm. 

We processed two frames from Sentinel-1 descending orbit 

track 85, which crosses the western Altyn Tagh Fault, spanning 

the period from January 1, 2019 to June 30, 2022. A total of 763 

large-scale interseismic interferograms with spatial 

perpendicular baseline < 20 m and temporal baseline > 300 days 

were formed after interferometry. While using short temporal 

baselines only can simplify unwrapping, it can introduce a 

phase bias (also known as fading signal [54]). Including longer 

temporal baselines is an effective way to mitigate phase bias 

and better constrain long-term interseismic velocities. The 

baseline network is presented in Fig. 7(b). All interferograms 

were unwrapped using SWIPHU and six variations of the MCF 

algorithm implemented in GAMMA, incorporating different 

coherence threshold masks (0.5, 0.7, and 0.9) and two distinct 

triangulation modes: filled triangulation (FT) and Delaunay 

triangulation (DT). In the workflow of our method, the full-size 

interferograms were partitioned to eight patches of 2048 × 2048 

pixels in the first segmentation step, and 729 interferograms 

were preserved after mosaicking, while 34 interferograms were 

discarded due to unresolved wrap-count contradiction in 

overlaps of adjacent patches. 

Triangular loop closure analysis is utilized to evaluate 

unwrapping errors in real scenarios [6]. However, nonzero loop 

closure is not solely attributed to unwrapping errors; some 

deviations arise from fading signals (also known as a phase 

bias) [54], while others result from decorrelation noise. To 

better quantify unwrapping errors within triangular loops, we 

define an index named unwrapping error proportion (UEP) 

rather than using the RMS. UEP is calculated as the ratio of 

pixels with unwrapping errors to the total number of unmasked 

pixels within a loop. A pixel is considered to have an 

unwrapping error if its absolute closure error exceeds 𝜋 rad and 

belongs to a connected region of at least 100 pixels. By applying 

a minimum size threshold, UEP minimizes the influence of 

fragmented incoherent pixels introduced by different coherence 

masking and of tiny scattered errors, providing a more fair 

metric for performance comparison. The mean UEPs of all 

1295 triangular loops formed by 726 unwrapped interferograms 

using different MCF configurations and SWIPHU are 

compared in Table IV. For the FT mode of MCF, the lowest 

mean UEP is observed at a coherence threshold of 0.7, whereas 

in the DT mode, the mean UEP decreases as the coherence 

threshold increases, reaching a minimum of 0.9. The SWIPHU 

method significantly outperforms both MCF modes, achieving 

a mean UEP of 1.0%, which represents a 28% and 65% 

reduction compared to the optimal FT (1.4%) and DT (2.9%) 

configurations, respectively. 

  

TABLE IV 

MEAN UEP OF DIFFERENT UNWRAPPING RESULTS ON THE 

WESTERN ALTYN TAGH FAULT INTERFEROGRAMS (%) 

MCF 
Coherence threshold (𝑻𝒄𝒐𝒉) 

SWIPHU  
0.5 0.7 0.9 

FT 1.5 1.4 1.7 
1.0 

DT 4.8 4.3 2.9 

 

 

Fig. 7. Verification on real data over the western Altyn Tagh 

Fault (ATF). (a) Study area of the western ATF. The green 

rectangles indicate the coverage of the ascending Sentinel-1 

large-scale interferograms. The red lines outline the trace of 

ATF. (b) Baseline network of the interferograms. (c) 

Histograms of Unwrapping Error Proportion (UEP) for loops 

unwrapped by SWIPHU and two the optimal MCF 

configurations. (d) The UEP variations after applying SWIPHU 

compared with two optimal MCF configurations.  
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Fig. 8. Unwrapping results of different methods for two loop examples from the western Altyn Tagh Fault (ATF). (a) Loop 

20190319-20200804-20220126. (b) Loop 20190623-20200512-20210531. The gray squares indicate the patches requiring MCF 

re-unwrapping in the SWIPHU method. 

 

Fig. 7(c) highlights the UEP distribution across all loops for 

two optimal MCF methods (FT_0.7 and DT_0.9) and the 

SWIPHU algorithm. Though the UEPs of SWIPHU and MCF 

(FT_0.7) are both primarily concentrated between 0.1% and 

10.0%, a higher proportion of UEP values obtained by 

SWIPHU fall below 1.0%, whereas most loops from MCF 

(FT_0.7) lie within the 1.0%–8.0% range. In contrast, MCF 

(DT_0.9) demonstrates wider variance, with some 

interferograms exhibiting UEP values exceeding 50.0%, 

indicating higher instability in this MCF configuration. To 

analyze the differences more clearly, Fig. 7(d) quantifies UEP 

variations between the two MCF methods and SWIPHU for 

each loop. A UEP relative change threshold of 10% is set, 

considering UEP variations below this value insignificant. That 

is, if the UEP obtained using our method increases or decreases 

by more than 10% of that obtained with the original MCF 

method, we consider this change to be significant. The results 

show that, compared to MCF (DT_0.9), 49.3% of loops 

processed using SWIPHU exhibit a significant reduction in 

UEP, while 8.3% show negligible changes. Similarly, relative 

to MCF (FT_0.7), only 10.5% of loops show insignificant 

changes, while 60.9% experience a remarkable UEP decline. 

These results further demonstrate the effectiveness of 

SWIPHU, notably enhancing the phase unwrapping accuracy 

for over 45% of the large-scale interferograms in the western 

Altyn Tagh Fault. However, it should be noted that although 

half of the loops show better performance, approximately one-

third of the loops present inferior performance compared to the 

two MCF methods, indicating the limitations of SWIPHU, 

which are analyzed in the following text. 
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Fig. 9. Verification on real data over the western Haiyuan Fault (HF). (a) Study area of the western HF. The orange and blue 

rectangles indicate the coverages of the first and the second sets of interferograms, respectively. The red lines outline the trace of 

HF. (b)-(c) Baseline networks of the first and second interferogram sets, respectively. (d)-(e) Histograms of Unwrapping Error 

Proportion (UEP) distributions and pie charts of UEP variations for loops unwrapped using SWIPHU and MCF, corresponding to 

the first and second interferogram sets, respectively. 

 

Fig. 8 depicts a detailed comparison of two loop cases with 

different performances. From Fig. 8(a), it is evident that in the 

MCF methods, 2π closure errors in the upper right corner of the 

loop closure diagram originate from the second interferogram 

in the triangular loop, where fringe aliasing occurs due to snow 

and ice coverage. -2π and 2π closure errors appear in the bottom 

left of the two MCF loops, stemming from the third and the 

second interferogram, respectively, where desert-induced 

decorrelation leads to localized isolated unwrapping errors. In 

contrast, our approach effectively mitigates these two types of 

unwrapping errors in both the upper right and lower left regions, 

resulting in a UEP decline of 2.6% and 1.4% compared to the 

two MCF methods. Additionally, Fig. 8(a) shows that only one 

patch required re-unwrapping via MCF in the post-processing 

step of SWIPHU among these three interferograms, suggesting 

that the observed UEP reduction in this case is mainly attributed 

to wrap-count segmentation by Segformer rather than post-

processing corrections. Conversely, another loop case where 

UEP increases is shown in Fig. 8(b). It can be observed that the 

MCF methods introduce unwrapping errors in the desert 

regions and along interferogram edges. While SWIPHU 

partially reduces the desert-related errors and completely 

removes edge errors, it introduces a new -2π closure error in the 

middle-right section of the loop. By comparative analysis of 

Fig. 8(b), it can be seen that this new error stems from the first  

interferogram in the loop, where atmospheric-related dense 

fringes trouble the output of our trained Segformer. 

Additionally, the interferometric patterns of Patch No. 2 in the 

first interferogram which requires MCF-based re-unwrapping, 

reveal the method’s limitations in handling complex and 

densely fringed regions. 

B. Two Sets of Interferograms in the Western Haiyuan Fault  

Situated along the northeast margin of the Qinghai-Tibet 

Plateau, the Haiyuan Fault (HF) is a left-lateral strike-slip fault 

with a slip rate of ~2-7 mm/yr, and includes creeping segments. 

It is considered a high seismic hazard due to the presence of a 

noticeable seismic gap [55, 56, 57]. The western HF features 

wholesale vegetation cover and runs close to Qinghai Lake, the 

largest inland saline lake in China, as shown in Fig. 9(a). To 

further verify the generalization and robustness of our deep-

learning-based algorithm across diverse environments and data 

sources, two sets of multitemporal interferograms in the 

western Haiyuan Fault are tested in this section.  

The first set of interferograms covers a larger area than the 

interferograms of the western Altyn Tagh Fault, consisting of 

three frames from the Sentinel-1 descending orbit named Path 

33. It was generated using SAR images acquired from 

November to February of the following year between 2017 and 

2021. To maximize the number of interferograms, only the 

temporal baseline was constrained to be greater than one year, 

while the spatial baseline threshold was not restricted, yielding 

533 large-scale interferograms. These were then unwrapped 

using SWIPHU with a patch size of 2048 × 2048 pixels, and 

527 interferograms were successfully retained, while six were 

discarded during mosaicking, as shown in Fig. 9(b). For 

comparison, the same interferograms were also unwrapped 

using the MCF method in FT mode, applying coherence mask 

thresholds of 0, 0.1, 0.3, 0.5, 0.7, and 0.9. Since the DT mode 

of MCF failed to unwrap certain interferograms at higher 

coherence thresholds and generally exhibited lower accuracy 

than the FT mode (as demonstrated in Section IV.A), it is 

excluded from further analyses in this paper. 
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Fig. 10. Three examples comparing loop closure performance of SWIPHU and MCF under varying coherence mask threshold 

from the first set of interferograms in the western Haiyuan Fault (HF). (a)-(b) Examples 1 and 2, in which SWIPHU outperforms 

MCF. (c) Example 3, in which SWIPHU shows inferior performance. 

 

TABLE V 

MEAN UEP OF DIFFERENT UNWRAPPING RESULTS FOR TWO 

SETS OF INTERFEROGRAMS ON THE WESTERN HAIYUAN FAULT 

(%) 

Set 
Coherence threshold (𝑻𝒄𝒐𝒉) of MCF 

SWIPHU 
0 0.1 0.3 0.5 0.7 0.9 

1 9.9 8.8 3.6 2.4 6.0 11.2 0.4 

2 2.3 2.3 1.2 1.0 1.1 1.6 0.7 

 

The accuracy of these results is assessed using 2042 formed 

triangular loops, with the mean UEPs summarized in Table V. 

Among the MCF results, the coherence threshold of 0.5 yields 

the lowest average UEP, confirming that either lower or higher 

thresholds lead to more unwrapping errors—lower thresholds 

incorporate more decorrelated pixels, while higher thresholds 

result in more separated regions. The SWIPHU method 

significantly outperforms MCF, achieving a UEP of 0.4%, 

representing an 83% reduction compared to the minimum UEP 

of 2.4% obtained with MCF. The UEP distribution histograms 

of these two results are plotted in Fig. 9(d). SWIPHU 

predominantly yields UEP values between 0.1% and 1.0%, 

whereas the MCF results exhibit a broader distribution, with 

hundreds of loops reaching up to 30.0% UEP. A specific loop-

wise UEP variation comparison between the two methods is 

also shown in Fig. 9(d). As mentioned in the previous section, 

a relative UEP change exceeding 10% is regarded as 

significant. Among the 2,042 loops, 1139 loops demonstrate 

improved performance with SWIPHU, accounting for 55.8%, 

and 666 loops exhibit worse accuracy, representing 32.6%.
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Fig. 11. Detailed comparison of example 1 (Loop 20180224-20191216-20210115) from Fig. 10. (a)-(c) Wrapped interferograms 

involved in the loop. (d)-(e) Loop closure results using SWIPHU and MCF (𝑇𝑐𝑜ℎ=0.5). (f)-(h) Unwrapped results of (a)-(c) using 

SWIPHU. (i)-(k) Unwrapped results of (a)-(c) using MCF (𝑇𝑐𝑜ℎ=0.5). (l)-(m) Profile comparisons of the first interferogram, the 

third interferogram, and the loop closure, respectively, unwrapped by different methods. 

 

Fig. 10 compares different unwrapping approaches for 

three representative triangular loop cases. Example 1 depicts a 

loop with a low UEP of 0.9% processed using SWIPHU. In 

contrast, the loop closure maps from different MCF methods, 

with coherence mask threshold ranging from 0 to 0.9, contain 

significantly more unwrapping errors. Especially, when 𝑇𝑐𝑜ℎ = 

0.7, the UEP increases to 49.5%, exhibiting widespread errors 

across the large-scale image. Example 2 demonstrates a case 

where SWIPHU introduces localized stitching-related 

unwrapping errors, resulting in a UEP of 2.6%. However, the 

MCF results produce even higher UEPs (5.5%–47.0%), 

reinforcing that while our deep learning approach may not 

completely eliminate unwrapping errors in some cases, it still 

provides a meaningful improvement over traditional methods, 

which tend to introduce large-scale errors. Example 3 reveals a 

case where results are worse using SWIPHU, with the MCF 

results being nearly error-free, except over Qinghai Lake where 

there is decorrelation. The SWIPHU method introduces a 2π 

loop closure for a number of small areas concentrated along 

decorrelated regions, manifesting as localized patchy and 

stitching-related errors. 

Since the loop closure map reflects the combined influence 

of all involved interferograms rather than a direct unwrapping 

error map, we conducted a detailed analysis of the three original 

interferograms in Example 1 to compare the SWIPHU method 

with the optimal MCF method. As shown in Fig. 11(a) and Fig. 

11(c), a prominent vegetation-induced decorrelation region 

extends from the central left to the upper right of the 
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interferogram. This region makes MCF prone to large-scale 

unwrapping errors. Fig. 11(f)–(k) reveals a clear discrepancy in 

the lower half of the first and third unwrapped maps produced 

by the SWIPHU method and the MCF method. A profile across 

the prominent decorrelation region is extracted from the 

unwrapped results, along with the corresponding wrapped 

interferograms and loop closure maps, to facilitate a detailed 

comparison. In Fig. 11(l), the first interferogram’s unwrapped 

results begin to diverge around the 1200th pixel along the 

profile, where the MCF method introduces a clear 2π jump, 

while SWIPHU maintains the gradually decreasing trend of 

variation. Similarly, in Fig. 11(m), discrepancies emerge 

around the 1000th pixel in the third interferogram, deviating by 

approximately π and -π relative to the left adjacent high-

coherence points, respectively. It is difficult to directly identify 

which result is erroneous. However, by examining the loop 

closure values in Fig. 11(n) and cross-referencing with Fig. 

11(l), we can infer that the MCF method introduces significant 

unwrapping errors in the third interferogram, whereas the 

SWIPHU method remains error-free. 

This analysis shows that although the loop closure values of 

the MCF method may be zero, substantial unwrapping errors 

can actually occur in the loop’s interferograms, offsetting each 

other within the loop. It further highlights that traditional 

methods tend to propagate errors when encountering 

decorrelated noise that extends across the interferogram, 

ultimately leading to large-scale unwrapping failures. In 

contrast, our computer vision-based approach operates on a 

patch-level segmentation rather than relying on pixel-wise 

connectivity, enabling it to automatically detect decorrelated 

regions, substantially enhancing the unwrapping accuracy in 

interferograms with widespread low-coherence pixels. 

The second set of interferograms in the western Haiyuan 

Fault originates from LiCSAR ascending frame, 

026A_05327_131313, covering the Qinghai Lake region, as 

shown in Fig. 9(a). All available 846 interferograms from 

January 2019 to December 2021 were downloaded from the 

LiCSAR platform, with varying spatial and temporal baselines. 

Unlike the first set of large-scale interferograms in the radar 

coordinate system, these are in the geographic coordinate 

system and have a smaller spatial coverage. Given their size, 

they were unwrapped using SWIPHU by partitioning them into 

1024 × 1024 pixel patches. As shown in Fig. 9(c), 809 

interferograms were preserved. The set of interferograms was 

also unwrapped using the MCF method with different 

coherence mask thresholds, and the statistical results of 

quantitative accuracy on all 4730 loops are summarized in 

Table V. The mean UEP of SWIPHU is 0.7%, marking a 30% 

reduction compared to the lowest mean UEP of 1.0% among 

the MCF unwrapping results. Fig. 9(e) depicts the UEP 

distribution histograms of these two methods and the UEP 

changes after applying SWIPHU. Most loops processed with 

our method exhibit lower UEP values, with the majority falling 

below 1.0%, whereas the MCF method results in UEP values 

ranging from 1.0% to 10.0% for numerous loops. Compared to 

MCF with a coherence threshold of 0.5, SWIPHU maintains 

accuracy for 3.9% of the loops and significantly improves in 

90.6% of them. However, as in previous cases, some of the 

loops (5.5%) experience a decrease in accuracy.  

 

 

Fig. 12. Unwrapped results and loop closure comparison for 

Loop 20190219-20191017-20191110 from the second 

interferograms set in the western Haiyuan Fault (HF). (a) 

Wrapped interferograms. (b) Unwrapped results using MCF. (c) 

Unwrapped results from LiCSAR. (d) Unwrapped results using 

SWIPHU. 

 

Fig. 12 displays the unwrapping results of three 

interferograms from a specific loop, including those obtained 

from MCF, LiCSAR, and SWIPHU. Note that the results 

provided by LiCSAR are unwrapped using the SNAPHU 

method [47]. Differences among the three methods primarily 

emerge in the upper-right corner of the first interferogram, 

which are also reflected in the loop closure maps. The errors in 

this interferogram indicate that both the traditional MCF and 

SNAPHU methods introduce unwrapping errors when crossing 

decorrelated regions, whereas SWIPHU method effectively 

avoids such issues. These results further demonstrate the strong 

generalizability and robustness of our deep learning model for 

unwrapping different interseismic interferograms, underscoring 

its potential for practical applications. 

V. DISCUSSION 

A. Assessing the Reliability of the Prediction Credibility 𝐾𝑢 

The effectiveness of the second post-processing step in the 

SWIPHU method primarily relies on the prediction credibility 

index 𝐾𝑢  derived from the prediction confidence 𝑘𝑤 . Fig. 5 

illustrates that the pixel-wise 𝑘𝑤 , output by Segformer, 

represents the uncertainty of the predicted wrap count. To 

quantitatively assess whether the patch-wise 𝐾𝑢  is a reliable 

indicator for determining post-processing methods in real 

situations, the relationship between 𝐾𝑢 and unwrapping errors 

is analyzed using loop closures as external validation.
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Fig. 13. Scatter plots showing the correlation between the prediction credibility scores (𝐾𝑢
1 and 𝐾𝑢

2) and loop closure RMS on four 

representative patches from the interferograms over the western Altyn Tagh Fault (ATF). (a) Patch 0. (b) Patch 1. (c) Patch 2. (d) 

Patch 6. 

 

We selected four patches that have undergone frequent post-

processing during the proposed workflow, namely patches 0, 1, 

2, and 6, from the real interferograms at the western end of 

Altyn Tagh Fault, and conducted the tests separately on each. 

For each patch, the initial unwrapped results of 763 

interferograms were obtained using the Segformer model, and 

loops were constructed. Since the UEP index ignores the impact 

of fragmented unmasked pixels, and our objective here is not to 

compare different unwrapping methods with varying masking 

strategies, we directly compute the RMS of closure within each 

patch-wise loop as a proxy for unwrapping error. The 𝐾𝑢
1 and 

𝐾𝑢
2  of the three interferograms involved in each loop were 

averaged to represent the overall prediction credibility. The 

scatter of the loop closure RMS against the mean 𝐾𝑢
1 and 𝐾𝑢

2 for 

each patch is plotted in Fig. 13. A clear negative linear 

correlation is observed across all patches, and the strongest 

correlation is found in patches 1 and 2, with the Pearson 

correlation coefficient reaches approximately -0.7 to -0.8. 

Notably, 𝐾𝑢
2 seems to exhibit a stronger correlation with loop 

closure RMS than 𝐾𝑢
1 , suggesting that the mean 𝑘𝑤  of non-

decorrelated pixels may serve as a more accurate indicator for 

characterizing unwrapping errors than the mean 𝑘𝑤  of all 

pixels. Despite minor differences, combining 𝐾𝑢
1  and 𝐾𝑢

2 

effectively guides post-processing decisions, ensuring a more 

stable and accurate wrap-count correction in the second stage 

of the SWIPHU method. 

 

B. Impact of Partitioning Strategy in Different Methods 

In two-dimensional phase unwrapping, larger interferograms 

are more prone to unwrapping errors, resulting in partitioning 

strategies being incorporated into some traditional methods [46, 

58]. To figure out whether partitioning improves the 

conventional unwrapping for interseismic interferograms and to 

compare them with our proposed partitioning-based method, 

the second set of interferograms in the western Haiyuan Fault 

was unwrapped again using partitioning modes of MCF and 

SNAPHU. The patch size used in these methods was matched 

to that of SWIPHU for fair comparison. The coherence 

threshold for masking was set to 0.7, as it yielded a mask range 

most similar to that automatically identified by SWIPHU. The 

mean UEP for all loops unwrapped via SNAPHU and MCF 

partitioning methods is 3.6% and 5.4%, respectively, both of 

which are significantly higher than the 0.7% achieved by our 

partitioning-based method, as well as higher than the global 

SNAPHU and MCF methods. This suggests that the 

partitioning modes integrated in SNAPHU and MCF fail to 

reduce unwrapping errors and actually introduce additional 

stitching errors. 

To further investigate the impact of our mosaicking 

algorithm, the patch-wise unwrapped results from MCF were 

mosaicked using the algorithm described in Section II.D. This 

process discarded 137 of 846 interferograms due to 

contradictions in overlaps, highlighting a higher inconsistency 

rate than with Segformer. The remaining 709 interferograms 

formed 3074 loops, reducing the mean UEP from 3.5% (using 

MCF partitioning) to 1.6%. This improvement demonstrates 

that our mosaicking algorithm enhances accuracy more 

effectively than MCF’s approach and imposes stricter quality 

control on overlap discrepancies. For those 3074 loops obtained 

by our whole workflow, we observe a significantly lower mean 

UEP of 0.6%. This confirms that though the accuracy gains of 
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SWIPHU can be primarily attributed to the deep learning-based 

wrap-count segmentation, the third mosaicking step also plays 

a role in enhancing its accuracy. 

 

 

Fig. 14. Unwrapped results and loop closure comparison for 

Loop 20241102-20241114-20241208 over the western 

Galápagos Islands. (a) Wrapped interferograms. (b) Unwrapped 

results using MCF. (c) Unwrapped results using SWIPHU. 

 

C. Application in Volcanic Scenarios  

The core principles of the SWIPHU method are universally 

applicable and can be extended to interferograms containing 

any type of deformation signal. However, due to the limited 

training dataset designed for large-scale interseismic 

interferograms, its primary application in this study has been 

focused on slow-deforming interseismic cases. To explore the 

broader applicability of the method, we applied it to 

interferograms from a volcanic region. 

A total of 34 unfiltered interferograms, spanning a four-

month period from October 21, 2024, to March 1, 2025, were 

downloaded from a descending frame covering the western 

Galápagos Islands volcano region in the LiCSAR portal. These 

interferograms exhibit relatively slow phase variations 

compared to those acquired during eruptive events, making 

them more suitable for testing SWIPHU. Given their smaller 

size, a reduced patch size of 512 × 512 pixels was used during 

the unwrapping process. Results show that SWIPHU 

successfully unwrapped 33 interferograms and formed 41 

triangular loops, achieving a mean UEP of 0.6%, a significant 

improvement over the 4.4% mean UEP obtained using the 

traditional MCF method with an optimal coherence threshold 

of 0.5. Fig. 14 depicts the unwrapped results from these two 

methods within a selected loop. It is obvious that MCF leads to 

unwrapping biases between different islands in the second and 

third interferograms due to being surrounded by decorrelated 

noise, whereas SWIPHU effectively addresses the unwrapping 

problems of isolated regions. Interestingly, in this case, 

SWIPHU achieves higher accuracy on unfiltered 

interferograms than on filtered ones, aligning well with its 

original design goal—to improve phase unwrapping for 

interferograms with extensive low-coherence pixels. These 

results demonstrate that the SWIPHU method also holds great 

potential for phase unwrapping beyond interseismic studies, 

particularly in volcanic environments, warranting further 

exploration and development. 

 

D. Impact on interseismic velocities and tectonic implications 

To better quantify the geophysical benefits of the proposed 

SWIPHU method, we utilized LiCSBAS [18] to derive the 

large-scale interseismic velocity of the western Haiyuan Fault 

based on the set of unwrapped interferograms obtained by both 

MCF (𝑇𝑐𝑜ℎ  = 0.5) and SWIPHU. Fig. 15 (a) and(b) show the 

number of unclosed loops identified by LiCSBAS for MCF and 

SWIPHU, respectively, defined as the number of loops with 

absolute closure greater than 𝜋 on a pixel-by-pixel basis. The 

results confirm that the unwrapping errors of SWIPHU are 

significantly reduced compared with MCF, as the majority of 

pixels exhibit fewer than 30 unclosed loops for SWIPHU, 

whereas more than half of the pixels in MCF exhibit more than 

50 unclosed loops. This difference in unclosed loops directly 

leads to a difference in the RMS of time series inversion: the 

mean RMS of SWIPHU is 1.2 mm, while that for MCF is 3.0 

mm (Fig. 15 (c)-(d)). We removed the Eurasian plate motion 

using the ITRF Plate Motion Model [45, 59] and fitted a 

constant between the resulting InSAR velocities and available 

GNSS stations to obtain GNSS-referenced InSAR LOS 

velocities in the Eurasian reference frame, as shown in Fig. 15 

(e)-(f). The RMS values between the GNSS LOS velocities and 

the unified InSAR velocities are 1.13 mm/yr and 1.16 mm/yr 

for SWIPHU and MCF, respectively. Fig. 15 (g) depicts the 

difference between these two InSAR velocity fields, showing 

that the difference in long-term linear interseismic velocities 

reaches up to -0.5 mm/yr to 0.5 mm/yr due to the use of 

different phase-unwrapping algorithms. To further explore the 

impact of unwrapping errors on the time series, we plotted the 

MCF- and SWIPHU-derived InSAR time series at two GNSS 

stations relative to a common reference point in Fig. 15 (h)-(i), 

and we assume that the GNSS time series is purely linear. It is 

evident that the two time series obtained with SWIPHU are 

more tightly clustered around the linear trend, especially in 

early 2018, whereas the MCF time series is more scattered and 

deviates from the GNSS observations. The RMS values 

between the InSAR and GNSS time series are 4.9 mm and 5.4 

mm for SWIPHU and MCF at Point 1, and 7.7 mm and 8.4 mm 

at Point 2. In other words, the misfit of the time series shows a 

~9% reduction when using our proposed SWIPHU phase-

unwrapping method, demonstrating improved accuracy of 

interseismic observations. 
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Fig. 15. Comparison of MCF and SWIPHU on time series results. (a)-(b) Number of unclosed loops. (c)-(d) RMS of residual after 

LiCSBAS time series processing. (e)-(f) InSAR LOS linear velocity after removing plate motion and tied with GNSS in the Eurasia 

reference. The colored circles display the GNSS velocities projected to the LOS direction. (g) Difference between MCF and 

SWIPHU-derived InSAR LOS velocity. (h)-(i) Inverted time series between MCF and SWIPHU of P1 and P2 in (f), respectively, 

where the reference point is the red square in (f).

We extracted three profiles perpendicular to the Haiyuan 

Fault from the final GNSS-referenced InSAR LOS velocity 

field derived using SWIPHU to invert interseismic parameters. 

Each profile is 150 km long and 30 km wide. We then modeled 

these three profiles using a simple elastic dislocation model [60] 

with four parameters: s, d, l, and a, denoting the strike slip rate, 

locking depth, fault location offset, and constant offset, 

respectively. The inversion is implemented using a Bayesian 

approach with Markov Chain Monte Carlo sampling [61, 62]. 

The optimal parameters and their uncertainties for the three 

profiles are shown in Fig. 16. The strike slip rate near 100°E is 

4.4 mm/yr, which is consistent with the 3.5 mm/yr reported by 

[55] in the same region. For 101°E and 102°E, the strike slip 

rate remains nearly unchanged, at approximately 2.2 mm/yr. 

Although the strike slip rates are slightly smaller than existing 

geodetic and geological slip rate estimates (3-5 mm/yr), the 

difference is reasonable considering the limited constraint from 

a single descending orbit and the different strategies for 

correcting long-wavelength signals. The inferred locking depth 

decreases from west to east and then increases again, a trend 

that is in good agreement with previous study [55]. Overall, the 

inversion results highlight that SWIPHU improves both the 

stability and tectonic interpretability of InSAR time series, 

underscoring its potential for broader application to 

interseismic deformation studies along other active fault 

systems. 

 

 
Fig. 16. Fault-perpendicular profiles of descending LOS 

velocities with inverted results. The locations of the profiles are 

shown in Fig. 15 (f). Light-blue scatters represent velocities 

from InSAR measurements. Red dots are the binned average 

values every 1 km along the profiles. Green lines are the best-
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fitting models. Gray dashed lines show the inverted fault 

locations. Dark-blue points with error bars are GNSS velocities 

and their uncertainties projected to the LOS direction. 

 

VI. CONCLUSION 

In this work, we describe a novel wrap-count-based phase 

unwrapping method (SWIPHU) tailored for large-scale, low 

coherence interferograms. SWIPHU is a machine learning-

based approach to phase unwrapping that relies less on 

traditional approaches than most current neural network-based 

methods. It eliminates the need for absolute phase gradient 

estimation and the dependence on the connectivity of pixels in 

traditional methods, and alleviates the impact of decorrelated 

pixels on unwrapping accuracy. The SWIPHU method consists 

of three steps: wrap-count segmentation, post-processing, and 

mosaicking, enabling deep learning to be effectively leveraged 

for large-scale interferograms. To facilitate wrap-count 

segmentation, a comprehensive dataset integrating a diverse set 

of simulated and real samples was constructed. The 

transformer-based Segformer model was utilized for the wrap-

count segmentation task, demonstrating superior capability in 

learning from the training dataset compared to other well-

established semantic segmentation models. Extensive 

evaluations on both simulated and real interferograms 

confirmed that SWIPHU exhibits strong generalization and 

robustness across thousands of interferograms with varying 

spatial sizes and different extents of decorrelation. With the 

advantage of predicting wrap count directly and identifying 

decorrelated pixels automatically, the phase unwrapping 

accuracy is significantly improved compared to traditional 

MCF and SNAPHU methods, especially in isolated regions of 

interferograms with substantial low-coherence pixels. 

Furthermore, the reliability analyses of the second post-

processing and the third mosaicking steps in the SWIPHU 

method enhance the overall unwrapping performance. The 

successful application of this method to volcanic interferograms 

further underscores its potential for broader geophysical 

applications. However, SWIPHU has certain limitations. The 

complexity and variability of real-world data, the limited 

number of wrap counts that can be identified within a single 

patch, potentially inaccurate post-processing choices, and 

stitching errors may all contribute to deviations in the final 

unwrapped results. Despite some limitations that warrant 

further refinement, our deep learning-based method advances 

the applicability of AI for large-scale InSAR phase unwrapping 

and will lead to improved accuracy in the observation and 

mapping of diverse earth deformation processes that use 

geodetic satellite data. 
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