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Abstract: A 3D surface deformation field for an earthquake can aid in understanding fault behaviors
and earthquake mechanisms. However, SAR-based 3D surface deformation estimates are often
limited by insufficient observations and hampered by various error sources. In this study, we
demonstrate the derivation of a 3D coseismic displacement field from different InSAR processing
algorithms. The azimuth displacements from Multiple Aperture Interferometry (MAI) and Pixel
Offset Tracking (POT) were integrated to ensure reliable displacements at low coherent areas. The 3D
displacement field was inverted pixel-by-pixel by Line-of-Sight (LOS) displacement and integrated
azimuth displacement. The results showed that MAI and POT could compensate for the weaknesses
of each algorithm. Also, pixels with less than three sets of observations showed higher noise levels.
Such noisy pixels were removed by a denoising criterion proposed herein. For the vertical direction,
the proportion of pixels inverted with two sets of azimuth and one set of LOS displacements was
26.1%. After denoising, the proportion dropped to 2.4% due to the insufficiency of LOS displacements.
This shows that the viewing angle influences the overall performance of 3D surface displacement
inversion. Implementing various displacement vectors should reduce such limitations.

Keywords: InSAR; coseismic deformation; 2018 Hualien earthquake; denoise; 3D coseismic
displacement field

1. Introduction

Earthquakes are major hazardous events due to releasing accumulated crustal strain
with destructive surface motion, causing building collapse and numerous casualties [1]. In
addition to the heavy fatalities, earthquakes are also one of the main processes resulting in
surface deformation and significant topographic changes [2,3]. Currently, such coseismic
deformation is commonly estimated by terrestrial geodesy [4–6] and space-borne SAR
imagery, which was first demonstrated for the 1992 Landers earthquake by measuring the
coseismic surface displacements along the Line-of-Sight (LOS) direction [7]. Since then,
SAR imagery has become one of the main observational approaches for monitoring varied
crustal activities [8–11].

In order to characterize coseismic deformation and fault behaviors, a 3D coseismic
displacement field can help to reveal the overall deformation pattern associated with
the faulting characteristics [12–14]. In addition to the surface displacements due to fault
movement, such deformation often exhibits complicated deformation behaviors such as off-
fault deformation [15,16] and multi-fault triggering [17,18]. Having an accurate 3D surface
displacement field can help to better assess the effect of an earthquake event, making it
crucial for seismic hazard mitigation [12].
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To obtain a 3D coseismic displacement field, it takes more than one InSAR processing
algorithm and/or one interferometric pair. Differential Interferometric Synthetic Aperture
Radar (DInSAR) estimates surface displacements along the LOS direction, which is highly
sensitive to the deformation in the east–west (EW) and up–down (UD) directions but less
resolvable in the north–south (NS) direction [7]. Therefore, it is inadequate to solve for
3D displacements by solely using LOS measurements. An exceptional case is the 2002
Nenana Mountain earthquake due to oblique viewing angles at high latitudes [19]. Along
with the development of the DInSAR technique, Pixel Offset Tracking (POT), Multiple
Aperture Interferometry (MAI), and Burst Overlap Interferometry (BOI) were consecutively
proposed to detect surface displacements along the azimuth direction, which are highly
sensitive to the NS direction, little to the EW direction, and free of vertical motion [20–22].
Combining at least three sets of observations in the range and range directions, one can
invert the 3D displacement adequately [23].

In addition to the insufficient observations, different errors may affect the resolved
3D surface displacements. Algorithms relying on the phase property of radar echoes
often have accuracy as high as a few centimeters [7,22,24]. However, for places with
low or incoherent backscatters, such algorithms might yield erroneous results or fail to
resolve surface displacements. On the other hand, algorithms such as POT, which is more
amplitude-dependent, could still correctly resolve surface displacements even with low
pixel coherence [25]. Nevertheless, the theoretical accuracy of POT is a fraction of the pixel
size [20]; thus, it often falls in the range of dozens of centimeters. Therefore, it is also
important to examine how coherence affects the estimates of 3D coseismic displacements.

In this study, we took the 2018 Hualien, Taiwan, earthquake as a test area to systemati-
cally examine the ability to resolve 3D coseismic displacements by combining different SAR
algorithms and the influence of pixel coherence in the 3D estimates. Because the Hualien earth-
quake has been well-studied and its surface deformation has been constrained by geodetic data,
it provides an opportunity for us to examine different algorithms for 3D deformation [26–32].
We then proposed a method to integrate observations derived from different methods for
resolving 3D coseismic deformation. Additionally, for the apparent noisy pixels shown in the
displacement results, we proposed a denoising criterion in this study for noise removal.

2. Data and Materials
2.1. SAR Images

In this study, we used ALOS-2 and Sentinel-1 SAR images (Table 1) to generate 3D
surface displacements. The ALOS-2 and Sentinel-1 data were provided by the Japan
Aerospace Exploration Agency (JAXA) and European Space Agency (ESA), respectively.
ALOS-2 images were the main data source for surface displacement recovery due to
the longer wavelength (~24.1 cm), which lowers the effects of decorrelation and phase
aliasing. On the contrary, Sentinel-1 images have a wavelength of about 5.6 cm, which
was reported as not successfully resolving the surface displacement of the 2018 Hualien
earthquake by using the DInSAR technique [27]. The imaging mode of Sentinel-1 is Terrain
Observation with Progressive Scans (TOPS), which acquires data in overlapping bursts.
These overlapping bursts could be used to solve for surface displacement along the azimuth
direction through the BOI algorithm [22]. However, the overlapping area was only a few
kilometers wide, which was too narrow to be used in later 3D displacement inversion.

Table 1. List of SAR data used in this study.

Satellite Orbit Reference Date Aligned Date Scan Mode Wavelength

Sentinel-1
Ascending 3 February 2018 15 February 2018 TOPS C-band
Descending 5 February 2018 11 February 2018 TOPS C-band

ALOS-2
Ascending 5 November 2016 10 February 2018 Stripmap-HBQ 1 L-band
Descending 18 June 2017 11 February 2018 Stripmap-FBD 2 L-band

1 HBQ: high-sensitive mode quad polarization. 2 FBD: fine mode dual polarization.
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2.2. GPS and Leveling Data

The distribution of GPS stations, leveling benchmarks, SAR image coverage, and
inverted displacement area is shown in Figure 1. GPS data served as control points
and check points to constrain SAR-derived coseismic displacements and to examine the
overall RMSE, respectively. The GPS data were provided by the Geological Survey and
Mining Management Agency (GSMMA) in Taiwan and some were collected from [27].
Continuous GPS time series were fitted with a polynomial function to estimate the secular
velocity, coseismic, postseismic displacement, and seasonal variations [33]. The coseismic
component that resided in campaign ones was extracted by subtracting the long-term
trend estimated with linear regression. We chose GPS stations that served as control points
relatively even in the SAR image coverage to ensure good displacement constraints.
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SAR-derived displacement. Red lines are the two identified active faults in this region [34]. Inset 
shows the SAR image coverage. Blue rectangles are ascending and descending ALOS-2 image cov-
erage. Black-shaded bars are burst overlapping areas in Sentinel-1 images. 

Figure 1. Geography of the study area. Yellow triangles are leveling benchmarks. Green squares
denote GPS records serving as check points, while gray circles are GPS records used to constrain SAR-
derived displacement. Red lines are the two identified active faults in this region [34]. Inset shows
the SAR image coverage. Blue rectangles are ascending and descending ALOS-2 image coverage.
Black-shaded bars are burst overlapping areas in Sentinel-1 images.

Leveling data were also provided by GSMMA with annual benchmark measurements.
This particular survey line was exceptionally important for detecting the coseismic motion
across surface rupture. The signals induced by tectonic motion were estimated and elim-
inated by the secular GPS velocity from the nearest station. The coseismic displacement
was calculated by the difference between post- and pre-seismic benchmark records.
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3. Methods
3.1. SAR-Based Surface Displacement Retrieval

We used open-source software GMTSAR (v6.1) [35,36] to process SAR images. ALOS-
2 images were processed with DInSAR, MAI, and POT algorithms, and the ionospheric
error was removed by split-spectrum method with semi-gird-searched filtering size [37,38]
(Figure S1). No apparent tropospheric-associated pattern was observed in either inter-
ferogram. The zenith wet delay model had little to no displacement gradient within the
research site. Therefore, taking both the interferograms and the zenith wet delay model
into account, the tropospheric error was assumed negligible. We split half of the aperture
to form forward-looking and backward-looking images to calculate the azimuth displace-
ments based on the double difference of forward and backward interferograms [21]. As
for POT, it is always a trade-off between image size and search window size. We used
grid search for the optimal input parameters for POT by calculating the resulting RMSE
between SAR-derived displacements and GPS observations (Figure S2). Lastly, for the
implementation of BOI on Sentinel-1 images, we calculated the phase shift within the burst
overlapping area along the azimuth direction with the Enhanced Spectral Diversity method
(ESD). Assuming no clock error or ionospheric perturbation, the resulting azimuth shift
should be mainly from coseismic motion [39]. However, the coverage of the BOI result was
not large enough to reveal the overall deformation pattern (Figure 2); therefore, we did
not further incorporate the BOI result either for 3D displacement inversion or for azimuth
displacement integration.
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3.2. Azimuth Displacement Integration

Azimuth displacements were obtained from the MAI and POT algorithms using
ALOS-2 images. The azimuth displacement integration process is shown in Figure 2. Firstly,
the noisy pixels in raw azimuth displacement from MAI and POT were masked out with
interferometric coherence and Signal-to-Noise ratio (SNR), respectively. We determined
the coherence and SNR thresholds by exploring the characteristics of the global standard
deviation from the remaining pixels given different masking thresholds. We performed
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101 times of iterations and individually masked out pixels using thresholds from 0 to 1
with increments of 0.01. For each iteration, the remaining pixels were used to calculate
the global standard deviation, also named noise level (σ). Then, the noise level would be
further used to determine the noise level variance (δ) by calculating the standard deviation
of noise levels with a moving window size of 11. Each noise level variance was determined
by the standard deviation of 5 noise levels before and after the current step. Finally, the
threshold was determined by the local minima of the noise level variance series (Figure 3
insets). It is noted that the goal of this initial masking was to reduce noise and at the same
time to maintain as much data as possible. Therefore, we adopted “Soft-thresholding” to
keep more data available by accepting a tolerance of noise level. For our case here, it was
set to 2.5 for both MAI and POT results.
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are the CDFs of pixel counts under each threshold. Blue bars are the 1st, 2nd, and 3rd quantiles of 
CDF. Red curves are the noise level defined by the global standard deviation. Yellow stars are the 
final threshold value based on soft thresholding. The insets are the noise level variance. X-axis is the 
coherence/SNR threshold and Y-axis is the noise level variance. The red shading is the 2.5 standard 
deviation of the noise level at the threshold inferred using hard thresholding. (a) The search of the 
threshold for ascending MAI result; (b) the search of the threshold for ascending POT result; (c,d) 
are the same as (a,b) but in descending track. 

Figure 3. The search of masking thresholds for MAI and POT results. X-axis is the coherence/SNR
thresholds. Y-axis is the Cumulative Distribution Function (CDF) of data counts. The gray shadings
are the CDFs of pixel counts under each threshold. Blue bars are the 1st, 2nd, and 3rd quantiles of
CDF. Red curves are the noise level defined by the global standard deviation. Yellow stars are the
final threshold value based on soft thresholding. The insets are the noise level variance. X-axis is the
coherence/SNR threshold and Y-axis is the noise level variance. The red shading is the 2.5 standard
deviation of the noise level at the threshold inferred using hard thresholding. (a) The search of the
threshold for ascending MAI result; (b) the search of the threshold for ascending POT result; (c,d) are
the same as (a,b) but in descending track.

After masking out the noisy pixels, all POT results were upsampled to the same spatial
resolution as MAI ones. This step was to make the two datasets have the same spatial
resolutions. However, the upsampling might introduce artificial high-frequency errors.
These induced errors were greatly removed by the denoising criterion proposed in this
study. It is discussed in further detail in Section 4.3. The integration process was completed
in a pixel-by-pixel sense, whereby, if both MAI and POT results were present in one pixel,
then the MAI result would be used. If only one displacement result was present, then it



Remote Sens. 2024, 16, 1159 6 of 18

remained unchanged. Lastly, if both results were absent, then the pixel would be assigned
NaN. The MAI result was more favored due to its higher theoretical accuracy than POT’s.
This integration choice was to ensure higher accuracy for the final integrated azimuth
displacement field.

3.3. 3D Displacement Inversion

The 3D displacement inversion was completed by using the method proposed in [23].
Since the LOS direction consisted of the EW, NS, and UD directions, the LOS vector could
be decomposed into the three according vectors given sufficient constraints. The azimuth
displacements were only sensitive to horizontal motion, which could only be decomposed
into the EW and NS directions. A simple linear system can be constructed based on satellite
viewing and orbiting geometry. For our case shown here, which was an overdetermined
system, the final solution was solved using least-squares optimization.

AziA
AziD
LOSA
LOSD

 =


sinαA cosαA 0
sinαD cosαD 0

−sinθAcosαA
−sinθDcosαD

sinθAsinαA
sinθDsinαD

cosθA
cosθD

 ·

E
N
U

 (1)

where subscripts A and D denote ascending and descending tracks. α is the satellite
inclination angle, and θ is the satellite looking angle.

However, since we completed the inversion in a pixel-by-pixel sense, there were not
always four equations for solving the three unknowns at every pixel. If only three equations
were present, then the solution would be unique and could be solved sufficiently. If there
were only two azimuth displacements, then only the EW and NS displacements would
be solved. Similarly, only the EW and UD displacements would be solved if the pixel
contained solely LOS displacements. Here, since the LOS displacements were not sensitive
to the NS movements, the NS component was neglected, leaving two unknowns to be
solved. Lastly, we discarded pixels with one azimuth and one LOS displacement or one
displacement only because they were not invertible.

3.4. Denoising Criterion

SAR-based displacement fields often contained noise, which was commonly observed
in MAI and POT results. Figure 4a,c are examples of noisy pixels observed in displacement
fields. Figure 4b is the noise-free area where all pixel values are similar, while the left
and right panels show areas containing noise that have a random distribution of pixel
values or unrealistic values. Obviously, a simple denoising strategy like masking unrealistic
values would not be enough since noisy pixels did not necessarily have unrealistic values.
Manually removing noise would be too time-consuming and could introduce a certain
degree of human bias. Therefore, it cannot be used for operational use due to the lack of
automation and objectivity. Median filters or equivalent low-pass filters could cope with
noise effects by smoothing out the overall image, but the filtering would blur the overall
image, which would obscure the fault traces that are essential for recognizing where the
fault boundary was.

Here, we proposed a novel method for removing noise and maintaining the spatial
resolution without any low-pass filtering. First, a moving window of self-defined (we set
the window size to 3 × 3) size slid through the whole image to calculate the sum of absolute
value of difference between the center pixel with its adjacent pixels at each step. The sum
of difference (γ) was provided by

γ = ∑(3,3)
(i,j)

∣∣N22 − Nij
∣∣ (2)

where N is the pixel value, subscripts i,j are the row and column indices.
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The sum of difference indicated whether the current pixel was a noise or a signal.
If noise was dominant within the window, then γ would be large. On the other hand,
γ would be small if the pixels in the current window had similar values. Therefore, the
larger γ was, the noisier the pixel was. Next, we calculated the CDF of γ and took the
value at 95% CDF as the masking threshold (Figure 5). Pixels with a sum of difference
higher than the masking threshold would be masked out. Since the threshold was set
at 95% CDF, approximately 5% of the data containing the most noise would be masked
out. This denoising procedure was designed to be repeated until the noise was removed
satisfactorily.
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4. Results
4.1. SAR-Derived Surface Displacement

Coseismic interferograms are shown in Figure 6. Higher density of fringes is observed
in the Sentinel-1 results due to the shorter radar wavelength (~5.6 cm). In contrast, ALOS-2
is an L-band SAR system, which has a wavelength nearly four times longer than the C-band,
showing fewer fringes than Sentinel-1. Both interferograms could be used to extract surface
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displacement through phase unwrapping. However, previous studies showed that Sentinel-
1 results were contaminated by phase aliasing and phase decorrelation, which would
further induce phase unwrapping errors [27]. Therefore, we unwrapped interferograms
from ALOS-2 to obtain the LOS displacement for both tracks.
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The MAI, POT, and BOI results reveal coseismic surface motion along the azimuth 
direction (Figure 7). The deformation pattern agrees with both the faulting mechanism of 
the Milun and Lingding faults as well as the terrestrial geodetic survey after the earth-
quake occurrence [28,34]. The coseismic motion was sinistral along these two faults and 
was well-imaged by both Sentinel-1 and ALOS-2 images. However, BOI can only solve 

Figure 6. Interferograms of Sentinel-1 and ALOS-2 images. Red lines are the two main active faults
mapped in Figure 1; the Milun and the Lingding fault (Same for figures below). (a) Interferogram of
Sentinel-1 in the ascending track; (b) interferogram of Sentinel-1 in the descending track; (c,d) are the
same as (a,b) but interferograms are of ALOS-2 images.

The MAI, POT, and BOI results reveal coseismic surface motion along the azimuth
direction (Figure 7). The deformation pattern agrees with both the faulting mechanism of
the Milun and Lingding faults as well as the terrestrial geodetic survey after the earthquake
occurrence [28,34]. The coseismic motion was sinistral along these two faults and was
well-imaged by both Sentinel-1 and ALOS-2 images. However, BOI can only solve for the
azimuth offset at the burst overlapping areas, which are only a few kilometers in width.
Although the BOI result demonstrates sinistral motion, the coverage was insufficient for
further 3D displacement inversions. Thus, the BOI displacements were discarded.
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using MAI, POT, and BOI, respectively; (d–f) are the same as (a–c) but in the descending track.

4.2. Integrated Azimuth Displacement

Integrated azimuth displacement was conducted via the method proposed in Section 3.2
using the MAI and POT results. The BOI results also revealed the azimuth offset; however,
the coverage was not large enough for the integration stage. Figure 8 shows the integrated
azimuth displacements for both ascending and descending tracks and the displacement
type within each pixel. Urban areas often promise good surface displacement retrieval
with their high interferometric coherence. On the other hand, places with low coherence,
such as vegetated areas or mountainous regions, often prohibit correct displacement recov-
ery. Therefore, the integrated azimuth displacement field contained MAI results mostly
for the urban area in Hualien, and outskirts areas for POT ones, especially east of the
Lingding fault.
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4.3. 3D Displacement Field

We decomposed the LOS and azimuth displacements using the method proposed
by [12]. The 3D displacement was inverted with two LOS and two integrated azimuth
displacements. Pixels that had less than four inputs were handled with the method
elaborated in Section 3.3. Figure 9 shows the 3D displacement field, which contains
high-frequency noise that resulted from the upsampled POT result. This noise was well-
removed by the denoising criterion proposed in Section 3.4, with nine times for the EW
direction, twelve times for the NS direction, and eight times for the UD direction. The
iteration times were determined by the local minima of the noise levels. The artifacts
were removed and the denoised displacement field showed a much cleaner and clearer
deformation pattern. The hanging wall of the Milun fault showed clockwise rotational
motion with vertical uplift. Left-lateral displacements were observed along the Milun and
Lingding faults. Lastly, subsidence was observed in the Nanbin area.
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Figure 9. Original 3D displacement fields, denoise iterations, and denoised 3D displacement fields.
Circles and squares are GPS stations used to constrain and evaluate the displacement fields. (a–c) EW,
NS, and UD displacements with positive values moving to the east, north, and up; (d) the denoising
iteration times. The blue, red, and black curves represent EW, NS, and UD directions. Yellow stars are
the selected thresholds by the local minima of noise levels. (e–g) Are the same as (a–c) but denoised
with the selected iteration times.

5. Discussion
5.1. Comparison between Different Versions of 3D Displacement Fields

Aside from inverting the 3D displacement field with the LOS displacements and
integrated azimuth displacements (Version 1), we created two other 3D displacement
fields by using the LOS displacements derived from the MAI (Version 2) and derived from
the POT (Version 3) methods (Figure 10). One distinct difference between Versions 1, 2,
and 3 is the final spatial resolution. The difference is about four to five times finer for
Version 1 and 2 than for Version 3 (Table 2). Typically, the POT algorithm involves pixel
averaging to avoid extremely high spatial frequency noise. This would result in lower
spatial resolution. Although all three versions of the 3D displacement field can capture the
first-order deformation pattern, some details were obscured in Version 3 due to the low
spatial resolution.

Table 2. RMSE and spatial resolution of 3D displacement fields.

Version EW Error 1 NS Error 1 UD Error 1 X Spacing 2 Y Spacing 2

DInSAR + Integrated azimuth displacement (1) 2.2 9.5 4.3 61.6 46.2
DInSAR + MAI (2) 2.0 19.8 2.7 61.6 46.2
DInSAR + POT (3) 48.6 11.6 3.2 279.0 212.7

1 Unit: cm; 2 unit: m.

We estimated the uncertainties of the displacements in each direction by GPS displace-
ments (Table 2). The result shows that the displacements in the EW and UD directions
for all three versions have the lowest uncertainty compared with the displacements in
the NS direction. It is expected and manifested by the high accuracy of DInSAR and the
high proportion of the EW and UD directions contributing to the LOS displacement. The
EW and UD displacements are highly LOS-dependent, while the NS displacements are
highly aligned with azimuth displacement. Therefore, the uncertainty in the NS direction



Remote Sens. 2024, 16, 1159 13 of 18

is higher than for the EW and UD components. It is noted that the EW error of Version 3 is
abnormally high because of the sampling of unwanted noisy pixels when calculating the
RMSE. The overall uncertainty in the EW direction in Version 3 should be less than 10 cm
due to the dependence of the LOS displacements. Although MAI has a theoretical accuracy
of a few to tens of centimeters [13], which is higher than the accuracy of the POT method,
it shows that the NS uncertainty of Version 2 is larger than Version 3. There could be two
possible reasons. The first one is that, in GMTSAR processing, a certain degree of filtering
and averaging were conducted during the POT calculation. This would reduce the noise
contribution, thus lowering the overall uncertainty. The second one is that, following the
first reason, since there are more noisy pixels in MAI than POT, the higher uncertainty in the
NS direction in Version 2 might result from sampling some noisy pixels while calculating
RMSE based on GPS. Lastly, the uncertainty of Version 1 was a combined result of Versions
2 and 3, especially in the NS direction.
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Figure 10. Different versions of 3D displacement fields. Warm colors represent surface uplift, while
cool colors mean surface subsidence. Arrows are horizontal motions. Triangles denote leveling
benchmarks. Circles and squares are control and check points used to constrain and evaluate the 3D
displacement fields. The three components were all GPS-constrained. (a) The 3D displacement of
Version 1; (b) the 3D displacement field of Version 2; (c) the 3D displacement field of Version 3.

The first-order deformation pattern is consistent for all three versions of the NS
displacements (Figure 11). Note that these NS displacements were GPS-constrained, so
they appeared differently in Figure 9. There is a difference in the east of the Lingding fault.
The NS displacements in the east of the Lingding fault were resolved more satisfactorily
in Version 1 than in Versions 2 and 3 in terms of pixel coverage. The interferometric
coherence is low in the east of the fault where much vegetation is present. Therefore,
the low coherence prevented phase-related algorithms from successfully estimating 3D
displacements at the specific region. In such conditions, POT could still yield good results
since it is less affected by pixel coherence. By combining the POT and MAI results, one
could both maintain the pixel resolution, which could portray the fault trace boundaries,
and retain good displacement results at less coherent areas.
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Figure 11. GPS-constrained NS displacement of Versions 1, 2, and 3. Circles and squares are GPS
stations used to constrain and evaluate the displacement fields. Note that these NS displacements are
constrained with GPS records, which appear differently to those in Figure 10. (a) NS displacement of
Version 1; (b) NS displacement of Version 2; (c) NS displacement of Version 3.

5.2. Performance of Denoising

The inverted 3D displacement fields are based on several combinations of inputs: two
inputs (two Azi or two LOS), three inputs (two Azi + one LOS or one Azi + two LOS),
and four inputs (two Azi + two LOS). Theoretically, pixels inverted from four inputs have
more constraints than three inputs and two inputs. Figure 12 shows the inversion input
for Version 1 and the proportion before and after denoising. More than half of the pixels
were inverted from four inputs, around 20% were obtained from three inputs, and the
rest were derived from two inputs. It should be noted that the UD direction could not
be inverted from two azimuth displacements since the azimuth displacements contain no
vertical motion. Therefore, the proportion for the UD direction by using two sets of azimuth
displacements was 0. For the EW and UD directions, the denoised pixels were mostly
derived from two and three sets of the inputs. Especially in the UD direction, pixels inverted
from two sets of the azimuth displacements and one set of the LOS displacements were
largely removed compared to those obtained from one set of the azimuth displacements and
two sets of the LOS displacements. This is because the UD direction is highly dependent on
the LOS displacements, whereas the displacements in the azimuth direction are insensitive
to vertical displacement. Having more LOS inputs can reduce the ambiguity of the UD
direction decomposition. Also, in the EW direction, pixels from two sets of the LOS inputs
were more than one set of the LOS inputs. Similar to the UD direction, the displacements
in the EW direction were more dependent on the LOS observations than displacements in
the azimuth direction. Lastly, for the NS direction, based on the denoised results, it seems
like the noise was relatively more evenly distributed among these five types. One reason
might be because of the uncertainty of the surface displacements in the azimuth direction
from SAR images. Although MAI and POT can obtain azimuth displacements, which are
highly sensitive to the NS direction, the inherent ambiguity in the azimuth surface motion
detection resulted in a relatively stronger noise level in the NS decomposition. Therefore,
the removed pixels were dependent on the original azimuth displacement inputs. If the
input azimuth displacements are noisy, then the inverted displacement field is very likely
to be noisy as well.
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in-version inputs for Version 1. Red is four inputs, green denotes 3 inputs, and blue represents 2
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sense is the same as the left panel. Light colors represent percentages of pre-denoising and dark
colors denote percentages of post-denoising. Top right panel is the EW direction, middle right panel
is the NS direction, and bottom right panel is the UD direction.

Adapting the methods to integrate the azimuth displacements in this study may induce
artificial errors due to upsampling. This might not be observed in the integrated azimuth
displacement fields (Figure 8) but could be readily observed after 3D decomposition
(Figure 9). These errors must be removed before further analysis, such as fault slip models
or analyzing fault behaviors. Using the proposed denoising criterion could successfully
remove such erroneous pixels and retain the overall deformation patterns and spatial
resolution (Figure 9). This denoising method could also be applied to computing other
displacement fields for removing unwanted pixels without any low-pass filtering.

As illustrated in the previous sections, other denoising strategies might involve ap-
plying low-pass filtering, spatial smoothing, or setting weighting to each pixel during
inversion. Low-pass filtering could efficiently reduce the effect of noise but also contam-
inate signals with the value of noisy pixels. In addition, low-pass filtering would blur
the overall image, which would not be ideal for analyzing deformation behaviors. Set
weightings during inversions could also reduce noise effects. However, it is sometimes
not easy to determine the weights. All the above methods are noise reduction, meaning
that the noise effect is only “reduced” but not removed. The method we proposed here is
noise “removal”, which picks out noisy pixels and retains the good ones without altering
them. However, we do note that there are several limitations to our method. One is the
mis-removal of pixels adjacent to sharp displacement boundaries such as surface ruptures.
Another limitation is that the identification of noise relies on the noisy pixel to be adjacent
to other pixels. If not, the sum of difference from this noisy pixel cannot be calculated.
Therefore, this isolated noisy pixel will be preserved from being identified and removed
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regardless of how many iterations are being executed. With regard to this situation, a
certain degree of manual inspection should take place to remove them accordingly.

6. Conclusions

In this study, we examined different SAR algorithms for resolving 3D surface dis-
placements and proposed a method to decompose the 3D displacement field using LOS
displacements with an integrated azimuth displacement field. Compared with the results
using LOS with solely MAI or POT, the 3D displacement field using our method provides
both high spatial resolution and solid displacement at low coherence areas. The uncertainty
also demonstrates the success of this method. We suggest that MAI and POT can make up
for the weaknesses of each other. By combining them, the high spatial resolution of MAI
and the surface displacements at less coherent areas from POT can co-exist in the integrated
azimuth displacement field. The artifacts induced from upsampling the POT results can
be removed via the denoising criterion proposed in this study. The proposed denoising
criterion can efficiently “remove” noise rather than reduce the effects stemming from noise.
Although the denoising method was tested in this case, it still requires further examination
to guarantee its robustness.
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