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ABSTRACT The spatial-temporal baseline threshold method is commonly used to select interferograms for
the Small BAseline Subset interferometric synthetic aperture radar (SBAS-InSAR) technique. However, this
selection strategy is rather empirical and prone to including highly contaminated interferograms or excluding
those with high quality. To overcome these limitations, this study first derives the relationship between
the measurement accuracy of unknown parameters and the number of selected interferograms with their
corresponding qualities. Subsequently, an adaptive interferogram selection method is proposed on the basis
of Graph Theory (GT) and the turbulence atmospheric effects of interferogram. This proposed method first
identifies and deletes the SAR image that is severely polluted by atmospheric phase. Second, high-quality
interferograms are selected for SBAS-InSAR based on their corresponding turbulence atmospheric variance.
Compared with the traditional selection method, this approach can significantly reduce the effect of
turbulence atmosphere on SBAS-InSAR.A set of simulated experiments and real Sentinel-1A data inHawaii,
United States, validate the good performance of the proposed method.

INDEX TERMS SBAS-InSAR, graph theory, turbulence atmosphere, interferogram network, variance and
covariance matrix.

I. INTRODUCTION
Since its proposal, the classical Small BAseline Subset
interferometric synthetic aperture radar (SBAS-InSAR) has
been proven as an important and powerful geodetic tool for
obtaining non-differential water vapor in time series [1]–[3],
recovering digital elevation maps (DEM) [4], and monitor-
ing ground deformations caused by earthquake, volcanic,
landslides, permafrost, man-made construction, ground-
water extraction, underground oil and mining [5]–[11].
Subsequently, SBAS is successfully extended to other forms,
including Parallel SBAS (P-SBAS) [12], Multidimensional
SBAS (M-SBAS) [13], New SBAS (N-SBAS) [14], and
Intermittent SBAS (I-SBAS) [15] to meet various study
areas and data conditions. Notably, all these time series
InSAR (TS-InSAR) techniques are based on an appro-
priate combination of interferograms produced from time

The associate editor coordinating the review of this manuscript and
approving it for publication was Jenny Mahoney.

series SAR images gathered at different time epochs over
the same area of interest. As each SAR image inevitably
contains noises (e.g., atmospheric noise), interferograms
contain varying degrees of noise, including atmosphere,
decorrelation noise, co-registration noise and data processing
noise [16]. However, estimating and completely separating
these errors from interferograms is difficult under most cir-
cumstances [16]–[20]. Therefore, the main limitation of each
interferogram is its noises, especially atmosphere and decor-
relation noise, caused by temporal and spatial variations of
water vapor in the atmosphere and ground reflectivity, respec-
tively. Meanwhile, the quality of interferograms involved in
direct calculation affects the accuracy of the SBAS-InSAR
measurement.

Furthermore, with satellite development, especially
Sentinel-1A/B satellites, that reduce the revisit time to
six days, the number of SAR images and interfero-
grams is increasing [21], a phenomenon described as Big
Data [22]. The increased availability of SAR images and
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interferograms unprecedentedly facilitate the application of
SBAS-InSAR technique. However, the big data of remote
sensing datasets increase the complexity and difficulty in
selecting high-quality interferogram (i.e., the interferogram
that contains little turbulence atmosphere and other noise)
in the short time for SBAS-InSAR measurement. Moreover,
the adaptively selected interferogram is one of the key steps
in implementing an automated SBAS-InSAR system for
engineering applications.

At present, the commonly used method is setting the
spatial-temporal baseline thresholds to select interfero-
grams [23], which is clearly simple and convenient to imple-
ment. However, the combination of SLC images and the
number of interferograms both depend on the predefined
spatial-temporal baseline thresholds, which are always deter-
mined on the basis of experience of the study area. In addi-
tion, this method only considers the spatial-temporal baseline
as the standard rather than the quality of interferograms.
Thus, poor-quality interferogramswith short spatial-temporal
baseline can be selected for SBAS-InSAR measurement
and high-quality interferograms may be discarded due
to the spatial-temporal baseline exceeding the thresholds.
To solve these limitations in this traditional method, this
study proposes an adaptive optimization interferogram selec-
tion method via Graph Theory (GT) and turbulence atmo-
spheric variance of all available interferograms. This method
can avoid pre-defining the spatial-temporal baseline thresh-
old by a complete combination of all SLC images. More-
over, the measurement accuracy of SBAS-InSAR improves
by identifying and preventing the SLC images and inter-
ferograms that are severely polluted by turbulence atmo-
spheric noise. The main steps of the proposed method are as
follows:
1. Find the relationship between the measurement accuracy

of unknown parameters (e.g. surface deformation) and
the number and quality of selected interferograms in
SBAS-InSAR using theoretical derivation;

2. Generate all possible interferograms from all SAR images;
3. Calculate the turbulence atmospheric variance of each

SLC image and discard the SAR image with clearly large
variance and simultaneously remove its corresponding
interferograms;

4. Apply the GT algorithm to the remaining interferograms
to obtain the minimum spanning tree (MST) interfero-
grams and ensure the connectivity of SBAS-InSAR;

5. Calculate the mean value of the variance of the remaining
interferograms and delete those with variance larger than
the mean value to guarantee the measurement accuracy.

The proposed approach is successfully applied to a set of
simulated experiments and real experiments at Hawaii island.
The rest of this paper is structured as follows. In Section II,
the relationship between the unknown parameters and the
selected interferograms in SBAS-InSAR are derived and the
main steps of the innovative algorithm are analyzed in depth.
Section III and Section IV then applies the proposed method
to the simulated and real experiments, respectively, followed

by discussions in Section V. Finally, conclusions are drawn
in Section VI.

II. ADAPTIVELY SELECTION METHOD OF
INTERFEROGRAM
A. DERIVATION OF THE RELATIONSHIP BETWEEN THE
UNKNOWN PARAMETERS AND THE SELECTED
INTERFEROGRAMS IN SBAS-InSAR
In this study,NSAR images are assumed to be connected toM
interferograms and M equals to N (N−1)

2 under the condition
of a complete combination from all SAR images. According
to the standard differential InSAR (D-InSAR), the differ-
ential phase

(
1ϕ

o,i,j
ifg

)
of pixel o in an interferogram with

master acquisition ti and slave acquisition tj can be written
as [24], [25]:

1ϕ
o,i,j
ifg =1ϕ

o,i,j
defo+1ϕ

o,i,j
topo+1ϕ

o,i,j
orb +1ϕ

o,i,j
atm +1ϕ

o,i,j
dec (1)

where o is the oth pixel in the SAR image. i and j are the ith
and jth index of the SAR image, respectively. 1ϕo,i,jdefo is the

surface deformation between two SAR acquisitions.1ϕo,i,jtopo is
the topography phase and can be compensated by an external
DEM. 1ϕo,i,jorb is the general orbit error that can be modeled
as a surface trend and then separated from the interferomet-
ric phase [26]. 1ϕo,i,jatm and 1ϕo,i,jdec are the atmospheric and
noise phases (e.g., decorrelation noise phase), respectively.
Notably, the atmospheric phase includes the vertical strati-
fication that can be fitted by a mathematic model and the
turbulence atmosphere that is difficult to estimate [24], [27].
Therefore, after removing the residual topographic phase,
vertical stratification atmosphere and orbit error, Equation (1)
can be written in a matrix as:

Y = AX + e (2)

where Y is theM×1 differential interferometric phase vector
of pixel o, X is the N × 1 unknown parameter vector (i.e.,
surface deformation at pixel o), e is the noise that contains
the atmosphere and decorrelation noise. A is the coefficient
matrix with the dimension ofM × N and can be written as:

A = Gτ (3)

where G is the incidence matrix withM rows and N columns
and can be determined by the interferogram network in
SBAS-InSAR. If the older SAR image is adopted as the
master, matrix G then fills each row with 1 for the former
epoch,−1 for the latter, and 0 for the rest (i.e., Equation (4)).

G =


1 − 1 0 0 · · · 0 0
1 0 − 1 0 · · · 0 0
0 1 − 1 0 · · · 0 0

... · · ·
...

0 0 0 0 · · · 1 − 1

 (4)
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τ =



t1 0 0 · · · · · · 0 0
0 t2 0 · · · · · · 0 0
... · · · · · ·

...

0 0 0ti · · · 0 0
... · · · · · ·

...

0 0 0 · · · · · · 0 tN


(5)

where ti is the time epoch of the ith SAR image and the
dimension of τ is N × N .

According to the stochastic modeling for SBAS-InSAR,
the stochastic model of the Equation (2) can be written as:

QYY = Qatm + Qdecorr (6)

where QYY ,Qatm and Qdecorr are the variance-covariance
matrix of the observations, atmospheric phase and the decor-
relation phase, respectively.

Combing Equations (2), (3) and (6), the unknown param-
eter vector X and the corresponding variance-covariance
matrix QXX can be obtained by the Weighted Least-Squares
(WLS) method [28].

X =
(
(Gτ )T Q−1

YY (Gτ )
)−1

(Gτ )T Q−1
YY Y (7)

QXX =
(
(Gτ )T Q−1

YY (Gτ )
)−1

(8)

Assuming isotropic and second-order intrinsic stationarity,
then the turbulence atmosphere can be described by the var-
iogram or structure function [29]. The structure function of
turbulence atmosphere can be approximated using the spher-
ical model (i.e., Equation (9)) [19]:

γ (r) =

c0 + c
(
3r
2a
−

r3

2a3

)
r ≤ a

c0 + c r > a
(9)

where r is the variogram or structure function. r is the spatial
distance. a is the largest spatial correlation distance and the
so-called range. c0 is the nuggetmainly caused by the spatial
variation of turbulence atmosphere in interferogram. c is
the sill value of the model in Geostatistics, and c0 + c is
commonly considered as the variance of interferogram.

The relationship of turbulence atmosphere between the
K (1 ≤ K ≤ M) interferogram, which form from the ith and
jth SAR images, and the corresponding SAR images can be
written as:

φ
i,j
atm = ϕ

j
atm − ϕ

i
atm (10)

where φ and ϕ are the phase of turbulence atmosphere of
interferogram and SLC image, respectively. Therefore, the
relationship of the turbulence atmosphere between the M
interferograms and N SAR images can be written as:

φatm = Gϕatm (11)

where φatm and ϕatm are the atmospheric value of the M
interferograms with dimensions ofM × 1 and N epochs with
dimensions of N×1, respectively.

Notably, the turbulence atmosphere is uncorrelated in the
time domain [24]. Therefore, combining Equation (10) and
the variance-covariance propagation formula, the relationship
of the atmospheric variance between the M interferograms
and N SAR images can be written in the matrix form as:

Vatm (φ) = BVatm (ϕ) (12)

where Vatm (φ) and Vatm (ϕ) are the turbulence atmospheric
variances of theM interferograms with dimensions ofM × 1
andN epochs with dimensions ofN×1, respectively.B is the
designmatrix with dimensions ofM×N , which is determined
by the matrix G:

B = abs (G) =


1 1 0 0 · · · 0 0
1 0 1 0 · · · 0 0
0 1 1 0 · · · 0 0
... · · ·

...

0 0 0 0 · · · 1 1

 (13)

where abs (•) represents the absolute value. Combing Equa-
tions (12) and (13), the turbulence atmospheric variance in
time series (i.e., Vatm (ϕ)) can be obtained by the least-
squares method, as:

Vatm (ϕ)

=

((
abs(G)

)T (abs(G)))−1 (
abs(G)

)T Vatm (φ) (14)

Then, the variance and covariance matrix of turbulence atmo-
sphere in the time domain is:

QSLC
atm = diag (Vatm (ϕ))

=


Vatm (v1)

Vatm (v2)
. . .

Vatm (vN )


N×N

(15)

Combining Equations (11), (14) and (15), and the variance-
covariance propagation formulas, the variance-covariance
matrix of the turbulence atmosphere in interferogram domain
(i.e., Qatm in Equation (6)) can be written as:

Qatm = GQSLC
atm GT (16)

The decorrelation noise in SBAS-InSAR is mainly caused
by temporal decorrelation, spatial decorrelation, system noise
decorrelation, processing-inducing noise (e.g., coregistra-
tion and interpolation noise) and Doppler-centroid decor-
relation [24], [30]. A common method for estimating
the variance-covariance matrix of decorrelation noise (i.e.,
Qdecorr in Equation (6)) can be described as [31], [32]:

Qdecorr =
1− ρ2

2ρ2
(17)

where ρ is the coherence. Combining Equations (6) (16)
and (17), Equation (6) can be written as:

QYY = GQSLC
atm GT

+
1− ρ2

2ρ2
(18)
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Based on Equation (18), Equations (7) and (8) can be written
as:

X =
(
(Gτ )T

(
G (diag (Vatm (ϕ)))GT

+
1− ρ2

2ρ2

)−1

(Gτ )

)−1

(Gτ )T

(
G (diag (Vatm (ϕ)))GT

+
1− ρ2

2ρ2

)−1

Y (19)

QXX =
(
(Gτ )T

(
G (diag (Vatm (ϕ)))GT

+
1− ρ2

2ρ2

)−1

(Gτ )

)−1

(20)

Equations (19) and (20) show that the unknown parame-
ter vector X can be obtained. The corresponding variance-
covariance matrix QXX is not only affected by the matrix
G,but also the phase variance of turbulence atmosphere
in each SAR image and decorrelation noise. Furthermore,
the phase variance caused by decorrelation noise depends on
the coherence (i.e., ρ) from Equation (17). Clearly, finding
the optimal interferogram network (i.e., matrix G) is difficult
for matrix X and QXX at present. For this reason, this study
proposes an adaptive method to optimize the interferogram
selection for SBAS-InSAR based on statistical method (e.g.,
the mean and standard deviation (STD) of turbulence atmo-
spheric noise in interferograms).

B. DETECTION AND ELIMINATION OUTLIERS OF SAR
IMAGES
Given that the SAR image connects interferograms and each
SAR image inevitably contains noise, the outliers of SAR
image largely bias the estimation. Therefore, the first step is
to identify and eliminate the outliers of SAR images using
the variance of turbulence atmospheric phase. The decorrela-
tion noise (i.e., Qdecorr) in interferogram selection optimiza-
tion is not considered for three reasons. First, no study has
obtained the decorrelation variance of the entire interfero-
gram at present. However, the proposed method is based on
the variance of the entire interferogram instead of each pixel,
and thus pixels are not considered to select interferograms
in the discussion. Second, the contribution of Qdecorr is less
significant than that of Qatm under most circumstances in
many previous studies [17]–[19]. Furthermore, according to
the principle of SBAS-InSAR [23], the pixels with low coher-
ence are rejected to decrease the effect of decorrelation noise.
Third, the essence of the proposed algorithm to select inter-
ferogram is comparing the variance of entire interferogram.
Thus, this study considered only the relative values of the
entire interferogram variances rather than the absolute values.

As stated in Section A, the structure function of turbulence
atmosphere is calculating using the spherical model (i.e.,
Equation (9)) and c0 + c is considered as the variance of
each interferogram (i.e., Vatm (φ)). Then, based on Equa-
tion (14), the turbulence atmospheric phase variance of each

SLC image (i.e., Vatm (ϕ)) is obtained. After calculating the
mean and STD of Vatm (ϕ), the SLC images with difference
with the mean is larger than 3x the STD and their correspond-
ing interferograms are deleted simultaneously.

C. APPLYING THE GRAPH THEORY TO ENSURE
CONNECTIVITY
After eliminating the interferograms connected from the out-
liers of SLC images (e.g., sth SAR image), the corresponding
row (e.g., sth row) ofQSLC

atm are also deleted and the newQSLC
atm

remarked as QSLC−new
atm . Then, the rest Nrest of SAR images

and Mrest interferograms are regarded as the corresponding
Nrest vertices andMrest edges in GT [33]. To connect theNrest
SAR images, the inverse of turbulence atmospheric variances
of each interferogram are used as the weight of the corre-
sponding Mrest interferograms. Subsequently, the Nrest − 1
interferograms with smaller variances can be obtained by
applying the MST algorithm in GT [34], [35]. Thus, the high-
quality and least number of interferograms (i.e.,Nrest−1) that
connects the rest of Nrest SAR images can be obtained.

D. SELECTION OF REDUNDANT INTERFEROGRAMS FOR
SBAS-InSAR
After obtaining the Nrest − 1 interferograms by using MST
method, the final step is to select the high-quality interfer-
ogram for SBAS-InSAR from the residual interferograms.
Similar to Section B, the mean of turbulence atmospheric
phase variance of the residual interferograms is calculated
and the interferograms with variance larger than the mean
are removed. Then, the total of selected interferogram for
SBAS-InSAR is the sum of the Nrest − 1 interferograms by
MST and the redundant interferograms. Applications of the
proposed method are shown in the following sections.

III. SYNTHETIC TEST
In this section, a set of synthetic experiments is used to
test the performance of the proposed adaptive optimiza-
tion interferograms for SBAS-InSAR. First, 24 independent
SAR images are simulated with realistic spatial-temporal
baseline distribution according to the Sentinel-1A data sets
over the Los Angeles Basin, South California. Therefore,
276 interferograms are obtained by a complete combination
from these SAR images. The dimensions of each simulated
image is 200 × 200 pixels and a subsidence funnel with
25 mm/year velocity is simulated. Then, the turbulence atmo-
spheric signal based on the Kolmogorov turbulence theory is
simulated for each image [24]. Considering the temporal vari-
ability of turbulence atmosphere, the simulated atmosphere
is multiplied by a constant randomly selected between 0 and
5 [17]. Meanwhile, four decorrelation noises (i.e., thermal
decorrelation, coregistration induced decorrelation, geomet-
ric decorrelation and temporal decorrelation) are added to
each interferogram [16].

After obtaining the variances of the 276 interferograms
using Equation (9) (i.e., Fig. 1), the variances of the
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FIGURE 1. Variances of simulated 276 interferograms.

24 simulated SLC images can be obtained using Equa-
tion (14). Meanwhile, Fig. 2 compares the phase variance
between the simulated and estimated 24 SLC images. Clearly,
the estimated and simulated results are almost identical.
Furthermore, the correlation between their variances is as
high as 99.93%. These figures illustrate the reliability of the
estimated phase variance.

FIGURE 2. Comparison the simulated and estimated variances of 24 SLC
images: Red triangles and green stars represent the simulated and
estimated variances of 24 SLC images, respectively.

To better identify the low-quality SLC image (i.e., the one
that is severely polluted by turbulence atmosphere), Fig. 3(a)
describes the estimated phase variances of 24 SLC images
by histogram. By comparison, the 10th image has a signif-
icantly larger variance than the others. Fig. 3(b) shows the
calculations of difference of each SLC image variance and

FIGURE 3. (a) Variances of simulated 24 SLC images and (b) differences
between the variances of 24 SLC images and the mean variance of 24 SLC
images. Red lines represent the 3x of STD.

the mean variance of 24 SLC images. The red lines represent
the 3x STD of the 24 SLC image variances. Notably, only the
10th image has a difference that is larger than the 3x STD,
and is therefore regarded as the outlier and should be deleted.
Meanwhile, the interferograms connected by this image are
also deleted from the total. Consequently, 23 SLC images and
253 interferograms remain.

As the turbulence atmosphere variances of the remaining
253 interferograms are known, their inverses are regarded
as the weight of corresponding interferograms. As shown
in Fig. 4(a), the least and optimal interferograms can be
obtained using the MST method in GT. This method selects
the optimal interferograms and ensures simultaneous connec-
tivity of all remaining 23 SLC images in the time domain.

FIGURE 4. (a). Spatial structure graph of MST interferogram; (b). Selected
redundant interferograms; and (c). Total interferograms for SBAS-InSAR:
Green dots represent the image time epochs and edges represent the
interferograms.

Given that 23 SLC images remain, then the least num-
ber of interferograms selected by the MST method is 22.
The next step is to select better-quality interferograms for
SBAS-InSAR from the residual 231 interferograms. No crite-
rion guides the number of interferograms for SBAS-InSAR,
and thus the mean of the residual 231 interferograms vari-
ances are simply calculated and the interferogram with
variance that is smaller than the mean variance is selected.
Fig. 4(b) shows the selected redundant interferograms used
for SBAS-InSAR and Fig. 4(c) shows the total interfer-
ograms selected using this method, namely, the sum of
Figs. 4(a) and (b). Fig. 4(c) shows that the total number of
selected interferograms using this proposed method is 166.

Based on these selected interferograms and
Equations (19) and (20), the estimated mean velocity is
obtained in Fig. 5(a) and shows good agreement with the sim-
ulation (i.e., Fig. 5(b)). To increase clarity, Fig. 5(c) shows
the difference between the estimated (i.e., Fig. 5(a)) and
simulated mean velocities (i.e., Fig. 5(b)) and the Fig. 5(d)
shows the corresponding histogram. Figs. 5(c) and (d) show
that the difference follows a Gaussian distribution with the
mean close to zero. This indicates the good performance of
the estimated result from the selected interferograms.

To illustrate the deleted interferograms polluted by turbu-
lence atmosphere, Fig. 6 shows two randomly selections from
the 110 deleted interferograms. Compared with the simulated
mean velocity (i.e., Fig. 5(b)), the real deformation signal is
hardly identifiable due to noises in Fig. 6(a). Furthermore,
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FIGURE 5. (a) Estimated and (b) simulated mean velocities; (c). Difference
between the simulated and estimated mean velocities, and
(d) Correspondence of the difference in (c).

FIGURE 6. (a) Deleted interferogram formed by the 6 th and 10 th SLC
images; (b). Deleted interferogram formed by the 11 th and 18 th SLC
images: White circles in (a) and (b) indicate the location of displacement.

the locations of non-deformation are also clearly contami-
nated in Fig. 6(b).

Next, a series of experiments is carried out to compare the
performance of the proposed interferogram selection method
and the traditional SBAS-InSAR method, namely, the prede-
fined temporal-spatial baseline threshold method. For simpli-
fication, the temporal and spatial baseline thresholds range
80-785 days with a step of 5 days and 80-785 m with a
step of 5 m, respectively. Fig. 7 shows that the selected SLC
images are 22 and 23 when the temporal-spatial baseline
threshold are smaller than 95 days and 95 m, and 155 days
and 155 m, respectively. In other words, the excluded SLC
images are 2 and 1, respectively. This means that SLC images
are excluded when the predefined temporal and spatial base-
line threshold are small. Moreover, the temporal and spa-
tial baseline threshold did not detect the outliers, namely
the 10th image, which contains unidentified large. All of
these can cause bias in SBAS-InSAR unknown parameters
estimation.

FIGURE 7. Selected (blue stars) and unselected (red dots) SLC images
with varied spatial-temporal baseline thresholds.

Based on the selected SLC images, Fig. 8 describes the
number of interferograms under different spatial-temporal
baseline thresholds. As expected, the number of selected
interferograms (i.e., blue stars) increases as the temporal-
spatial baseline threshold increases. This finding helps
increase the measurement accuracy of SBAS-InSAR by
increasing the redundant interferograms [28]. However,
the red dots described in Fig. 8(a) show that the number of
interferograms with variance larger than the corresponding
mean variance also increases. Meanwhile, the red triangles
in Fig. 8(b), the number of unselected interferograms with
variance smaller than the mean variance decreases with the
increasing spatial temporal baseline thresholds. These find-
ing indicate that the predefined spatial-temporal baseline
thresholdmethod can easily select low-quality interferograms
and miss those with high quality, which reduces the accu-
racy of SBAS-InSAR improvement. Meanwhile, the pro-
posed method ensures the number and quality of the selected
SLC images and interferograms. Therefore, compared with
the temporal-spatial baseline threshold method, the proposed
method achieves an apparent mean improvement of approxi-
mately 20%, as shown in Fig. 9.

FIGURE 8. Number of interferograms under different spatial-temporal
baseline thresholds; (a) Blue stars and red dots represent the selected
total interferograms and the selected low-quality interferograms,
respectively. (b) Blue stars and red triangles represent the selected total
interferograms and missed high-quality interferograms, respectively.

IV. EXPERIMENT RESULTS
This section presents the deformation results from applying
the proposed interferogram selection method in the big island
of Hawaii. Data of 24 descending Sentinel-1 SAR images are
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FIGURE 9. Comparison of the RMSE of the spatial-temporal baseline
threshold method (blue stars) and the proposed method (blue line): Red
triangles represent the efficiency improvement of the proposed method
compared with the spatial-temporal baseline method.

FIGURE 10. (a). Spatial structure graph of MST interferogram;
(b). Selected redundant interferograms from the proposed method;
(c) and (d). Total interferograms selected by the proposed method and by
the traditional method, respectively. (e) 54 interferograms only selected
by the proposed method and not selected by the traditional method;
(f) 54 interferograms only selected by the traditional method and not
selected by the proposed method: Green dots represent the image time
epochs and edges represent the interferograms, respectively. Red ellipses
are used to intuitively denote the difference between (b) and (c).

acquired from 5 January 2018 to 12 December 2018. Thus,
276 interferograms can be generated from any two combined
images. Each interferogram is multilooked with 20 pixels in
azimuth and 4 pixels in range directions and the orbit phase is
corrected by the precise orbit data. Meanwhile, we select the
MKEA site as the reference point for each interferogram and
the remaining 27 Global Positioning System (GPS) stations
are used for validation.

FIGURE 11. (a) and (b). Variances of the 54 different interferograms
selected by the proposed and traditional methods, respectively: Red lines
denote the mean variance for each method.

FIGURE 12. Ground deformation mean velocities in Hawaii, retrieved by
the (a) proposed method and (b) the traditional method: Red stars
represent the reference point (i.e., MKEA site), blue triangles represent
the GPS stations validating that the proposed method outperforms the
traditional method. Blue dots denote the GPS stations with RMSE larger
under the proposed method than under the traditional method. The
27 GPS stations used for validation are AINP, ALAL, ALEP, ANIP, APNT,
BLBP, KAON, KEAW, KHKU, KULE, MLCC, MLES, MLPR, MLRD, MLSP,
MOKP, NIHO, NUPM, PG2R, PHAN, PIIK, PMAU, PUKA, SLPC, STEP, TOUO
and YEEP.

After removing the topography phase by the external
digital elevation model (30m) from the Shuttle Radar Topog-
raphy Mission (SRTM) [35], the improved Goldstein filter
and the minimum cost flow (MCF) algorithm are carried out
for each interferogram [36]–[38]. Meanwhile, the vertical
atmospheric phase in each interferogram is removed using
a second order polynomial [27].

After obtaining the variance of each interferogram using
Equation (9), the variance of each SAR image is calculated
using Equation (14). The mean and STD of the 24 SLC
variances are 13.56mm and 8.55mm2, respectively. The dif-
ferences between the SLC and the mean variances are all less
than the 3x STD, and thus no outliers of SLC image remain.
Fig. 10(a) shows the least number of interferograms (i.e., 23)
to connect the 24 SAR images after applying the MST algo-
rithm. The mean variance of the remaining 253 interfero-
grams is 28.78mm. After deleting those with variance larger
than the mean variance (i.e., 28.78mm), the redundant inter-
ferograms are selected and shown in Fig. 10(b). Therefore,
the sum of Figs. 10(a) and (b), 162, is the total interferograms
selected by the proposed method (i.e., Fig. 10(c)). To achieve
the same number of interferograms selected by the proposed
method, the traditional temporal-spatial baseline threshold
was set to 160 days and 89 m, respectively. Fig. 10(d) shows
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FIGURE 13. Comparison of the time series displacements of the 27 GPS stations using the proposed method (red triangles on the left) and the traditional
method (red triangles on the right): Gray dots represent the corresponding GPS time series results projected on the LOS direction.

the corresponding spatial-temporal baseline distribution of
the selected interferograms.

Comparing Figs. 10(c) and (d), the spatial-temporal base-
line distribution quite differs between the selected interfero-
grams from the two methods. Therefore, Figs. 10(c) and (d)
have 54 different interferograms, which are clearly dis-
played in succeeding figures. Fig. 10(e) describes the
54 interferograms only selected by the proposed method and

not selected by the traditional method. Fig. 10(f) shows the
54 interferograms only selected by the traditional method
and not selected by the proposed method. Meanwhile,
Fig. 11(a) shows the variances of the 54 different interfer-
ograms selected by the proposed method with an average
variance (i.e., red line) of 16.42mm. Similarly, Fig. 11(b)
describes the 54 interferograms only selected by the tra-
ditional method with an average variance (i.e., red line)
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FIGURE 13. (Continued.) Comparison of the time series displacements of the 27 GPS stations using the proposed method (red triangles on the left) and
the traditional method (red triangles on the right): Gray dots represent the corresponding GPS time series results projected on the LOS direction.

of 44.69mm. Clearly, the variance of interferograms selected
by the proposed method is lower and the average variance
improves by 63.26%. This result also indicates that the tra-
ditional SBAS-InSAR method misses several high-quality
interferograms with unfavourable spatial-temporal baselines
and selected low-quality interferograms.

According to Equation (19), the mean velocities in
Figs. 12(a) and (b), can be obtained on the basis of

the selected two different interferograms (i.e., Figs. 10(c)
and (d)). Figs. 12 (a) and (b) show little differences. To better
validate the proposed method, Fig. 13 shows the time series
displacements of selected 27 GPS stations (i.e., blue triangles
and dots in Figs. 12 (a) and (b)) from the two methods.

Fig. 13 shows several differences between the time series
estimations from the proposed and the traditional meth-
ods. For quantitative comparison, the GPS measurement is
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FIGURE 14. Comparison of RMSEs of the traditional spatial-temporal
baseline threshold method (blue rectangles) and the proposed method
(red triangles) for the 27 GPS stations.

FIGURE 15. Comparison of RMSEs of the nine GPS stations (i.e., blue
dots in Fig. 12) under the weighted (i.e., (a)) and unweighted (i.e., (b))
method: Blue rectangles and red triangles represent the traditional
spatial-temporal baseline threshold method and the proposed method,
respectively. The nine GPS station are BLBP, KEAW, KHKU, MLSP, MOKP,
NUPM, PHAN, SLPC and YEEP.

regarded as truth and the RMSE of the two methods are cal-
culated. Fig. 14 shows the comparison result more intuitively.

Fig. 14 shows that the RMSE under the proposed method
is smaller than that of the traditional method. Meanwhile,
the average RMSEs of the proposed and traditional methods
are 1.75 and 1.76 cm, respectively. These results indicate the
0.57% improvement of the proposed method. However, nine
GPS stations (i.e., BLBP, KEAW, KHKU, MLSP, MOKP,
NUPM, PHAN, SLPC andYEEP) show that the RMSE under
the proposed method is larger than the tradition method. This
result may be caused by the weighted least squares (WLS)
instead of least squares (LS). In other words, weighting limits
the influence of low-quality interferograms selected by the
traditional method on the displacement result. To illustrate
this limit, Fig. 15 compares the results of these GPS stations
in Fig. 12 (b) under the unweighted method.

Fig. 15 (a) shows that the RMSEs of the nine GPS sta-
tions are larger under the proposed interferogram selection

FIGURE 16. Comparison of the RMSE of the 27 GPS stations using the
entire interferogran selection method (red triangles) and the pixel
selection method (green triangles).

method. The maximum difference is 0.38 cm compared with
the traditional interferogram selection method using theWLS
approach. However, on the whole, the proposed method
results are almost same as the traditional method under the
LS algorithm in Fig. 15 (b). Combining Figs. 15 (a) and (b),
a reasonable weighting method can help minimize the impact
of interferograms with large variances, namely, low-quality
interferograms. However, perfectly weighting each pixel in
SBAS-InSAR is beyond the scope of this study. Meanwhile,
notably, five GPS stations show better performance in the
traditional method under the unweighted method. This result
is further explained in the next section.

V. DISCUSSION
Fig. 15 (b) shows that the performance of the proposed
method has larger RMSE in a few of GPS stations com-
pared with the traditional method. The first reason may
be due to the proposed method basing on the variance of
entire interferogram instead of each pixel. In other words,
selecting interferograms for each pixel in SBAS-InSAR is
more reasonable than basing only on the entire interfero-
gram. Therefore, interferograms are selected for the 27 GPS
stations and the time series displacement is calculated for
each station under the corresponding interferograms. Then,
Fig. 16 shows the RMSE of 27 GPS stations under the full
interferogram selection (red triangles) and the pixel selection
method (green stars). Apparently, the pixel selection method
performs slightly better than the entire interferogram selec-
tion method on the 27 GPS stations, except for the SLPC sta-
tion. However, as the interferogramsmust be selected for each
GPS station, the amount of time is approximately 27 times
spent by each pixel selection method compared with the
entire interferogram selection method. Similarly, our study
area has 21629301, and the pixel selection method spends
time that is approximately 21629301 times more than the
entire interferogram selection method. Therefore, comparing
the time cost and improvement accuracy, this study selects
interferograms for SBAS-InSAR using the entire variance of
each interferogram instead of the variance of each pixel.

Fig. 16 shows that using the pixel selection method, one
GPS station (i.e., SLPC) has an RMSE that is larger than
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the entire interferogram selection method. This result may
be caused by the weighting method mentioned in Section IV
that requires further study [15], [16]. However, weighting is
beyond the current scope and therefore can be explored in the
future.

VI. CONCLUSIONS
In this study, a novel adaptive optimization method for
SBAS-InSAR based on MST algorithm and the turbulence
atmosphere variance of each interferogram is proposed. Com-
pared with the traditional interferogram selection approach,
the proposed method is adaptive instead of prior to set
spatial-temporal baseline thresholds from experience of the
study area. This proposed method highly contributes to
the automatic application of SBAS-InSAR measurement in
engineering.

Moreover, the proposed method detects and eliminates the
outliers of SLC images before inclusion in SBAS-InSAR
calculation, a point that is not considered in traditional
method. Furthermore, the proposed method can select
high-quality interferograms that are missed due to unrea-
sonable spatial-temporal baseline thresholds and delete
low-quality interferograms affected by atmosphere and
decorrelation noise that may be selected by the traditional
method. Based on these reasons, the proposed method selects
all of the interferograms that contains as little noise as possi-
ble from the non-outliers of SLC images to improve the mea-
surement accuracy of SBAS-InSAR. The simulation and real
data experiments at Hawaii demonstrate the superiority of the
proposed method in improving the measurement accuracy of
SBAS-InSAR.
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