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Abstract In recent years, synthetic aperture radar (SAR) interferometry (InSAR) has emerged as a valuable
tool for measuring water level change (WLC) to study hydrodynamic processes in coastal wetlands. However,
the highly dynamic wet atmosphere conditions common in these areas have a significant impact on InSAR
observations, producing errors in the derived values. Standard methods for estimating atmospheric noise in
InSAR time series lack the spatial or temporal resolution needed to adequately correct for wet tropospheric
delays. In this study, we utilize the Independent Component Analysis (ICA) signal decomposition technique to
identify the likely WLC signal and eliminate atmospheric noise in a time series derived from rapid repeat
measurements made with the L‐band uninhabited aerial vehicle synthetic aperture radar airborne instrument.
The method compares in‐situ water level measurements with the independent components (IC) to identify the
ICA components corresponding to WLC. The signal‐to‐noise ratio between the WLC after the ICA‐based
filtering and in situ water level gauges used for validation reaches 16 dB compared to an average of 2.6 dB
before filtering. The excluded IC are used to generate maps showing a time series of likely atmospheric features.
The identified features in the maps generally correspond to atmospheric features identifiable in Next Generation
Weather Radar (NEXRAD) S‐band ground weather radar reflectivity maps collected during the SAR
acquisitions. The method is sufficiently general to be applied to any InSAR‐derived surface displacement time
series.

1. Introduction
Studying and monitoring coastal wetlands are essential for the conservation and sustainable management of these
ecosystems, especially in the face of sediment starvation, climate change, and rising sea levels (Jankowski
et al., 2017). Understanding the flow of water, sediment, and nutrients within wetlands provides insight into their
overall functionality and aids in the early detection of hydrological imbalances that can impact their sustainability
(Giosan et al., 2014). Coastal wetlands are shaped by hydrodynamic processes occurring at the interface between
land and sea (Hopkinson et al., 2019). On a larger scale, the climate in coastal wetlands is influenced by the
moderating effects of the adjacent water bodies, which tend to stabilize temperatures and results in elevated
humidity levels (Y. Zhang et al., 2019). They often receive substantial precipitation due to the influence of
maritime air masses, with clouds and rain storms that can rapidly develop and move through an area.

Traditionally, hydrodynamic processes within coastal wetlands are measured using in‐situ water level gauge
stations. These gauge networks measure water level changes (WLC) with fast temporal sampling but they are
spatially sparse and thus do not provide spatially comprehensive information about hydrodynamics within the
wetlands. Remote sensing methods have been applied to improve the spatial coverage. Repeat‐pass synthetic
aperture radar (SAR) interferometry (InSAR) can enable estimation of WLC in wetlands over large spatial scales
because of the presence of emergent vegetation that promotes double‐bounce scattering (Lee et al., 2020; Liao
et al., 2020; Wdowinski, Hong, & Kim, 2008; Wdowinski, Kim, et al., 2008). InSAR uses interferometry applied
to two SAR complex images acquired at different times but from the same viewing angle to determine the change
in surface position from the measured change in the phase of the backscattered electromagnetic wave.

The heterogeneity of the Earth's atmosphere induces spatially and temporally random delays to the SAR signal
(Hanssen, 1998). Changes in the atmosphere along the imaging path, which include changes in water content,
pressure, and temperature, can significantly impact repeat‐pass InSAR measurements and may lead to misin-
terpretation of the phenomena of interest (Bekaert et al., 2015; Danklmayer & Camara de Macedo, 2007; Ferretti
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et al., 2001). These changes can occur in the troposphere or the ionosphere, but water is present mainly in the
lower atmosphere. The troposphere is the lowest layer of the Earth atmosphere, which extends from the surface of
the Earth up to about 10–15 km. It consists of two distinct components, namely the dry, or hydrostatic, component
and the wet component (Bekaert et al., 2015; Murray et al., 2019). The hydrostatic component is dominated by
changes in air pressure and temperature and thus correlated with topography. In coastal wetlands, where the
terrain is predominantly flat and the climate is moderated by the ocean, variations in pressure and temperature
exert less influence, so the related interferometric phase remains relatively uniform across the observation domain
and is canceled during interferometry (Hanssen, 2001). However, the wet component is temporally dynamic and
spatially complex, with variable water vapor and liquid water content. For example, cumulus clouds have a
notable liquid water content ranging from 0.5 to 2.0 g/m3. This amount of water causes an increase of zenith
delays in the range of 0.7–3.0 mm/km (Hanssen, 1998), which is manifested in SAR acquisitions by phase
changes that scale linearly with the delay in the signal pathway.

Prior studies characterized the atmosphere and mitigated its effects on InSAR measurements either with or
without ancillary data (Bekaert et al., 2015; Berardino et al., 2002; Ferretti et al., 2001; Löfgren et al., 2010; Onn
& Zebker, 2006). Some atmospheric InSAR correction methods use ancillary information from weather models
(e.g., the archived European Center for Medium‐Range Weather Forecasts (ECMWF) ERA‐I weather model with
an average spacial resolution of 80 km) or spectrometer data (e.g., MERIS and MODIS with a spatial resolution of
≈1.2 and 1 km, respectively) to estimate the tropospheric delay. However, many of these implementations are not
suitable for coastal wetland hydrology due to the coarse spatial resolution and the temporal resolution of several
hours. Additionally, the sparse spatial coverage of GPS stations relative to the SAR scene size makes it hard to
model atmospheric correction using GPS.

None of the atmospheric correction methods adequately account for water content and there is generally a lack of
research investigating the wet troposphere's influence on InSAR time series measurements. This phenomenon
particularly impacts the accuracy of InSAR studies in coastal regions and other areas where wet troposphere
effects dominate. Although a few studies investigated the impact of precipitation on SAR backscatter images
(Danklmayer & Chandra, 2009; Koyama et al., 2021; Pierdicca et al., 2013), there has been a notable absence of
studies researching the broader influence of precipitation and dense cloud cover on interferometric phase,
especially for L‐band interferometry.

While persistent scatterer (PS) and Small BAseline Subset (SBAS) time series analyses can reduce atmospheric
noise through averaging of random fluctuations (Berardino et al., 2002; Ferretti et al., 2001). However, these
methods are insufficient without many PS pixels, with only a few acquisitions, or when the stack contains
measurements with short temporal baseline as is used for studying the tidal component of coastal hydrology.
These limitations can have an impact on rapid repeat airborne InSAR for which the temporal repeat interval can be
very short, even less than 1 hour.

These shortcomings have motivated us to develop an empirical approach to atmospheric noise correction based on
Independent Component Analysis (ICA). ICA is a non‐orthogonal projection method applicable to multivariate
observations. It performs a linear transformation, which consists of the extraction of components while maxi-
mizing their independence through a statistical measure of order higher than two (Hyvärinen & Oja, 2000;
Jolliffe, 2003). Some studies have used ICA to separate geophysical processes in spaceborne C‐band InSAR time
series (Cohen‐Waeber et al., 2018; Ebmeier, 2016; Gaddes et al., 2018; Maubant et al., 2020; Zhu et al., 2022).
However, its potential has not been assessed for airborne L‐band InSAR applied to coastal hydrology.

In this paper, we focus on the impact of the atmospheric delay on airborne InSAR, which is affected only by the
tropospheric layers below the flight altitude, which can include significant amounts of wet troposphere. We
present an ICA‐based approach informed by in‐situ data to separate the atmospheric and the Water Level Change
(WLC) signals within an L‐band InSAR time series. The study site includes coastal wetlands in southern Lou-
isiana, an area that experiences a wide range of cloud and precipitation conditions. For example, many coastal
areas in Louisiana received between 50 and 60 inches (1,270–1,524 mm) of annual precipitation in 2021 (NOAA
National Centers For Environmental Information, States Climate Summaries 2022, https://statesummaries.ncics.
org/chapter/la/). The InSAR‐derived WLC data set used in this study was derived from L‐band SAR data acquired
with the Uninhabited Aerial Vehicle SAR (UAVSAR) instrument. The identification of WLC components is
achieved through correlation of the eigenvectors of the ICA decomposition with in‐situ water level measure-
ments. The WLC‐correlated components are used to reconstruct a “filtered” time series, and the remaining
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components reconstruct a time series of tropospheric delay maps, which are compared to NEXRAD weather radar
and tropospheric delay maps generated through the Generic Atmospheric Correction Online Service for InSAR
(GACOS). Although the method is developed and demonstrated for a rapid repeat time series of airborne SAR
images, it is generally applicable to InSAR‐derived displacement time series and can be used to estimate un-
corrected atmospheric artifacts for other applications.

2. Data Sets
This study uses data acquired as part of the NASA Earth Venture‐Suborbital Delta‐X mission to evaluate the
potential of ICA to differentiate noise from water level change signals in InSAR. The Delta‐X mission studies the
processes controlling soil accretion in the Mississippi River Delta (Cortese et al., 2023), an area experiencing
rapid relative sea level rise of ≈9 –12 mm/year (Nienhuis et al., 2017). The project calibrates and validates
hydrodynamic and morphodynamic models using in‐situ and remote sensing measurements from multiples
airborne sensors (Jensen et al., 2021; Denbina et al., 2019; X. Zhang et al., 2022; Oliver‐Cabrera et al., 2022).
UAVSAR acquired SAR images during different parts of the tidal cycle to generate WLC times series using
InSAR. The WLC is compared to in‐situ water gauge data to identify which ICA components correspond to the
true signal and which to noise.

2.1. In‐Situ Water Level Data

The measurements used in the ICA process and for the validation come from a network of in‐situ water gauges
distributed across the study site (Figure 1a).

The Coastwide Reference Monitoring System (CRMS) (Coastal Protection and Restoration Authority (CPRA) of
Louisiana, 2023) is a regional‐scale ecosystem monitoring system that provides data on wetland hydrology,
ecology, soil, and geomorphology for large‐scale coastal restoration and management applications in Louisiana
(lacoast.gov/crms2/). There are 13 CRMS water level gauge stations within the atchaf_06309 flight footprint.
Because all WLC profiles at the CRMS stations in the study area are similar, showing linear trend (Figure 1b), we
used one station for correlating WLC with the ICA eigenvectors and used the remaining stations for validation.
The selection of the specific station for correlation was arbitrary.

2.2. InSAR‐Derived Water Level Change (WLC)

The L3 UAVSAR InSAR Water Level Change Product (Jones et al., 2022) from the NASA Delta‐X mission was
used for this study. A total of 24 UAVSAR flights of approximately five hour duration each were performed over
the Terrebonne and Atchafalaya basins during fall and spring of 2021. The aircraft flew at an altitude of 12.5 km,
repeating measurements every 20–40 min during the flight. The data collection campaign captured high‐frequency
wetland surface dynamics influenced by ocean tides under varying atmospheric conditions. For this study, we use

Figure 1. (a) An overview of the study area with the uninhabited aerial vehicle synthetic aperture radar (UAVSAR) scene extent. The delta on the left is the Wax Lake
Delta, the terminus of the Wax Lake Outlet. The delta on the right, partially imaged by UAVSAR, is the Atchafalaya River Delta, which is at the end of the Atchafalaya
River. The dots show the locations of the coastwide reference monitoring system (CRMS) water gauges. (b) Water level change relative to the value at 20:55 measured at
the CRMS gauges. CRMS station 4,016 was chosen for identification of the independent component showing WLC.
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one of the data sets acquired over the Atchafalaya Basin and the northwest corner of Terrebonne Basin during the
fall campaign, since the time series for this data set appears to be one of the most affected by the presence of dense
clouds and/or precipitation. The data characteristics of the sensor and products are summarized in Table 1.

The method used to generate the WLC products is presented in (Oliver‐Cabrera et al., 2022) and described briefly
here. After pre‐processing the single‐look complex (SLC) data to form interferograms using the Interferometric
SAR Scientific Computing Environment (ISCE) (https://github.com/isce‐framework/isce2) (Rosen et al., 2012),
the interferograms are unwrapped and corrected for phase unwrapping errors using the method described in
(Oliver‐Cabrera et al., 2022). The time series of surface change in the line‐of‐sight (LOS) direction is generated
applying Small BAsline Subset (SBAS) analysis with the Miami INsar Time‐series software in PYthon (MintPy)
(Yunjun et al., 2019) open‐source toolkit (https://github.com/insarlab/MintPy), then the final UAVSAR L3 WLC
time series products are generated by projecting the LOS displacements to the vertical direction assuming that all
the displacement is from water level change, that is, in the vertical direction (Jones et al., 2022; Oliver‐Cabrera
et al., 2022). The WLC is relative to the water level at the time of acquisition of the first scene in the time series.

The georeferencedUAVSARL3WLC time series acquired on 05‐Sep‐2021 from20:55 to 23:55UTCare shown in
Figure 1. Each panel displays the difference in water level relative to the first acquisition for a given time, with
negative values (blue color) indicating decreasing water level and positive values (red color) indicating increasing
water level. Visually theWLC signal should be recognizable by its shape and location, usually near awater channel
or at the land‐ocean interface. However, in the time series there are also large‐scale features of decreasing and
increasing signal that appear unrelated to WLC. Given the shapes and locations of these features, they are likely
related to changes in atmospheric delays from the wet troposphere (i.e., rain events or cumulus clouds) (Oliver‐
Cabrera et al., 2024). Themagnitude of the impact onWLC from these changes reaches 15 cm in certain areas of the
domain.

2.3. Next Generation Weather Radar (NEXRAD)

To validate the tropospheric delay maps, we used reflectivity maps acquired from the Next Generation Weather
Radar (NEXRAD) ground‐based weather radar located in New Orleans, Louisiana (Figure 3). The NEXRAD
system is a network of 160 high‐resolution S‐band Doppler weather radars. We downloaded Level‐II (L2)
reflectivity maps using the freely accessible tool NOAAWeather and Climate Toolkit (www.ncdc.noaa.gov/wct/).

3. Method
In the absence of noise and with only water level change, the interferometric phase difference between two InSAR
acquisitions should be proportional to the projection of the WLC, Z, in the LOS direction, as

Δφ = φ1 − φ2 = φWLC =
4π
λ
(R1 − R2) =

4π
λ
Z ⋅ cos θ, (1)

where R1 and R2 correspond to the one‐way sensor‐target distance on the first and second acquisitions, λ is the
radar wavelength, and θ is the incidence angle (Figure 4).

Table 1
L3 UAVSAR Data Characteristics

Platform UAVSAR

Flight number Atchaf_06309

Frequency L‐band λ = 23.8 cm

Spatial resolution 6 m (along‐flight‐line) by 6 m (slant

range, along line‐of‐sight (LOS))

Acquisition time 05‐Sep‐2021 20:55 to 05‐Sep‐2021 23:58 (8 acquisitions)

Temporal baseline 25–26 min

Site Atchafalaya Basin, Louisiana, USA
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Figure 2. Delta‐X uninhabited aerial vehicle synthetic aperture radar L3 water level change time series (Jones et al., 2022) showing change relative to the first acquisition
at 20:55.

Figure 3. Reflectivity map at time 22:10 from the New Orleans NEXRAD station showing the distance between the station and the uninhabited aerial vehicle synthetic
aperture radar footprint.
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However, the spatial and temporal atmospheric heterogeneity in the troposphere causes changes in the index of
refraction of the atmosphere, changing the effective path length through the atmosphere. For simplicity, hereafter,
the tropospheric effects will be referred as “atmospheric effects.” Accounting for this, the measured interfero-
metric phase, φin, becomes

φin =
4π
λ
Z ⋅ cos θ +

4π
λ
(Δatm), (2)

where Δatm is the relative difference in atmospheric delays of radar signals corresponding to the first and second
acquisitions. This variation is manifested by a bias ranging from a few millimeters to several centimeters
(Hanssen, 1998). There are other potential sources of bias in the signal that enter into the term Δatm, for example,
phase unwrapping errors, topography, or aircraft position. These sources are not included explicitly for three
reasons: (a) the topography varies little over the wetland study site; (b) the phase unwrapping errors are corrected
using a method specifically designed for measuring water level change in wetlands (Oliver‐Cabrera et al., 2022);
and (c) aircraft position errors are estimated and removed during UAVSAR data processing (Jones et al., 2009).
For these reasons, the main InSAR error source in the rapid repeat time series should be atmosphere. Additional
sources relevant to spaceborne instruments are ionospheric delay and orbital errors which are not considered here.

The application of ICA to a WLC time‐series consists of estimating the following generative model of the data:
Considering the N elements of the water level change time series (N = 7 in our case) acquired at times tn, each
measured value without correction, Zm, for a resolution cell located at (x, y) can be written as

Zm (x,y,tn) = Ẑ + Δ̂atm, (3)

where Ẑ represents the estimated filtered WLC using ICA, presumably close to the real WLC, and Δ̂atm is the
residual, assumed to be the relative atmospheric delay.

After vectorizing the WLC maps toN input vectors X of length P, where P is the number of pixels in each map, the
ICA assumes that each of the N vectors can be formulated as a mixture of at most N independent vectors S (score
vectors) as:

[X] = [A] × [S], (4)

where X ∈ RN,P (real matrix of dimension N × P) and A ∈ RN.M is the mixing matrix. To find S, the equation is
inverted as

Figure 4. InSAR geometry to measure water level change in wetlands.
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[S] = [W] × [X] (5)

whereW∈ RN.M is the inverse of A, andM is the number of Independent Components (IC) of S∈ RM,P to generate.
In this case M = N because we are generating the same number of IC S as input images X.

The statistical independence of the components is characterized by a measure of non‐Gaussianity that is
formulated by using a contrast function. Our initial selection for the contrast function was the kurtosis. However,
due to the small number of images in the time series and the susceptibility of the kurtosis to outliers, we opted to
use the negentropy with the hyperbolic tangent (Tanh) function. This choice was motivated by the ability of the
Tanh function to distinguish between various types of non‐Gaussian distributions, from sub‐Gaussian to super‐
Gaussian distributions (Hyvarinen, 1999). The application of ICA decomposition on the WLC time series pre-
sented in Figure 2 was achieved using a fastICA algorithm (Hyvarinen, 1999) with the hyperbolic tangent as a
contrast function.

Under the assumption that the spatio‐temporal distributions of WLC and atmospheric delay should be distin-
guishable and independent from each other, applying the ICA as a blind source separation allows their effective
dissociation. However, ICA does not determine the order of the generated components through their variances,
since the variances of all generated IC are unitary. Therefore, the components obtained need further interpretation
to determine the signal they represent. For this, we propose a decision‐making step to automatically determine
which component(s) represent the water level change signal by the integration of in‐situ measurements.

Selecting the components that represent WLC signal using in‐situ measurements is achieved through the
computation of the coefficient of correlation, R2, between in‐situ relative WLC and the eigenvectors of the mixing
matrix, W. After identifying the IC corresponding to WLC, the filtered time series of WLC is generated through
ICA inversion using only the WLC components. The remaining components are then used to generate a time
series of tropospheric delay maps.

The application of ICA as an atmospheric signal filtering technique is summarized in the flowchart shown in
Figure 5. We validate the approach by comparing the INSAR‐estimate of WLC before and after the ICA‐based
filtering with the in‐situ measurements. We use residual errors and the signal‐to‐noise ratio before and after the
filtering as performance metrics.

4. Results and Discussion
Figure 6 shows the resulting IC score images, which are the vectors S once rasterized, and the eigenvectors of the
mixing matrix W. Each IC score image shows a different spatial distribution representing independent sources,
and the eigenvector of the IC represents its temporal trend. The temporal variation of the water level should be

Figure 5. Flowchart showing the application of independent component analysis guided by in‐situ measurements for differentiating true water level change (WLC) from
atmospheric artifacts when using InSAR.
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recognizable in at least one of the eigenvectors (Figure 6) if the ICA decomposition effectively separated all
spatial distributions present in the time series.

At this stage of the process, we calculate the cross correlation between each eigenvector and the CRMS WLC in
order to identify ICs strongly associated with WLC. From the R2 correlation results shown in Figure 6, the second
component (IC2) with a correlation of 99% is selected. At this step, the threshold was set to 80% and was
determined experimentally on the basis of the maximum correlation between the IC eigenvectors and the In‐situ
Water Level Change signal after implementing the proposed workflow on the WLC time series shown in Figure 2
and from other Delta‐X flight dates (see Supplement). We note that the choice of a relatively high threshold was
also driven by the fact that there are only eight images in the time series, so the IC eigenvectors have few points. A
lower threshold could be used with more images.

After selecting the IC eigenvector(s) representing WLC signals, an inverse ICA is performed to reconstructa time
series of “filtered” WLC. Figure 7 shows the filtered WLC time series reconstructed with the selected IC
component, IC2. This series no longer has some of the large features that are present in the initial time series
(Figure 1), and shows decreasing water levels in the wetlands near where the Wax Lake Outlet and the Atch-
afalaya River flow into the Gulf of Mexico, in the southern part of the study domain. However, there remains an
increasing signal in the northeast that is present in all time series, which reaches 10 cm in the last map. This is
likely related to an atmospheric delay present in the reference image used to form all the interferograms. This
occurs when the atmospheric delay present in the reference image remains throughout the time series, the linear
component of the atmospheric delay was separated in the same component as the WLC signal, which is also
changing linearly in time.

Figure 6. Independent Component score images and eigenvectors. The chosen IC's eigenvector is plotted in red.
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As described in the flowchart in Figure 5, the remaining ICs were associated with atmospheric delay according to
Equation 3 and used to reconstruct a time series of likely atmospheric artifacts (Figure 8).

4.1. Validation

4.1.1. Water Level Change

To validate our approach, we used the 12 remaining CRMS stations' in‐situ water level measurements as ground
truth. The temporal profiles of WLC from in‐situ measurements (blue), original unfiltered WLC (red), and filtered
WLC (black) are plotted in Figure 9 for each of the 12 stations. Most of the profiles before the filtering are much
noisier than the in‐situ profiles. In contrast, the ICA filtered WLC profiles are less noisy and exhibit a stronger
correlation with the trend of the in‐situ measurements. These qualitative observations are quantitatively evaluated
with metrics Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Coefficient of Determination (R2),
and Signal‐to‐Noise Ratio (SNR) before and after ICA filtering, reported in Figure 10. These metrics are
calculated with respect to the in‐situ measurements.

The RMSE and MAE bar plots provide a quantitative measure of the errors and discrepancies between the in‐situ
measurements, the original WLC, and the filtered WLC. The RMSE is reduced for all sites, by approximately 2–
4 cm for CRMS0365, CRMS0461, CRMS0464, CRMS2568 and CRMS4938, and by 5–7 cm for the remaining
stations. The MAE, which quantifies absolute errors instead of quadratic errors, is similarly reduced. The cor-
relation coefficient, R2, for all stations is better correlated with the in‐situ WLC after filtering, with a value of 99%.
The SNR is a typical metric used to evaluate a filtering method. In our test case, the most significant improvement
is for CRMS6038 (RMSE of 5 cm), for which the SNR is improved from 2.6 to 16 dB. At other stations, the SNR
of the filtered WLC ranges from 4 to 15 dB, compared to an SNR ranging from − 3 to 9 dB before filtering.
However, for station CRMS0479 and CRMS0463 highlighted in red in Figure 10, there is improvement of the R2

Figure 7. Independent component analysis filtered WLC time series.
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after the filtering, but the SNR, RMSE, and MAE metrics are not improved. Although the original WLC at
CRMS0463 is noisy, the fact that the average is closer to the in‐situ compared to the filtered WLC results in lower
RMSE before the filtering. At CRMS0479 the original WLC is the least noisy due to the fact that this area contains
almost no atmospheric artifacts.

4.1.2. Atmospheric Delay

Reflectivity measurements from the NEXRAD weather radar λ= 10.7 cm) located in New Orleans, Louisiana, are
used for validation of the generated tropospheric delay maps. The NEXRAD reflectivity values are divided into
categories to describe different intensities of precipitation. Negative values, such as − 10 dBZ, indicate very weak
radar echoes, typically associated with light drizzle or very light rain. As the reflectivity values increase, the
precipitation intensity also increases (Binetti et al., 2022).

Although we compare the SAR tropospheric delay maps generated through ICA with NEXRAD reflectivity, we
note that there is a substantial difference in the imaging geometries of the two sensors. The airborne SAR is
imaging the ground through the clouds with a side‐looking geometry so the clouds do not project directly on the
ground below, but are offset by an amount that depends upon their height, the height of the aircraft, and the
instrument look angle. The NEXRAD is ground‐based and images only the atmosphere from a much greater
distance, with varying height range depending upon the distance from the radar. In fact, the ground‐based radar
acquires reflectivity at different altitudes, but the minimum altitude increases with increasing range from the
radar. Furthermore, the NEXRAD minimum detectable reflectivity decreases as the range increases. Therefore,
exact spatial overlap between features is not expected (Oliver‐Cabrera et al., 2024).

Figure 11 shows two of the ICA‐based tropospheric delay maps compared to two NEXRAD reflectivity maps
acquired at the same time, showing qualitative correlation between spatial features present in both maps.
Nevertheless, some feature observed in the northeast part of the domain in the ICA‐based maps are not observed

Figure 8. Tropospheric delay maps generated through the proposed approach.
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in the NEXRAD reflectivity maps. The difference in viewing geometry and target‐sensor distances between
UAVSAR and NEXRAD precludes precise correlation of all of the obtained atmospheric delay maps with the
NEXRAD weather maps, however the general correspondence of the features is apparent. The ICA‐based maps
identify wet troposphere signal in the northeast that is not seen by NEXRAD, particularly at time 22:36. It is not
known if this is because the NEXRAD radar did not detect clouds or if this is another source of noise.

Figure 11 also compares the masks to a standard InSAR atmospheric correction product, the GACOS tropospheric
delay map derived using the High Resolution European Center for Mid‐Range Weather Forecasts (ECMWF)
weather model at 0.1° spatial resolution and 6‐hr temporal resolution (Yu et al., 2017; Yu, Li, & Penna, 2018; Yu,
Li, Penna, & Crippa, 2018). Corrections based on this product would not reduce the atmospheric noise signal in
regions where clouds are detected by NEXRAD.

We can estimate the integrated water vapor content (IWV) at the location of the maximum atmospheric delay
based on the relationship

IWV =
λ
4π

⋅ϕatm ⋅ cos(θinc) ⋅ Π (6)

where IWV is in mm and Π is a function of the mean atmospheric temperature (Alshawaf et al., 2015; Bevis
et al., 1994). Given the estimated atmospheric delay of − 10 cm, incident angle at the specified location of θ= 40°,
and considering that the atmosphere temperature at the cloud's altitude is ≈277–283 K based upon a surface air
temperature of ≈306.76 K, we estimate IWV ranging from 9.2 to 9.5 mm. This estimate closely aligns with the
maximum precipitation recorded on the date of the UAVSAR time series for this location, based on data obtained
from the NOAA Weather and Climate Toolkit.

Figure 9. In‐Situ WLC compared to original and ICA‐filtered WLC.
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5. Conclusions
This work presents an alternative solution to the conventional atmospheric correction methods that can remove
wet tropospheric noise in InSAR surface displacement time series. InSAR is a valuable tool for measuring WLC
within coastal wetlands and can be used to study the hydrodynamics in these complex areas. However, the wet
component of the troposphere introduces significant biases in the InSAR measurements that impact the accuracy
of the derived WLC. Accuracy of a few centimeters is needed for Delta‐X hydrodynamic model calibration.
Within the scope of NASA's Delta‐X project, UAVSAR acquisitions were used to generate time series of water
level change over coastal wetlands in Louisiana to support hydrodynamic model development. Nevertheless,
some of the Delta‐X InSAR‐derived WLC time series showed artifacts, likely due to atmospheric delays, of as
much as − 15 cm and in some cases exceeding the scale of real WLC expected for the area. Using conventional
methods exploiting weather models or GPS to correct these delays is not effective given their coarse spatial and
temporal resolution or the unavailability of the data.

In this work, we used an empirical approach that allows blind source separation based on ICA. Using ICA, we
were able to separate the signals within the original UAVSAR WLC time series into a filtered WLC time series
and likely atmospheric delays. To automatically identify the signals representing WLC, in‐situ measurements
from water level gauges were correlated with the eigenvectors of the ICA to determine the ICs representing real
WLC. This process allowed us to generate a filtered time series of WLC and a time series of atmospheric features
from the uncorrelated components.

Figure 10. Comparison of root mean square error, mean absolute error, R2, and SNR before and after independent component analysis filtering for each coastwide
reference monitoring system station. Stations labeled in red in specific plots show instances where the values did not improve after filtering.
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The results of the method were validated using in‐situ measurements and reflectivity maps from ground‐based
NEXRAD weather radar. The comparative analysis showed qualitative and quantitative improvement of WLC
measurements with a reduction of the average RMSE from 10 to 4 cm. Additionally, improved SNR and R2

support the effectiveness of the approach. Comparison of reflectivity maps from weather radar to the ICA‐based
tropospheric delay maps showed reasonable agreement between large‐scale and large‐value apparent artifacts in
the original WLC time series despite differences between the two sensors acquisition modes, sensor parameters,
and imaging geometries.

This study assessed the performance of the ICA and in‐situ measurements to automatically identify and correct
wet troposphere noise and delay in InSAR‐derived products. While we demonstrated the performance of the ICA‐
based atmospheric detection and correction approach for retrieval of WLC, it could be used to improve land
surface displacement measurements using GNSS to identify the IC representing true ground movement. Our
method is directly relevant to upcoming L‐band spaceborne missions, such as NISAR, to improve InSAR ground
displacement products and could also be used to study the atmosphere as the signal of interest.

Data Availability Statement
All data used for this study are available for public use.

Figure 11. Reflectivity maps from the NEXRAD ground‐based weather radar (left) compared to the ICA‐derived tropospheric delay maps (center) and tropospheric
delay maps generated from the GACOS weather model (right). Red arrows indicate the look direction of the NEXRAD and uninhabited aerial vehicle synthetic aperture
radar (see text). The comparison is shown for two times separated by 26 min. The weather model is unable to capture change on this timescale.
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• The UAVSAR L3 Water Level Change products are available on the ORNL DACC at https://doi.org/10.3334/
ORNLDAAC/2058 (Jones et al., 2022).

• The CRMS data on water level Change in Louisiana can be found at, http://lacoast.gov/crms2/home.aspx.
• The NEXRAD Reflectivity map were generated using NOAA Weather and Climate toolkit which can be

found at, https://www.ncdc.noaa.gov/wct/.
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