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Abstract—To achieve accurate interferometric synthetic 

aperture radar (SAR) phase estimation, it is essential to select 

appropriate high-coherence interferometric pairs from massive 

SAR single-look complex (SLC) image data. The selection should 

include as many high-coherence interferometric pairs as possible 

while avoiding low-coherence pairs. By combining coherence and 

spectral clustering, a novel selection method for SAR 

interferometric pairs is proposed in this paper. The proposed 

method can be adopted to classify SAR SLC images into different 

clusters, where the total coherence of interferometric pairs in the 

same cluster is maximized while that among the different clusters 

is minimized. This is implemented by averaging the coherence 

matrices of representative pixels to construct an adjacency matrix 

and performing eigenvalue decomposition for estimating the 

number of clusters. The effectiveness of the proposed method is 

demonstrated using 33 TerraSAR-X and 38 dual-polarization 

Sentinel-1A data samples, yielding improved topography and 

deformation monitoring results. 

 
Index Terms—Synthetic aperture radar (SAR), interferometric 

pair selection, coherence, spectral clustering, interferometric 

phase estimation accuracy. 

I. INTRODUCTION 

ynthetic aperture radar (SAR) can obtain high-resolution 

images even under adverse weather circumstances. As a 

successful application that combines traditional SAR 

technology with interferometry, the interferometric synthetic 

aperture radar (InSAR) can retrieve digital elevation model 

(DEM) and surface deformation data [1]. The interferometric 

phase is related to the slant range distance difference between 

the primary and secondary SAR single-look complex (SLC) 

images. A high-quality interferometric phase is essential to 

retrieve DEM and surface deformation data [2]. With an 

increasing number of SAR satellites in orbit, an unprecedented 

number of SAR SLC images are now available. They provide 

more samples for interferometric phase estimation, thus 

facilitating estimation accuracy enhancement. Therefore, the 

Multi-Channel InSAR (MCInSAR) [3], [4] and Multi-

Temporal InSAR (MTInSAR) [5], [6] techniques have recently 

received widespread attention. 

In the MCInSAR technique, multiple interferometric pairs 

are employed to resolve the contradiction between coherence 

and ambiguity height [4], [7], which can provide more accurate 
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DEM data than the traditional single-channel InSAR technique, 

while in the MTInSAR technique, multiple interferometric 

pairs at different times are utilized to estimate the ground 

displacement time series [8], [9]. Usually, two SAR SLC 

images with coherence greater than a certain threshold are 

considered sufficiently coherent and can be used for 

interferometry [3]. In this paper, interferometric pairs with a 

coherence value greater than 0.55 are considered high-

coherence interferometric pairs. 

To reduce the number of invalid pixels in DEM results, 

MCInSAR aims to select high-coherence interferometric pairs 

by restricting spatial-temporal baseline or pixel-by-pixel 

dynamic selection [7]. MTInSAR techniques can be divided 

into two categories. In one category, all possible interferometric 

pairs are used, including SqueeSAR [8], Component extrAction 

and sElection SAR (CAESAR) [9] and Eigendecomposition-

based Maximum-likelihood-estimator of Interferometric phase 

(EMI) [10], etc.; in the other category, only some high-

coherence interferometric pairs are selected, such as the Small 

BAseline Subset (SBAS) technique [11]. Compared to the first 

category, low-coherence interferometric pairs are removed in 

the second category. This can avoid the adverse effect of low-

coherence interferometric pairs [12], [13] and reduce the 

computational burden [14]. Therefore, many modified SBAS 

methods with different selection strategies have been proposed 

[15]-[17]. 

The Cramer‒Rao lower bound (CRLB) for interferometric 

phase estimation is closely related to the coherence matrix of 

SAR SLC images [18]. The larger the number of higher-

coherence interferometric pairs selected, the more accurate 

interferometric phase estimation can be theoretically achieved. 

Inappropriate selection of low-coherence interferometric pairs 

can result in a low-quality coherence matrix, which can reduce 

the phase estimation accuracy. Therefore, how to select high-

coherence interferometric pairs and remove low-coherence 

ones is vital to both the MCInSAR and MTInSAR techniques. 

Permanent scatterer interferometry (PS-InSAR) [19] focuses 

on identifying persistent scatterers (PSs) and measuring their 

displacements, in which a common primary SAR SLC image is 

employed to form interferometric pairs with large spatial-

temporal baselines. To avoid selecting pairs with significant 

spatial and temporal decorrelation, the SBAS technique was 
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proposed by empirically setting a spatial-temporal baseline 

threshold [11]. This threshold is not adaptively adjusted 

according to terrain characteristics. In addition, the spatial-

temporal baseline cannot completely represent the coherence of 

a given interferometric pair. Therefore, the SBAS technique can 

hardly ensure that all the selected interferometric pairs have 

high coherence or that all high-coherence interferometric pairs 

have been selected. 

Aiming to overcome the limitations of a fixed threshold, 

adaptive threshold methods have emerged. In [15] and [20], the 

threshold was adjusted according to the coherence of the 

analyzed pixels. High-coherence interferometric pairs were 

adaptively selected for each analyzed pixel instead of the whole 

set of pixels. The spatial-temporal baseline threshold of each 

pixel was estimated by maximizing the deformation estimation 

accuracy while maintaining high coherence [21]. 

Interferometric pairs, at three times the number of SAR SLC 

images, were selected based on the coherence of high signal-to-

noise ratio (SNR) pixels in the featured region [22]. In [23], 

candidate interferometric pairs were chosen considering a 

spatial-temporal baseline threshold. Their average coherence 

was utilized to estimate a coherence threshold by minimizing 

the relative deformation error. These methods, in general, 

involve the selection of interferometric pairs based on 

thresholds, such as the spatial-temporal baseline or coherence. 

However, a high threshold can result in some relatively high-

coherence pairs not being selected, while a low threshold can 

lead to incorrectly selecting low-coherence pairs. Therefore, 

these threshold-based methods suffer from a common problem: 

it is relatively difficult to define an appropriate threshold that 

can guarantee that all high-coherence pairs are selected and that 

all selected pairs exhibit high coherence. 

To avoid determining a threshold, optimization-based 

methods have been proposed. Pepe et al. introduced a cost 

function to describe the overall coherence of interferometric 

pairs, which was then minimized through a simulated annealing 

algorithm [24]. Interferometric pairs with large spatial-temporal 

baselines but high coherence could likely be missed because 

triangulation is needed when constructing the interferometric 

pair network. In addition, certain graph theory algorithms, such 

as Dijkstra’s shortest-path algorithm [25], the all-pairs-shortest-

path (APSP) algorithm [26] and the minimum spanning tree 

(MST) algorithm [27], have been utilized to select 

interferometric pairs. However, the APSP algorithm is not 

recommended for data acquired over high-coherence areas 

because abrupt coherence loss rarely occurs [28]; MST-based 

selection methods require full connection of images to ensure 

connectivity. As a result, low-coherence interferometric pairs 

likely occur in the network, which leads to negative effects on 

the subsequent processing procedure [27]. Smittarello et al. 

proposed directly fitting the coherence of interferometric pairs 

and restricting the use of each image as either a primary or 

secondary image, and a graph theory method was then applied 

to limit the total number of selected pairs [29]. Due to the 

limited number of interferometric pairs in each image, some 

high-coherence ones could be missed. These methods usually 

impose certain constraints on the selection of interferometric 

pairs, resulting in limited adaptability to data with different 

coherence distributions. Furthermore, pairs with relatively high 

coherence might be missed, or those with low coherence might 

be wrongly selected as a result of inappropriate constraints. 

Without imposing such constraints, a spectral clustering 

algorithm can be used to identify sample spaces of any shapes 

and converge to the global optimal solution [30]. Inspired by 

the idea of spectral clustering, through combination with 

coherence, a novel method for the selection of interferometric 

pairs is proposed in this paper. In the proposed method, high-

coherence pairs are selected at the preprocessing step, and these 

pairs can be quickly and effectively identified. Moreover, 

owing to the adaptive estimation of the number of clusters, the 

proposed method is more adaptable to data with different 

coherence distributions. The selected results can be used not 

only for deformation monitoring with the MTInSAR technique 

but also for exploring multibaseline interferometric phase 

filtering, unwrapping and elevation reconstruction methods in 

the MCInSAR technique. 

First, a set of representative pixels is chosen, and their 

coherence matrices are calculated through the identification of 

statistically homogeneous pixels (SHPs). Then, the number of 

clusters is estimated via eigenvalue decomposition of the 

coherence matrix of each representative pixel. Finally, the 

coherence matrix of SAR SLC images is employed as the 

adjacency matrix to select interferometric pairs. The total 

coherence of the interferometric pairs in the same cluster is 

maximized, while that among the different clusters is 

minimized. Therefore, high-coherence interferometric pairs are 

selected, and low-coherence ones are removed. Therefore, the 

proposed method can be employed to select pairs with a high-

quality coherence matrix to achieve accurate interferometric 

phase estimation in MCInSAR and MTInSAR. 

The remainder of this paper is structured as follows: spectral 

clustering is briefly introduced in Section II, and the proposed 

selection method is presented in Section III. The effectiveness 

of the proposed method is demonstrated in Section IV using two 

sets of real SAR data from TerraSAR-X and Sentinel-1A. 

Conclusions are outlined in Section V. 

II. SPECTRAL CLUSTERING 

Many clustering methods have been proposed over the past 

few decades. With the use of spectral clustering, based on graph 

partitioning theory, the challenging clustering problem can be 

converted into an optimal subgraph partitioning problem. The 

fundamentals of spectral clustering comprise two parts: 

adjacency matrix construction and subgraph cut generation [30]. 

A. Adjacency Matrix Construction 

In graph theory, an undirected graph ( ),G V E=  usually 

contains the set of points ( )1 2, , , NV   =
 

and the set of 

edges E . Regarding the connecting line between any two 

points i  and j  in V , ij  denotes its weight, and 

ij ji = . The adjacency matrix W  encompasses all ij , 

which is greater than 0 and proportional to the similarity  
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Fig. 1. Interferometric pair selection method based on coherence spectral 

clustering. 

 

between the two points. Based on the adjacency matrix W , 

the degree matrix D  and the Laplacian matrix L  can be 

calculated. D  is a diagonal matrix defined as 
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D  (1) 

where 
1

, 1, ,
N

i ijj
d i N

=
= =  denotes the total weights of 

all edges connected to point i , hereafter referred to as the 

degree of i . 

The Laplacian matrix −L = D W  is a positive semidefinite 

symmetric matrix. For any vector f , the following applies: 

 ( )
2

1, 1

1

2

N
T

ij i

i j


= =

= −f Lf f f
j  (2) 

B. Subgraph Cut Generation 

Subgraph cut generation aims at dividing the undirected 

graph ( ),G V E=  into k  subgraphs  1 2, , kA A A , with 

the total edge weight among the different subgraphs minimized 

and the total edge weight within each subgraph maximized. The 

objective function of the normalized cut criterion is [31]: 

 
( )

( )1 2, , 1

,1
arg min

2k

k
i i

A A A i i

W A A

ol A=

  (3) 

where iA  is the complement of subgraph iA , ( ),i iW A A  is 

the total edge weight between iA  and iA , and ( )iol A  is 

the sum of the degrees of all points in subgraph iA . 

The indicator vector matrix H  is introduced for k  

subgraphs and satisfies T
H LH =

-1/2 -1/2T
F D LD F . It is an NP-

hard problem to find H  that satisfies the normalized cut 

criterion. With the use of the idea of dimensionality reduction, 

the optimization objective function of the subgraph normalized 

cut can be transformed into [31]: 

 ( )-1/2 -1/2arg min . .T Ttr s t
F

F D LD F F F = I  (4) 

where -1/2 -1/2
D LD  is the normalized Laplacian matrix. 

According to the trace properties, minimizing 

( )-1/2 -1/2Ttr F D LD F  is equivalent to finding the 1k  lowest 

eigenvalues of -1/2 -1/2
D LD . The 1k eigenvectors are 

normalized by rows to form an 1N k  feature matrix F . The 

k-means clustering technique with k  clusters is then applied 

to the feature matrix F  to obtain k  subgraph cut results. 

The key points of spectral clustering are the adjacency matrix 

and the number of clusters. The adjacency matrix contains the 

edge weights of any two points, which is the foundation for 

constructing the degree matrix and Laplacian matrix. Therefore, 

it is essential to construct an adjacency matrix that accurately 

reflects the similarity between two points. Moreover, the 

subgraph cut results are directly affected by the number of 

clusters. The clustering performance can be significantly 

improved if the number of clusters can be adjusted on the basis 

of the data. 

III. INTERFEROMETRIC PAIR SELECTION BASED ON 

COHERENCE SPECTRAL CLUSTERING 

In this section, the proposed SAR interferometric pair 

selection method based on coherence spectral clustering is 

introduced, and its flowchart is shown in Fig. 1. In the proposed 

method, the SAR SLC image and coherence are regarded as 

point and edge weights, respectively. High-coherence pairs are 

selected by subgraph cut generation. 

First, the adjacency matrix is constructed by coherence 

estimation. A set of representative pixels is chosen, and the 

corresponding coherence matrix of each representative pixel is 

estimated by identifying SHPs. The adjacency matrix is 

constructed by averaging the coherence matrices of all 

representative pixels. 

Then, the number of clusters is estimated by performing 

eigenvalue decomposition of the coherence matrix. The number 

of principal eigenvalues of each representative pixel is 

determined by eigenvalue decomposition. To improve 

robustness, the number of clusters k  is determined based on 

the mode of the number of principal eigenvalues of all 

representative pixels. 

Finally, subgraph cut generation is achieved by minimizing 

the optimization objective function. The normalized Laplacian 

matrix is constructed based on the adjacency matrix, and 

eigenvalue decomposition of the normalized Laplacian matrix 

is then performed to obtain the first  low eigenvalues. The 
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reduced dimension is determined as ( )1 min ,k k = , and the 

dimension of the feature matrix F  is 1N k . The k-means 

clustering technique with k  clusters is applied to F  for 

obtaining the selection results. 

In the following, details are provided for constructing the 

adjacency matrix and estimating the number of clusters. 

A. Construction of the Adjacency Matrix 

In the proposed method, the coherence matrix is employed as 

the adjacency matrix W . Its element ij  denotes the 

coherence between the thi  and thj  SAR SLC images, with 

ij ji = . 

The coherence of two SAR SLC images can usually be 

estimated by averaging the coherence values of all pixels over 

the entire image [2]. With increasing number of SAR SLC 

images, coherence calculation becomes a computationally 

intensive and time-consuming task. Therefore, only high-SNR 

pixels in the featured regions are used [21]. Although this 

method can provide computational efficiency improvement, its 

results heavily depend on the selection of featured regions. If 

the average coherence of the featured regions cannot accurately 

reflect the overall coherence, the selection results will not be 

optimal. 

To better characterize the overall coherence of two SAR SLC 

images, it is proposed to choose representative pixels for 

estimating coherence. Usually, pixels are considered PSs if the 

number of SHPs is smaller than 8, as determined by the 

Kolmogorov‒Smirnov (KS) test [8]. PSs are not significantly 

affected by spatial and temporal decorrelation [19], and their 

coherence cannot accurately represent the overall coherence of 

an interferometric pair. Therefore, layover, shadow and water 

body areas are detected first; then, for pixels along the range 

and azimuth directions with equal intervals, if they are excluded 

in layover, shadow and water body areas and the number of 

SHPs is larger than or equal to 8, these pixels are added to the 

representative pixel set ( )1 2, , , Mp p p . Since there are N  

SAR SLC images, the dimension of the estimated coherence 

matrix of each representative pixel is N N . Finally, the 

coherence matrix of N  SAR SLC images can be estimated by 

averaging the coherence magnitude of M representative 

pixels, which is used to construct the N N  adjacency matrix. 

Here, SHPs are identified to improve the accuracy of 

coherence estimation [8]. For an A A  window centered on 

the representative pixels mp , assume that Q  SHPs 

, 1,2, ,m qp m M=  and 1,2, ,q Q=  can be obtained 

through the SHP test. These SHPs are independent and 

identically distributed. The coherence matrix of the 

representative pixel mp  can be expressed as: 

 ( ) ( ) ( ), ,

1

1ˆ
Q

H

m m q m q

q

p p p
Q =

= Γ y y  (5) 

where H  denotes the conjugate transpose operation, and the 

following can be obtained: 

( ) ( ) ( ) ( ), 1 , 2 , , ,

1, , 1, ,

T

m q m q m q N m qp y p y p y p

m M q Q

 =
 

= =

y
 (6) 

where T  denotes the transpose operation, and 

( ), , 1,2, ,i m qy p i N=  can be obtained from N  SAR SLC 

images ( ), , 1,2, ,i m qd p i N=  by amplitude normalization, 

expressed as: 

 ( ) ( ) ( )
2

, , ,

1

1
/

N

i m q i m q i m q

i

y p d p d p
N =

=   (7) 

( )ˆ
mpΓ  contains both coherence magnitude and 

interferometric phase information. By averaging the coherence 

magnitude of M  representative pixels, ˆ
NΓ  can be obtained, 

whose entry ( )ˆ ,N i jΓ  denotes the coherence between the 

thi  and thj  SAR SLC images. 

To improve the coherence matrix estimation accuracy, the 

proposed method can be used to identify SHPs and eliminate 

pixels in layover, shadow and water body areas. The estimated 

coherence matrix of N  SAR SLC images is then employed as 

the adjacency matrix, reflecting the similarity between two 

points in spectral clustering. 

B. Estimation of the Number of Clusters 

It has been demonstrated that by performing eigenvalue 

decomposition, multiple scattering mechanisms can be 

effectively separated and estimated from the coherence matrix 

[9], [13]. Therefore, in this paper, the number of clusters is 

estimated by performing eigenvalue decomposition of the 

coherence matrix of each representative pixel. 

The estimated coherence matrix ( )ˆ
mpΓ  follows the 

complex Wishart distribution [9] and is a positive semidefinite 

Hermitian matrix, which can be decomposed as: 

 ( ) 1

1

ˆ
N

H H

m i i i

i

p −

=

= = Γ UΛU = UΛU u u  (8) 

where i  is a nonnegative eigenvalue that represents the 

proportion of the thi  scattering mechanism in the coherence 

matrix, and iu  is the eigenvector corresponding to i . In 

general, the larger i  is, the more dominant the 

corresponding scattering mechanism. 

Generally, the coherence among SAR SLC images with the 

same dominant scattering mechanism is relatively high [12], 

[32], so the corresponding SAR SLC images are more likely to 

be classified into the same cluster. Let the coherence matrix of 

each cluster at pixel mp  be denoted as ( ) ( )1
ˆ ˆ

m k mp pΓ Γ , 

and the coherence matrix of SAR SLC images from different 

clusters be denoted as ( )ˆ , , 1, ,ij mp i j k=Γ , where the 

coherence magnitude of each element is small. Therefore, the 

estimated coherence matrix ( )ˆ
mpΓ  can be expressed as: 
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The coherence matrices ( )ˆ
mpΓ  and ( ) ( )1

ˆ ˆ
m k mp pΓ Γ  

are positive semidefinite Hermitian matrices, so ( )ˆ
A mpΓ  is 

also a positive semidefinite Hermitian matrix [33], which can 

be decomposed as: 

( )

( )

( )

( )

 

1

2

1 1

2 2
1 2

1 1 1 2 2 2

ˆ 0 0

ˆ0 0ˆ

ˆ0 0

0 0

0 0

0 0

m

m

A m

k m

H

A A

H
A A

A A Ak

H
Ak Ak

H H H

A A A A A A Ak Ak Ak

p

p
p

p

 
 
 
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 
 
 

  
  
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  
    

= + + +

Γ

Γ
Γ

Γ

Λ U

Λ U
U U U

Λ U

U Λ U U Λ U U Λ U

 (10) 

There is only one principal eigenvalue and several secondary 

eigenvalues for each , 1, ,Ai i k=Λ  because there is only one 

dominant scattering mechanism in each SAR SLC image 

cluster. Therefore, the number of principal eigenvalues of 

( )ˆ
A mpΓ  is k . Furthermore, since the coherence magnitude of 

each element in ( )ˆ
B mpΓ  is small, the number of principal 

eigenvalues of ( )ˆ
mpΓ  can be considered approximately equal 

to that of ( )ˆ
A mpΓ  [33], indicating that all SAR SLC images 

can be divided into k  clusters. 

Eigenvalue decomposition is performed of ( )ˆ
mpΓ . The 

corresponding number of principal eigenvalues mz  can be 

estimated using the eigenvalue ratio method or threshold 

method [3].  1 2

T

Mz z z=ME  contains the number of 

principal eigenvalues of M  representative pixels, and the 

mode of ME  is the estimated number of clusters k . 

Since the spectral clustering algorithm involves no 

optimization constraints, it can ensure that the total edge 

weights within the subgraphs are maximized and that those 

among the different subgraphs are minimized. In general, the 

proposed method does not require the coherence of every pair 

within each cluster to be greater than the coherence of other 

pairs not involved in the cluster. This guarantees that the total 

coherence of the interferometric pairs in each cluster is 

maximized, while that among the different clusters is 

minimized. Therefore, in the proposed method, low-coherence 

interferometric pairs are removed, and only high-coherence 

pairs are retained, which can improve both the quantity and 

quality of the selected pairs and lay the foundation for high-

accuracy interferometric phase estimation. 

IV. EXPERIMENTAL RESULTS AND ANALYSIS 

In this section, the effectiveness of the proposed method is 

demonstrated using real spaceborne data acquired by the 

TerraSAR-X and Sentinel-1A satellites for the Beijing 

International Capital Airport area. The results are compared 

with those of the threshold method [23] and the graph theory 

method [29]. 

A. TerraSAR-X data 

The Beijing International Capital Airport is shown in the red 

box in Fig. 2(a). In total, 33 HH polarization SAR SLC images 

acquired by the TerraSAR-X satellite from January 22, 2012, to 

April 10, 2016 are used, with the intensity image acquired on 

January 22, 2012, as shown in Fig. 2(b). 

With the use of the proposed method, the adjacency matrix 

is constructed first. The combined local frequency and 

eigenvalue method proposed in [3] is used to detect layover and 

shadow areas. The strategy proposed in [34] is adopted for 

detecting water body areas. Candidate pixels are chosen at 

every 10 pixels along the range and azimuth directions. They 

are added to the representative pixel set, excluding those in the 

layover, shadow and water body areas, as well as those whose 

number of SHPs is larger than or equal to 8. The KS test [8] is 

used for SHP identification, and the coherence matrix of each 

representative pixel is estimated based on SHPs, as expressed 

in (5). By averaging the magnitudes of the coherence matrices 

of all representative pixels, the estimated coherence matrix of 

the 33 SAR SLC images can be obtained and employed as the 

adjacency matrix, as shown in Fig. 3. The coherence value 

ranges from 0.25~1, significantly varying with the spatial-

temporal baseline. 

Then, the number of clusters is estimated. Eigenvalue 

decomposition is performed of the coherence matrix of each 

representative pixel. The number of principal eigenvalues is 

estimated by the eigenvalue threshold method [3]. Fig. 4(a) 

shows the distribution of the number of principal eigenvalues 

of M  representative pixels. The mode of the number of 

principal eigenvalues is 5. Therefore, the number of clusters is 

estimated as 5k = . The normalized Laplacian matrix 
-1/2 -1/2

D LD  is constructed based on the adjacency matrix, and 

its eigenvalues are shown in Fig. 4(b). The eigenvalues before 

the inflection point are considered low eigenvalues, so the 

number of low eigenvalues is 5 =  on the basis of Fig. 4(b). 

Therefore, the dimension of the 33 samples in the feature matrix 

F  is ( )1 min , 5k k = = . Finally, k-means clustering is 

performed of F  with 5k =  clusters. 
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 (a) (b) 

Fig. 2. TerraSAR-X data: (a) Experimental area; (b) SAR intensity image. 
Fig. 3. Estimated coherence matrix of the 33 TerraSAR-X SAR SLC 

images. 
 

  
(a) (b) 

Fig. 4. Number of clusters of TerraSAR-X data: (a) Distribution of the number of principal eigenvalues of the representative pixels; (b) eigenvalues of the 

normalized Laplacian matrix. 

 

The coherence spectral clustering results for the 33 SAR SLC 

images are shown in Fig. 5(a). Each circle in the figure 

represents an SAR SLC image, and circles of the same color 

occur in the same cluster. The SAR SLC image acquired on 

January 22, 2012, is chosen as the first SAR SLC image, and 

the corresponding spatial-temporal baseline is set as the 

coordinate origin. In the proposed method, the 33 SAR SLC 

images are divided into 5 clusters. As shown in Fig. 5(b), any 

two SAR SLC images in the same cluster can form an 

interferometric pair, and a total of 118 interferometric pairs are 

finally selected. 

In the threshold method [23], the spatial and temporal 

baseline thresholds are set to 275 m and 500 days, respectively. 

In the graph theory method [29], the corridor bridge area of the 

terminal is chosen to fit the coherence proxy, and the 

optimization criterion is set to 4, as in [29]. The results are 

shown in Fig. 6. With the use of the threshold method and graph 

theory method, 227 and 81 interferometric pairs, respectively, 

are selected. 

To quantitatively evaluate the results, the coherence values 

of the interferometric pairs selected by the three methods are 

estimated using the method described in [8]. First, the 

coherence of each pixel is estimated based on the identified 

SHPs, and pixels with a coherence greater than 0.5 are then 

selected; finally, the average coherence of the selected pixels is 

calculated as the coherence of this interferometric pair. The 

distributions of the number of selected pairs with respect to 

coherence obtained by the three methods are given in Table I, 

where   denotes the coherence. More detailed coherence 

distributions of the selected interferometric pairs are shown in 

Fig. 7. 

Although the threshold method results in the largest number 

of interferometric pairs, there are 13 pairs with coherence 

values lower than 0.55 because the estimated coherence 

threshold is too low. In addition, with the use of the threshold 

method, candidates are selected by setting spatial and temporal 

baseline thresholds, leading to some high-coherence pairs not 

being selected at the initial step. For example, the 

interferometric pair of the 15th and 32nd images is missed due 

to its large temporal baseline over 700 days. However, this pair 

still exhibits high coherence and is selected by both the graph 

theory method and the proposed method. 

The graph theory method yields the smallest number of 

selected pairs. Since the optimization criterion restricts the 

number of connection lines for each node, this may easily lead 

to the omission of high-coherence pairs. For example, the 

coherence between the 13th and 18th SAR SLC images is high; 

however, the corresponding interferometric pair is missed by 

the graph theory method but selected by the other two methods. 
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(a) (b) 

Fig. 5. Results of the proposed method for the TerraSAR-X data: (a) Coherence spectral clustering results; (b) interferometric pair selection results. 

 

  
(a) (b) 

Fig. 6. Interferometric pair selection results for the TerraSAR-X data: (a) Threshold method; (b) graph theory method. 

 

   
(a) (b) (c) 

Fig. 7. Coherence distributions of the selected interferometric pairs for the TerraSAR-X data by (a) the threshold method, (b) the graph theory method, and (c) the 

proposed method. 

 

TABLE I 

COMPARISON OF THE INTERFEROMETRIC PAIRS SELECTED BY THE THREE METHODS FOR THE TERRASAR-X DATA 

Method 
Number of selected 

interferometric pairs 
( 1,0.85   ( 0.85,0.55   ( 0.55,0   DEM standard 

deviation (m) 

Average HP standard 

deviation (mm) 

Threshold 214 17 184 13 0.51 1.26 

Graph theory 81 17 62 2 0.77 1.73 

Proposed 118 17 98 3 0.41 1.17 
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Fig. 8. Interferometric phase estimation CRLBs of the selected interferometric 

pairs by the three methods for the TerraSAR-X data. 

 

In the proposed method, although the number of selected 

pairs is smaller than that obtained with the threshold method, 

the number of pairs with a coherence lower than 0.55 decreases 

from 13 to 3. Therefore, the proposed method avoids the 

adverse influence of low-coherence pairs on interferometric 

phase estimation. Compared with the graph theory method, the 

number of selected pairs by the proposed method increases as 

it imposes no constraints. The proposed method yields one 

more pair with a coherence lower than 0.55 than the graph 

theory method. However, the proportion of selected pairs with 

coherence within [0.85,0.55] is much higher than that obtained 

with the graph theory method. 

The coherence matrix of the selected pairs determines the 

interferometric phase estimation accuracy [18], which directly 

affects the elevation and deformation measurement accuracy 

levels. The coherence matrices are generated based on the 

selection results of the three methods, in which the entries 

corresponding to the unselected pairs are set to zero and those 

of the selected ones are set to the corresponding coherence 

value. To compare the three methods, the CRLBs of phase 

estimation with the coherence matrices are computed for 

different looks, as shown in Fig. 8. The CRLB obtained by the 

proposed method is the lowest because it significantly increases 

the proportion of high-coherence interferometric pairs and 

avoids incorrectly selecting low-coherence ones. Therefore, the 

proposed method can enhance the quality of the coherence 

matrix and thereby improve the accuracy of interferometric 

phase estimation. 

To further demonstrate the effectiveness of the proposed 

method, the temporal average coherence of each pixel is 

calculated, and pixels with a coherence higher than 0.5 are 

shown in Fig. 9. The number of high-quality pixels with a 

coherence greater than 0.8 obtained by the proposed method is 

the largest among the three methods, especially in building 

areas. This further confirms that the proposed method is more 

conducive to improving the accuracy of topography and 

deformation measurements. Then, through the SBAS 

processing chain [35], the topography and deformation results 

obtained by the three methods are shown in Fig. 10. Notably, 

the SBAS method can provide phase values only when the 

subsets overlap in time [24]. The orange subset, green subset 

and other subsets do not overlap in time, as shown in Fig. 5(a). 

Fortunately, many methods have been developed on the basis 

of the SBAS method to perform deformation retrieval for non-

time-overlapped subsets [35]-[37]. The non-time-overlapped 

subsets are expanded into a large subset by connecting an 

additional pair with relatively high coherence between the 

different subsets [35], after which the SBAS method is applied. 

Fig. 10 shows that there are obvious differences in the DEMs 

of the three methods. Focusing on the terminal area, the DEM 

of the graph theory method significantly differs from those of 

the other two methods. Due to the lack of externally available 

real DEM and deformation data, the optical image shown in Fig. 

11 is used to quantitatively assess the DEM and deformation 

results. The eaves in the red box-marked areas of Fig. 11 have 

a similar height with respect to the ground [38], which are 

chosen for calculating the DEM standard deviation to assess the 

DEM smoothness level. The buildings in the white box-marked 

area of Fig. 11 are rigid structures with similar deformations, so 

the evaluation strategy proposed in [23] could be adopted for 

calculating the average high-pass (HP) deformation time-series 

standard deviation. The evaluation results are listed in Table I. 

The interferometric pairs selected with the proposed method 

exhibit the lowest noise in topography estimation and 

deformation monitoring, as indicated by the smallest DEM 

standard deviation and average HP standard deviation. 

B. Sentinel-1A Dual Polarization Data 

To assess the performance of the proposed method on dual 

polarization data, a set of Sentinel-1A dual polarization data is 

used to conduct the experiment. Regarding the Beijing Capital 

International Airport, 38 SAR SLC images acquired by the 

Sentinel-1A satellite from August 5, 2016, to December 22, 

2017, are chosen, including 19 VV and 19 VH SAR SLC 

images. The VV and VH images acquired on August 5, 2016, 

are shown in Fig. 12. 

First, the proposed method is applied. The estimated 

coherence matrix of the 38 SAR SLC images is shown in Fig. 

13, in which the first 19 are VV polarization images and the last 

19 are VH polarization images. The coherence matrices of the 

images with different polarizations are different even with the 

same spatial-temporal baseline. Moreover, the coherence 

between the SAR SLC images with different polarizations is 

very low. 

Then, the number of clusters is estimated. The same method 

and parameters as those in the TerraSAR-X data experiment are 

used here. The distribution of the number of principal 

eigenvalues of M  representative pixels and the eigenvalues of 

the normalized Laplacian matrix are shown in Fig. 14. The 

estimated number of clusters is 4k = , and the number of low 

eigenvalues is 4 = , so ( )1 min , 4k k = = . 
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(a) (b) (c) 

Fig. 11. Optical image of the terminal 
area. 

Fig. 9. Temporal average coherence maps of TerraSAR-X data by (a) the threshold method, (b) the graph theory 

method, and (c) the proposed method. The number of high-quality pixels with temporal average coherence greater than 

0.8 of (a) the threshold method, (b) the graph theory method, and (c) the proposed method is 24985, 13826 and 33510, 

respectively. 

 

   
(a) (b) (c) 

   
(d) (e) (f) 

Fig. 10. Topography and deformation results for the TerraSAR-X data by the DEM obtained with (a) the threshold method, (b) the graph theory method, and (c) 

the proposed method; (d) deformation velocity map obtained with the threshold method; (e) deformation velocity map obtained with the graph theory method; (f) 
deformation velocity map obtained with the proposed method. 
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 (a) (b) 

Fig. 12. Sentinel-1A dual polarization SAR intensity images: (a) VV 
polarization; (b) VH polarization. 

Fig. 13. Estimated coherence matrix of the 38 Sentinel-1A dual 
polarization SAR SLC images. 

 

  
(a) (b) 

Fig. 14. Estimation results of the number of clusters for the Sentinel-1A dual polarization data: (a) Distribution of the number of principal eigenvalues of the 

representative pixels; (b) eigenvalues of the normalized Laplacian matrix. 

 

In this experiment, the VV and VH SAR SLC images are 

almost uncorrelated, so clustering is independently conducted 

of the VV and VH SAR SLC images. The clustering results are 

shown in Fig. 15(a) and (b), respectively. The corresponding 

selection results are shown in Fig. 15(c) and (d), respectively. 

Notably, 87 and 83 interferometric pairs are selected from the 

VV and VH SAR SLC images, respectively. 

Regarding the threshold method [23], the temporal and 

spatial baseline thresholds are set to 500 days and 250 m, 

respectively. In the graph theory method [29], the corridor 

bridge area is also chosen to fit the coherence proxy, and the 

optimization criterion is set to 4 [29]. The results of the 

threshold method are shown in Fig. 16(a) and (b), where there 

are 63 and 36 interferometric pairs selected for the VV and VH 

polarization images, respectively. The results of the graph 

theory method are shown in Fig. 16(c) and (d), and 59 

interferometric pairs are selected for both the VV and VH 

polarization images. 

The quantitative evaluation results for the coherence of the 

selected pairs are provided in Table II and Fig. 17. The 

coherence of each pair is calculated by averaging the coherence 

of the selected pixels with a coherence greater than or equal to 

0.5. The distributions of the number of selected pairs with 

respect to coherence obtained with the three methods are listed 

in Table II. Fig. 17 shows more specific coherence distributions 

of the selected pairs. 

When using the threshold method, the number of selected 

pairs is highly sensitive to the threshold. A high threshold will 

reduce the number of selected pairs and result in high-

coherence interferometric pairs not being selected. However, a 

low threshold may lead to some low-coherence pairs being 

wrongly selected. As indicated in Table II and Fig. 17(d), only 

36 interferometric pairs are selected from the VH polarization 

images. The coherence threshold in the VH polarization images 

is very high, resulting in the omission of many high-coherence 

pairs. For example, the coherence between the 1st and 5th VH 

polarization SAR SLC images reaches 0.7875, while the 

corresponding pair is not selected in the threshold method but 

selected by the other two methods. 

The graph theory method is limited by the usage of each SAR 

SLC image as either a primary or secondary image. As a result, 

only 59 interferometric pairs are selected from both the VV and 

VH polarization images. Fig. 15(c) and Fig. 16(a) and (c) show 

that the 7th and 12th VV polarization SAR SLC images are not 

connected in the graph theory method because of inappropriate 

constraints. In contrast, this pair is selected with the threshold 

method and the proposed method given its high coherence. 
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(a) (b) 

  
(c) (d) 

Fig. 15. Results of the proposed method for the Sentinel-1A dual polarization data: (a) VV coherence spectral clustering; (b) VH coherence spectral clustering; (c) 

VV interferometric pair selection; (d) VH interferometric pair selection. 
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(c) (d) 

Fig. 16. Selection results for the Sentinel-1A dual polarization data: (a) VV with the threshold method; (b) VH with the threshold method; (c) VV with the graph 

theory method; (d) VH with graph theory method. 

 
TABLE II 

COMPARISON OF THE INTERFEROMETRIC PAIRS SELECTED BY THE THREE METHODS FOR THE SENTINEL-1A DUAL POLARIZATION DATA 

Polarization Method 
Number of selected 

interferometric pairs 
( 1,0.85   ( 0.85,0.55   ( 0.55,0   DEM standard 

deviation (m) 

Average HP standard 

deviation (mm) 

VV 

Threshold 63 4 59 0 1.47 0.71 

Graph theory 59 4 55 0 1.89 0.74 

Proposed 87 4 83 0 1.32 0.69 

VH 

Threshold 36 3 33 0 2.20 1.03 

Graph theory 59 3 56 0 2.14 1.01 

Proposed 83 3 80 0 1.65 0.98 

 

 

   
(a) (b) (c) 

   
(d) (e) (f) 

Fig. 17. Coherence distributions of the selection results for the Sentinel-1A dual polarization data: (a) VV with the threshold method; (b) VV with the graph 

theory method; (c) VV with the proposed method; (d) VH with the threshold method; (e) VH with the graph theory method; (f) VH with the proposed method. 
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(a) (b) 

Fig. 18. Interferometric phase estimation CRLBs of the selected interferometric pairs for the Sentinel-1A dual polarization data: (a) VV polarization; (b) VH 

polarization. 

 

Compared with the other two methods, the proposed method 

can not only remove low-coherence pairs but also ensure that 

high-coherence pairs are selected. For example, the coherence 

between the 1st and 7th SAR SLC images of the VV and VH 

polarization images are 0.7655 and 0.7717, respectively. The 

corresponding pairs are selected by the proposed method but 

missed by the other two methods. 

To further evaluate the influence of the selection results on 

interferometric phase estimation, the phase estimation CRLBs 

of the selected pairs for different looks are shown in Fig. 18. 

The threshold method is superior to the graph theory method 

for VV polarization data, while the graph theory method is 

better than the threshold method for VH polarization data. In 

both the VV and VH cases, the CRLBs of the proposed method 

are the lowest. 

Moreover, for the selected interferometric pairs, the number 

of high-quality pixels with a temporal average coherence 

greater than 0.8 is calculated. The results of the threshold 

method, graph theory method and proposed method for the VV 

polarization data are 27133, 20827 and 27784, respectively. For 

the VH polarization data, the results of the threshold method, 

graph theory method and proposed method are 6613, 7986 and 

10302, respectively. Then, the SBAS processing chain [35] is 

implemented to obtain topography and deformation results. The 

evaluation results for the white and red box-marked areas in Fig. 

11 are listed in Table II. For the two types of polarization data, 

the DEM standard deviation and average HP standard deviation 

obtained with the proposed method are the smallest among the 

three approaches, which indicates that the interferometric pairs 

selected by the proposed method can provide the most accurate 

and robust topography and deformation results. 

In summary, it is demonstrated that the sensitivity of the 

different polarization data to scene feature properties differs 

[39]. Therefore, even with the same spatial-temporal baseline, 

the coherence of pairs with different polarizations can still 

differ, leading to deviations in the selection results. The 

threshold method requires an appropriate coherence threshold, 

which is hard to define. The number of selected pairs, which in 

turn affects the accuracy of interferometric phase estimation, is 

directly influenced by the coherence threshold. The graph 

theory method limits the number of connection lines for each 

node, which may lead to the omission of high-coherence 

interferometric pairs. Therefore, the interferometric phase 

estimation accuracy of the graph method is affected by the 

constraints. By combining coherence and spectral clustering, 

the proposed method does not impose such constraints. It can 

account for both the coherence level and the number of selected 

pairs, thus removing low-coherence interferometric pairs and 

providing as many high-quality pairs as possible. As a result, 

the estimation accuracy of the proposed method is higher than 

that of the other two methods. 

V. CONCLUSIONS 

In this paper, a novel method for selecting SAR 

interferometric pairs is proposed. To accurately characterize the 

coherence between two SAR SLC images, representative pixels 

are chosen, and their coherence matrices are estimated by 

detecting SHPs. The adjacency matrix, which can reflect the 

similarity between any two SAR SLC images, is constructed by 

averaging the coherence matrices of all representative pixels. 

Then, the number of clusters is estimated by performing 

eigenvalue decomposition of the coherence matrix of each 

representative pixel. Finally, based on the constructed 

adjacency matrix and the estimated number of clusters, 

coherence spectral clustering is performed of SAR SLC images. 

The aim is to ensure that the total coherence of the 

interferometric pairs in the same cluster is maximized while that 

among the different clusters is minimized. Therefore, the 

proposed method provides a higher proportion of high-

coherence interferometric pairs and avoids the selection of low-

coherence pairs. As demonstrated by the experimental results 

using real data, the proposed method can improve the quality of 

the coherence matrix and subsequently achieve more accurate 

interferometric phase estimation. 

It should be noted that empirical parameters are used in the 

proposed method. For example, the equal-interval parameter 

and the number of SHPs parameter for selecting representative 

pixels, as well as the parameter for determining the number of 

principal eigenvalues of representative pixels. These empirical 
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parameters affect the estimation accuracy of the coherence 

matrix and the number of clusters and thus indirectly affect the 

selection results. In fact, the empirical parameters used in 

existing selection methods directly or indirectly affect the 

selection results. Therefore, how to reduce their adverse effects 

on the selection results should be further studied in subsequent 

research. 
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