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Abstract

This study addresses the stratified and turbulent tropospheric delays that impede inter-
ferometric synthetic aperture radar (InSAR) deformation monitoring in alpine canyon
regions. We introduce a tropospheric delay model that incorporates time-varying Gaussian
coefficients and coupled zenith wet delay (ZWD) by combining diverse multi-source data.
This model was incorporated into StaMPS for InSAR processing. Evaluation results demon-
strated that (1) the model accurately captured seasonal and diurnal tropospheric variations,
achieving a root mean squared error (RMSE) of 2.01 cm relative to the GNSS reference
data; (2) the model corrected stratified and turbulent delays and reduced interferometric
phase standard deviation (STD) by 9.28% compared to the Generic Atmospheric Correction
Online Service (GACOS); and (3) the deformation accuracy improved by 19.07% over
GACOS. Discussion results indicate that accounting for time-varying Gaussian coefficients
is essential and that coupling ZWD to rectify turbulent delays outperformed the filtering
method. The observed negative interferogram corrections result from the random intensity
of turbulent delays. These findings confirm the effectiveness of the proposed model for
high-precision InSAR deformation monitoring in complex alpine terrains. The proposed
model aims to enhance studies of tropospheric delay variations in alpine canyon regions
and to mitigate such delays in InSAR-based geological hazard monitoring.

Keywords: distributed scatterer InSAR (DS-InSAR); tropospheric delay; alpine canyon;
time-varying Gaussian coefficients; coupled ZWD; multi-source data

1. Introduction
Northwest Yunnan Province, China, possesses a complex geological structure with

numerous active faults and a humid climate marked by heavy rainfall, resulting in fractured
and unstable rock strata. Consequently, the area is highly susceptible to landslides, posing
severe threats to population and property safety and presenting significant challenges for
disaster prevention and control.

Although national initiatives have prioritized geological disaster prevention, the
unique geology and climate of the region have rendered most events beyond existing early-

Atmosphere 2026, 17, 622 https://doi.org/10.3390/atmos17060622

https://crossmark.crossref.org/dialog?doi=10.3390/atmos17060622&domain=pdf&date_stamp=2026-06-22
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/atmosphere
https://www.mdpi.com
https://orcid.org/0009-0005-9810-3538
https://doi.org/10.3390/atmos17060622


Atmosphere 2026, 17, 622 2 of 25

warning systems, as evidenced by the Fugong landslide on 18 March 2025. Accurately
detecting the timing and location of geological disasters remains critically urgent.

Surface deformation monitoring is a fundamental method for identifying geological
hazards, with conventional techniques including GNSS, leveling measurements, LiDAR,
and hydrogeological analysis [1]. However, these methods are limited in achieving large-
scale, high spatiotemporal resolution deformation monitoring due to high resource de-
mands and restricted sampling density. In contrast, interferometric synthetic aperture radar
(InSAR) offers all-weather, global coverage with high spatial resolution, whereas traditional
geodetic techniques provide only sparse observations. InSAR has become indispensable
for examining precursory deformation characteristics associated with hazards, including
landslides, earthquakes, volcanic activity, and ground subsidence [2–4].

Differential InSAR (D-InSAR) determines surface deformation by subtracting the
terrain phase from the observation phase. Researchers have utilized D-InSAR to monitor
surface deformations related to earthquakes, volcanic movements, glacier dynamics, plate
tectonics, mining activities, and groundwater extraction [5–8]. To address spatiotemporal
incoherent noise and atmospheric delays, time series InSAR (TS-InSAR) techniques evolved
from D-InSAR [9–11]. Two prominent TS-InSAR methods are permanent scatterers (PS) and
the small baseline subset (SBAS) [12,13]. Hooper et al. developed the Stanford method for
PS (StaMPS), which eliminates spatially correlated phase noise to identify stable scatterers,
thereby increasing PS densities [14]. Subsequently, Ferretti et al. introduced distributed
scatterers InSAR (DS-InSAR), which combines PS and distributed scatterers approaches
to increase the measurement point (MP) density in vegetated, mountainous regions like
Northwest Yunnan [15].

Despite advancements, InSAR measurements continue to be influenced by terrain,
orbital, and decorrelation errors, with atmospheric error being the predominant factor [16].
Atmospheric effects originate in both the ionosphere and troposphere. While ionospheric
effects significantly impact P-band and L-band SAR data, their influence on C-band Sentinel-
1A SAR data is negligible [17–19]. Zenith tropospheric delay (ZTD), the delay along the
zenith, comprises zenith hydrostatic delay (ZHD) and zenith wet delay (ZWD). ZHD results
from air pressure and temperature, whereas ZWD arises from water vapor. ZTD can also
be decomposed into stratified and turbulent delay based on the physical mechanism of
its generation. InSAR measurements are affected by both stratified and turbulent delays.
Stratified delay, related to the electromagnetic wave propagation path, corresponds to
ZTD and significantly impacts deformation results over undulating terrain due to the
dependence of InSAR measurements on spatial geometry. Stratified delay often exhibits
seasonal variations [20–22], with phase differences induced by stratified delay potentially
exceeding 10 mm for height variations of 500 m [23]. Turbulent delay, primarily caused
by lateral variations or irregular motions in the troposphere, occurs both over flat and
mountainous terrain. It is typically visible more on flat areas where the stratified delay
component is not dominant [24]. Northwest Yunnan, characterized by severe terrain
undulations and a complex climate, is an alpine canyon region where InSAR measurements
are simultaneously influenced by seasonal stratified delay from terrain undulations and by
turbulent delay due to water vapor fluctuations [25]. These combined effects can lead to
erroneous inversions or the masking of genuine deformation [26]. Seasonal variations in
tropospheric delay, averaging 10 cm, can induce deformation errors of up to 23.8 cm [27].
Therefore, the precise correction of both stratified and turbulent delays is imminent.

Correction methodologies are categorized into three types: statistical, empirical, and
predictive. The statistical approach (e.g., filtering and stacking) is limited, as it presumes
atmospheric effects vary randomly over time [28]. Empirical techniques (e.g., linear and
power-law models) mitigate stratified delay by modeling the relationship between InSAR
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phase and terrain. However, their performance declines when turbulent delays dominate
or when deformation signals correlate with terrain [29,30]. The power-law method, which
accounts for atmospheric spatial variability, is applicable to interferograms exhibiting
terrain-related deformations [31]. While statistical and empirical methods rely on inter-
ferogram phase data, predictive approaches utilize external atmospheric information to
estimate and correct tropospheric delay [32,33]. Nonetheless, predictive methods face
challenges related to the spatiotemporal resolution and accuracy of external data models.
The Generic Atmospheric Correction Online Service (GACOS) exemplifies a predictive
method. GACOS computes atmospheric delay with a spatial resolution of 0.125◦ and a tem-
poral resolution of six hours, utilizing high-resolution European Centre for Medium-Range
Weather Forecasts (HRES-ECMWF) data [34]. The resulting zenith delays are projected
onto the line-of-sight (LOS) and spatially densified to 90 m, matching the interferogram
pixel spacing via an iterative tropospheric-decomposition spatial interpolator [35]. GACOS
distinguishes between stratified and turbulent delays, both of which are examined in detail
in this study.

The analysis explores the statistical properties and spatial variability of each compo-
nent across diverse terrains, highlighting their implications for InSAR time-series analysis.
For turbulent delay, GACOS employs an inverse distance weight (IDW) interpolator, while
stratified delay follows an exponential distribution [36]. This decomposition allows for
customized correction strategies tailored to each component. Challenges include errors
inherent in the HRES-ECMWF dataset, its relatively coarse spatial resolution, and temporal
discrepancies between meteorological fields and SAR acquisitions, which can introduce
artifacts into deformation estimates. Yu et al. proposed a workflow that uses GACOS
to correct long-wavelength tropospheric delay and satisfy InSAR time-series analysis as-
sumptions, subsequently applying spatiotemporal filters to eliminate short-wavelength
residuals [37]. Zhang et al. integrated GACOS with principal component analysis (PCA)
to rectify tropospheric delay within an SBAS-InSAR framework, using PCA to process
residual delays after GACOS [38].

Separating the corrections for stratified and turbulent delays remains the mainstream
approach, employing distinct strategies based on the characteristics of each component
to minimize the overall tropospheric impact. A method utilizing quadtrees to adaptively
control tropospheric spatial variability was proposed. This approach incorporates tropo-
spheric delay, deformation, and terrain error into a unified model, subsequently isolating
terrain-related tropospheric delay [39]. Murray et al. found that integrating a linear model
with weather model products can capture subtle signals [40]. The calculation of ZTD using
ERA5 data has garnered significant attention [41,42]. Guo et al. developed a periodic ZTD
negative exponential function (PZTD-NEF) model, accounting for atmospheric spatiotem-
poral variations derived from the fifth-generation ECMWF atmospheric reanalysis (ERA5).
This model reduced seasonal oscillations of stratified delay and enhanced deformation
time series accuracy by 40.04% [43]. However, the nonlinear temporal characteristics of
tropospheric delay may surpass anticipated seasonal oscillations. To address this, Guo et al.
introduced the Prophet-ZTD-NEF model [44]. Additionally, researchers have explored
turbulent delay correction. One team integrated a spatial stochastic troposphere model
with a weighted strategy to correct turbulent delay [45,46].

Current correction methods concentrate solely on stratified or turbulent delay, leading
to residual tropospheric errors. Comprehensive approaches that tackle both delays have
yet to develop detailed models based exclusively on their distinct characteristics, thereby
hindering accurate estimation. Developing a high-precision tropospheric delay model
within the complex environment of Northwest Yunnan presents an urgent challenge.
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Northwest Yunnan plays a crucial role in geological disaster prevention and control,
necessitating the use of InSAR technology for deformation monitoring. Stratified and
turbulent delays coexist in Northwest Yunnan, attributed to its undulating terrain and
three-dimensional climate. Effective InSAR application in alpine canyon regions requires
addressing two key issues: correcting terrain-induced seasonal stratified delays and com-
pensating for turbulent delays caused by water vapor variations. The primary challenge
in addressing the first issue lies in mitigating the seasonal oscillations of stratified delays,
while the second issue requires accurately characterizing the variation in turbulent delays.
In this study, we propose an InSAR tropospheric delay model that incorporates time-
varying Gaussian coefficients and coupled ZWD, integrating it into StaMPS for processing.
The model seeks to simultaneously mitigate stratified and turbulent delays in alpine canyon
regions, thereby producing high-precision deformation results. The proposed model is
expected to offer valuable guidance for geological hazard monitoring and early warning, as
well as serve as a foundation for compiling and updating the geological hazard inventory
in Northwest Yunnan.

The remainder of this article is organized as follows: Section 2 presents the materials
and methods, while Section 3 evaluates the effectiveness of the proposed model in mitigat-
ing interferogram tropospheric delay and assessing deformation accuracy. We discuss the
necessity of considering the time-varying Gaussian coefficients and the influence factors
of coupling ZWD to correct the turbulent delay in Section 4. Lastly, the conclusions of the
study are summarized in Section 5.

2. Materials and Methods
2.1. Study Area

The research focuses on an alpine canyon in Northwest Yunnan Province, China, where
active atmospheric conditions notably impact InSAR measurements due to tropospheric
delay. Figure 1a,c illustrate the study area’s latitude range of 26◦ N–27.5◦ N and its
undulating terrain, with elevations spanning from 1015 m to 5397 m. Figure 1b,d show the
seasonal variability of precipitable water vapor (PWV), ranging from approximately 5 mm
in winter to 30 mm in summer, highlighting significant seasonal fluctuations driven by
the region’s complex topography. The pronounced contrast between winter and summer
PWV emphasizes the role of seasonal atmospheric dynamics. As previously mentioned,
InSAR is vulnerable to stratified delays caused by topographic variations and turbulent
delays resulting from PWV fluctuations. Accurately estimating both stratified and turbulent
delays in alpine canyon regions presents considerable challenges, justifying its selection for
this investigation.

Figure 1e displays ERA5 grid points (blue), GNSS stations providing ZTD measure-
ments (red), and Sentinel-1A coverage (black box). These data sources offer complementary
insights, with ERA5 providing gridded reanalysis and GNSS stations delivering in situ ZTD
observations. This study utilizes ERA5 and GNSS ZTD data to examine the spatiotemporal
characteristics of ZTD and to develop a robust ZTD model. The interferograms derived
from SAR data aid in determining the surface deformation velocities and time series.
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Figure 1. (a) Image of the study area. (b) PWV time series. (c) DEM. (d) PWV distribution. (e) Data
distribution.

2.2. Data

ERA5 atmospheric reanalysis data, with a horizontal resolution of 0.25◦ × 0.25◦ and
hourly temporal resolution, represent the latest ERA series products. ERA5 provides
both surface variables—including temperature, pressure, dew-point temperature, and
precipitable water vapor (PWV)—and data across 37 standard pressure levels, comprising
temperature, pressure, specific humidity, and geopotential. Due to its global coverage
and accessibility, ERA5 has become a crucial resource for atmospheric research. Zhang
et al. evaluated ERA5 for InSAR tropospheric delay correction across various seasons,
climate zones, and terrains, demonstrating that ERA5 fulfills InSAR delay-correction re-
quirements [47]. ERA5 was used as the data resource for modeling in this study.

GNSS offers automated, all-weather, high-precision navigation and positioning, time–
frequency signals, surface deformation, and tropospheric parameters. GNSS ZTD and
surface displacement derived via GAMIT software (Version 10.5) often serve as reference
data given their accuracy [48,49]. Six GNSS stations (Figure 1e) provided ZTD, while the
stations used for surface displacement are indicated subsequently. GNSS was used as the
data resource for modeling and verifying the model in this study.

In this study, 75 C-band Sentinel-1A SAR images from 22 March 2019 to 20 Octo-
ber 2022 were preprocessed to generate interferograms with GAMMA software (Version
20160701). Sentinel-1A has a pixel spacing of 2.3 m in range and 13.9 m in azimuth. Sentinel-
1A data, due to rapid acquisition, have been widely utilized in detecting and analyzing
land deformation, landslides, earthquakes, volcanic activity, and other geohazards using
TS-InSAR technology [50–52].

2.3. Methods

The fundamental observation—interferograms—represents the phase difference be-
tween two acquisitions. The interferometric phase is expressed as follows:

∅ = ∅de f + ∅stra + ∅turb + ∅dem + ∅orb + ∅noi (1)

https://doi.org/10.3390/atmos17060622

https://doi.org/10.3390/atmos17060622


Atmosphere 2026, 17, 622 6 of 25

where ∅de f denotes the deformation phase along the LOS, ∅stra and ∅turb represent the
stratified and turbulent atmospheric delay phases, ∅dem arises from topographic errors,
∅orb from orbital inaccuracies, and ∅noi from pixel scattering variability. A 30 m resolution
Shuttle Radar Topography Mission Digital Elevation Model (SRTM DEM) corrected topo-
graphic errors, while precise orbit files addressed orbital inaccuracies. A filtering algorithm
reduced noise. This study focuses on correcting stratified and turbulent delays in InSAR
measurement.

InSAR-derived displacements are relative between measurement points (MPs) and
the chosen unwrapping reference point due to spatial relativity. Stratified delay in InSAR
measurement is caused by the height difference between the MPs and the reference point.
It is typically more visible in alpine canyon regions.

ERA5 atmospheric reanalysis data were employed to calculate the ZTD using the
following integral method:

ZTD = 10−6
∫ htop

hsurf

NdH (2)

N =
k1(P − e)

T
+

k2e
T

+
k3e
T2 (3)

e =
Sh·P
0.622

(4)

where hsurf and htop represent the Earth’s surface height and troposphere top height, N
denotes the total refractivity, H denotes the height, k1, k2, and k3 indicate the refractive
constants, P denotes pressure, e represents the water vapor pressure, T indicates the
temperature, and Sh denotes the specific humidity.

The Saastamoinen model estimated the ZHD at the tropopause, which was used to
correct the integrated ZTD [53]. The formula is expressed as follows:

ZHDtop =
0.0022767·Ptop

1 − 0.002667·cos(2φ)− 0.00000028·htop
(5)

where ZHDtop represents the ZHD at the troposphere top, Ptop denotes the pressure at the
troposphere top, and φ indicates the latitude.

Figure 2a displays vertical ZTD variations as blue points, indicating an increase in
ZTD with decreasing altitude. Accurately determining ZTD at the target point necessitates
adjusting for altitude differences between surrounding points and the target, a process
that can introduce substantial errors. In our previous research [54], the Gaussian function
demonstrated superior performance in modeling these vertical ZTD variations. Consis-
tently, this study adopts the same methodology. The red curve in Figure 2a represents the
Gaussian fit.

Figure 2b illustrates the interpolation process for the target ZTD point using four
adjacent grid points. After vertical correction, the results closely aligned with GNSS
observations, whereas uncorrected biases exceeded 10 cm (Figure 2c,d). Therefore, vertical
correction for ZTD is imperative. The formula for vertical correction is given by Equation (6)
as follows:

ZTDt = ZTDs·e[
(Hs−b)2−(Ht−b)2

c2 ] (6)

where Hs and Ht represent the starting and target heights, ZTDs and ZTDt denote the
ZTD at Hs and Ht, and b and c represent the Gaussian coefficients, respectively.
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Figure 2. (a) Vertical variation and fitting line of ZTD. (b) Interpolation process. (c) Interpolation
results without vertical correction and after vertical correction. (d) Bias of interpolation without
vertical correction and after vertical correction. Note that the black points in (b) represent the position
before vertical correction, the blue points represent the position after vertical correction, and the red
star represents the target point.

These findings underscore the critical importance of elevation-dependent corrections
in ensuring ZTD consistency with GNSS data. Furthermore, the amplitude of differential
ZTD (dZTD) varies with the differential height (dH) between two points. Four GNSS
stations with elevations of 1204 m, 1446 m, 1930 m, and 2446 m were selected to visual-
ize the variations, and the first station was used as the reference point. As depicted in
the first column of Figure 3, amplitudes of 1.18, 2.03, and 3.09 cm correspond to dH of
242, 726, and 1242 m, respectively. Consequently, larger height disparities between the
unwrapping point and MPs result in more pronounced seasonal effects. This behavior
highlights the significance of height differentials in seasonal ZTD modeling. In our previous
study [54], we developed a ZTD model incorporating annual, semiannual, diurnal, and
semidiurnal periods. The current study employs the same approach to construct the ZTD
model. Additionally, the Gaussian coefficients b and c in Equation (6) were time-variant
rather than constant. The second column of Figure 3 presents their time series and corre-
sponding Fourier transforms, which reveal annual and semiannual variations. To mitigate
seasonal impacts, we developed a time-varying Gaussian coefficient model as described in
Equation (7) as follows:

co f = α0 + α1cos
(

2π
doy

365.25

)
+ α2sin

(
2π

doy
365.25

)
+ α3cos

(
4π

doy
365.25

)
+α4sin

(
4π

doy
365.25

) (7)

where co f denotes the Gaussian coefficient b or c, α0 indicates the mean value of Gaussian
coefficients, α1–α4 represent the period amplitude coefficients, and doy indicates the day of
the year.
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Figure 3. The first column is the time series of ZTD with different height differences. The second
column is the time series of Gaussian coefficients b and c and their Fourier transform. Note that the
red line represents the fitting line.

This model explicitly accounts for temporal variability in Gaussian coefficients. The
following section discusses the necessity of incorporating time-varying effects of Gaussian
coefficients in ZTD estimation. In our previous study, the ZTD model was constructed using
standalone ERA5 reanalysis data on a coarse grid with a spatial resolution of 0.25◦ × 0.25◦

(longitude × latitude). To improve this framework, both ERA5 and GNSS data are inte-
grated to resolve the ZTD and Gaussian coefficients at a spatial resolution of 30 m, followed
by the IDW interpolator to estimate the ZTD at the MPs.

The stratified delay can be corrected using the above procedure. For example, the
12-day time-baseline interferogram illustrates the correction of tropospheric delay. After
correcting for terrain and other errors, the interferogram phase contained only stratified
and turbulent delays, free from deformation due to the short baseline. Figure 4a,b show
the original interferogram stratified-delay subtraction from the original interferogram,
respectively. The phase standard deviation (STD) decreased from 2.31 rad (a) to 1.39 rad (b);
however, random noise remained, indicating the influence of turbulent delay. STD serves as
a criterion for tropospheric delay mitigation and will be examined subsequently. Although
stratified delay constitutes the majority of tropospheric delay in alpine canyon regions,
turbulent delay caused by complex climate and abundant water vapor cannot be neglected.
This study investigated the relationship between turbulent delay and ZWD because turbu-
lent delay primarily depends on atmospheric wet components. We masked deformation
points to prevent the influence of long-baseline deformation phases before analyzing the
turbulent delay–ZWD relationship. LOS deformation velocities exceeding 2 mm/yr are
considered unstable for C-band Sentinel-1A data [20]. Figure 4c shows the masking of
points with initial LOS deformation velocities exceeding 2 mm/yr. Figure 4d shows the
correlation coefficient (CC) between turbulent delay and ZWD for 65 interferograms span-
ning different seasons. The relationship between the correction performance of turbulent
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delay and CC for these interferograms has been discussed in Section 4. Figure 4e presents
the linear relationship between turbulent delay and ZWD after masking, as follows:

Dturb = k·ZWD + c0 (8)

where Dturb denotes the turbulent delay, k indicates the slope, ZWD represents the zenith
wet delay, and c0 denotes a constant.

c

Figure 4. An example of correcting the stratified and turbulent delays for an original interferogram.
(a) Original interferogram. (b) After correcting the stratified delay. (c) The mask results. (d) CC of
65 interferograms. (e) The relationship between turbulent delay and ZWD. Note that the red line is
the fitting result (f) After correcting the turbulent delay.

Notably, ERA5 provides both ZTD and ZWD parameters. The wet refractivity formula
is given by the following equation:

Nw = k′2
e
T
+ k3

e
T2 (9)

where k′2 represents the refractive constant. Substituting Nw into (2) yields ERA5 ZWD. The
ZWD at MPs is obtained using the same method as ZTD. It is then converted to turbulent
delay at MPs using (8). Note that GNSS ZWD is obtained by subtracting ZHD from ZTD,
and ZHD is calculated using (5). The total tropospheric delay was obtained by summing
the stratified and turbulent delays. Figure 4f displays the interferogram after correcting for
turbulent delay; the STD decreased to 1.24 rad, indicating a reduction in random noise.

This method was integrated into the StaMPS framework to ensure accurate InSAR
deformation retrieval by correcting for stratified and turbulent delays. This study employed
DS–InSAR due to its ability to utilize distributed scatterers and its advantages over PS–
InSAR and SBAS–InSAR in mountainous regions. Figure 5 outlines the workflow of the
proposed tropospheric delay correction model for InSAR. GAMMA software preprocessed
the N SAR images. We first identified MPs based on the amplitude dispersion index. Since
DS can be affected by decorrelation noise, it is necessary to optimize the phase of DS.
Subsequently, we used a temporal phase optimization algorithm based on the principle
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of phase triangulation (PT) to process N(N − 1)/2 interferometric stacks sequentially to
generate the optimized phase. The optimized phase facilitated the determination of initial
deformation velocity through 3D phase unwrapping with the coherence threshold set to
0.5. Tropospheric processing is the core component of the workflow for tropospheric delay
correction. Layered ZTD, representing ZTD profiles at various altitudes, was obtained by
integrating meteorological parameters from ERA5. The layered ZTD was modeled using a
Gaussian function, yielding coefficients b and c. Subsequently, a time-varying Gaussian
coefficient model was developed. Surface ZTD, defined at the Earth’s surface, was extracted
from the layered ZTD. ZTD values at DEM points with a 30 m resolution were interpolated
using the IDW method by incorporating GNSS data and surface ZTD, which were vertically
corrected using the Gaussian coefficient model, and then ZTD values at MPs were obtained.
After correcting the original interferograms for stratified delay, the turbulent delay was
determined. ZWD acquisition employed the same method as for ZTD. Points with initial
deformation velocities exceeding 2 mm/yr were masked. A linear relationship between
turbulent delay and ZWD was established at the remaining points, enabling the estimation
of turbulent delay at all MPs. The 3D phase unwrapping algorithm was reapplied to derive
deformation velocities and time series after correcting for the stratified and turbulent delays
in the interferograms.

Figure 5. Workflow of the proposed method. Note that the gray box represents input data and the
orange box represents output data.

3. Results
The performance of the proposed model is evaluated in terms of the accuracy of

the model-derived ZTD at GNSS stations, the effectiveness of the correction of the tropo-
spheric delay within individual interferograms, the accuracy of the estimated deformation
velocities, and the accuracy of the retrieved time-series deformation.

3.1. Evaluation of the Tropospheric Delay Model Estimation Performance

Assessing the performance of the model in estimating tropospheric delay prior to In-
SAR application was essential. Model accuracy for hourly tropospheric delay was validated
against GNSS ZTD data from 2019 to 2022. The Leave-One-Out Cross Validation (LOOCV)
was adopted to evaluate model accuracy. Specifically, when validating the model accuracy
at any given GNSS station, the data from the remaining five GNSS stations were utilized
for the modeling process. In Figure 6a,b, ZTD varied by approximately 15 cm annually
and 1 cm daily, reflecting seasonal and diurnal variations. Seasonal fluctuations surpassed
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diurnal variations; nonetheless, the 1 cm diurnal change warrants attention. The proposed
model simultaneously captured seasonal and diurnal ZTD variations, demonstrating supe-
rior performance in seasonal trends. It replicated the daily ZTD pattern but did not achieve
optimal fitting, likely due to limitations of the trigonometric functions used. Figure 6c
shows the correlation between the model and GNSS ZTD with R2 = 0.88. Figure 6d depicts
the bias distribution, where bias values further from zero occur less frequently. The model
exhibited an RMSE of 2.01 cm and a mean bias of −0.51 cm. RMSE values at the other five
GNSS stations were 2.29, 2.70, 1.93, 2.03, and 2.40 cm, resulting in an average RMSE of
2.23 cm. This assessment confirmed the capability of the model to estimate ZTD with high
precision. The model applied for ZTD correction of InSAR interferograms was developed
using data from all six GNSS stations.

Figure 6. Accuracy estimation for the proposed model using GNSS ZTD. (a) Seasonal variation of ZTD.
(b) Relationship between model ZTD and GNSS ZTD. (c) Diurnal variation of ZTD. (d) Frequency of
bias. Note that red markers in (a) and lines in (b) represent ZTD at the same GNSS station, while blue
lines indicate model ZTD.

3.2. Overall Evaluation of Correcting Tropospheric Delay for Interferograms

Prior to tropospheric delay correction, quality control of 75 Sentinel-1A SAR inter-
ferograms was implemented to reduce meteorological artifacts. Xiao et al. employed
cross-validation to exclude “bad” interferograms, retaining only the “good” cases [55].

The ZTD at 49 ERA5 grid points (Figure 1e) was utilized for internal quality evaluation.
The proposed model estimated ZTD at each grid point for 75 SAR images and calculated the
RMSE relative to the original values. SAR images with an RMSE exceeding twice the STD
were deemed unsuitable for tropospheric delay correction and discarded. Results showed
that 66 images (88%) were accepted, while nine images (12%) were rejected. Consequently,
the remaining 66 SAR images were retained as the data source for subsequent research
(Figure 7).
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Figure 7. Quality evaluation and filter for SAR images based on tropospheric delay.

These 66 SAR images were processed using DS-InSAR to obtain 2145 differential
interferograms. Currently, GACOS is the mainstream method for InSAR tropospheric delay
correction, serving as a performance benchmark. The STD produced by the proposed
model was compared with that of GACOS to assess tropospheric delay reduction. Com-
parisons included stratified delay-only correction (“only Dstra”) and turbulent delay-only
correction (“only Dturb”) to clarify the contribution of each submodel to overall delay
mitigation. Table 1 presents the STDs of the original interferograms (2.32 rad), GACOS
(1.94 rad), and the proposed model (1.76 rad). GACOS and the proposed model reduced
the STD by 16.38% and 24.14%, respectively, compared to the original interferograms,
demonstrating the proposed model’s superior performance over GACOS in interferogram
tropospheric delay correction. This assessment highlights the relative impact of the strati-
fied and turbulent delay submodels on overall phase correction accuracy. The integration
of both components makes the proposed model more robust. These findings support the
model’s applicability to diverse InSAR datasets. The STDs for the stratified-delay-only
correction and the turbulent-delay-only correction were 1.91 rad and 2.28 rad, respectively,
representing reductions of 17.67% and 1.72% compared to the original interferograms. The
performance of the stratified-delay-only correction was on par with GACOS. Notably, the
STD for the turbulent-delay-only correction was slightly lower than that of the original
interferograms, indicating that stratified delays predominantly influenced the original
signals. The number of improved interferograms for GACOS, the stratified-delay-only cor-
rection, the turbulent-delay-only correction, and the proposed model was 1578, 1519, 1153,
and 1790, corresponding to 73.57%, 70.82%, 53.75%, and 83.45% of the dataset, respectively.
The proposed model achieved an improvement rate exceeding 80%. However, without
correcting the turbulent delay, the improvement rate decreased to 70.82%. Consequently,
the turbulent delay cannot be ignored. By addressing both stratified and turbulent delays,
the proposed model outperformed the other approaches.

Table 1. Comparison of tropospheric delay correction methods based on 2145 interferograms.

Methods STD/rad Imp.Ifgs Percentage

Original 2.32 \ \
GACOS 1.94 ↓ 16.38% 1578 73.57%

Only Dstra 1.91 ↓ 17.67% 1519 70.82%
Only Dturb 2.28 ↓ 1.72% 1153 53.75%

Proposed model 1.76 ↓ 24.14% 1790 83.45%
↓ represents the percentage reduction compared to the original interferogram.
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Figure 8a illustrates the STD variations before and after the tropospheric delay correc-
tion for all interferograms using the proposed model. Most interferograms exhibited STD
reductions from approximately 3 rad to around 2 rad, while some original interferograms
reached up to 4 rad, highlighting the substantial influence of tropospheric delays. Figure 8b
shows the percentage of STD reduction, with positive and negative values indicating the
respective correction directions. The reduction percentages were divided into six intervals:
<−20%, −20% to 0%, 0% to 20%, 20% to 40%, 40% to 60%, and >60%. Interferograms within
these intervals accounted for 1.3%, 15.3%, 38.7%, 27.1%, 16.7%, and 0.9% of the dataset,
respectively. The 0–20% and 20–40% ranges represented 38.7% and 27.1%, collectively
comprising over half of all cases. Yu et al. proposed the correlation between the phases
and the estimated atmospheric delays as an indicator for the applicability of GACOS [34].
Figure 8c demonstrated the correlation coefficient (CC) between the original phase and
differential ZTD (dZTD). Note that dZTD represents the result of the ZTD difference be-
tween the two SAR images. After removing terrain and other biases, tropospheric delay
became the primary source of interferogram error; thus, a higher original phase-dZTD
correlation suggests that dZTDs calculated by the proposed model could better describe
the tropospheric delay features in the interferograms. However, there were cases contrary
to this trend, such as data points located in two light gray areas.

Figure 8. Evaluation of tropospheric delay correction for the proposed model based on 2145 interfero-
grams. (a) The STD variations before and after the tropospheric delay correction for all interferograms
using the proposed model. (b) The percentage of STD reduction. (c) The CC between the original
phase and dZTD. Note that the blue columns in (a) represent the STD of the original interferograms;
the red columns in (a) represent the STD after the tropospheric delay correction by the proposed
model; and the red line in (c) represents the fitting results.

3.3. Evaluation of Correcting Tropospheric Delay for a Single Interferogram

We evaluated various tropospheric correction methods for interferograms using three
indicators, such as CC between original phase and dZTD, slope of the linear regression
curve between height and corrected phase, and STD. The meaning of CC between the
original phase and dZTD has been given above. The indicator of the slope of the linear
regression curve between height and corrected phase could reflect the effect of stratified
delay correction. STD is an overall indicator. Figures 9 and 10 display interferograms
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dominated by stratified and turbulent delays, respectively. Tropospheric delays estimated
using GACOS and the proposed model were similar, as shown in the first row of Figure 9. In
contrast, the turbulent-only correction method produced significantly different tropospheric
delays, since turbulent delay is a minor component. The second and fifth rows of Figure 9
illustrate that the STD decreased as the CC between the original phase and dZTD increased,
indicating that a higher CC between the original phase and dZTD could better describe the
tropospheric delay features in the interferograms. In the third row of Figure 9, corrected
interferograms generated by GACOS, the stratified-only method, and the proposed model
displayed comparable patterns; however, GACOS results exhibited distinct anomalies in the
lower-left corner, likely due to the region’s abrupt undulating terrain. The turbulent-only
method yielded interferograms similar to the original, confirming its inability to correct the
dominant stratified delay. The fourth and fifth rows of Figure 9 show that a lower slope
of the linear regression curve corresponds to a lower STD, signifying that correcting the
stratified delay is the key for the interferogram dominated by stratified delay.

Figure 9. Correction example of the interferogram dominated by the stratified delay. Note that the
figure in the upper left corner is the original interferogram; the first row is the tropospheric delay
estimated by various methods; the second row is the relationship between the dZTD and the original
phase; the third row is the interferograms after correcting tropospheric delay; the fourth row is the
relationship between height and corrected phase; and the fifth row is the frequency distribution
histogram of the original phase and the corrected phase for various methods.

GACOS yielded a lower STD than the stratified-only correction; however, the stratified-
only approach produced a lower slope of the linear regression curve, indicating more
effective stratified-delay removal compared to GACOS. Since both stratified and turbulent
delays were present in the interferogram, GACOS attained a lower STD than the stratified-
only correction by simultaneously compensating for both delays. The CC between dZTD
and the original phase for the turbulent-only correction deviated the most from those of
the other three methods, signifying an inadequate tropospheric delay correction when
stratified delay predominated the interferogram. Furthermore, the slope of the turbulent-
only method was almost the same as that of the original interferogram, signifying that the
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turbulent-only method could not correct the stratified delay. These findings highlight that
addressing a single delay component is insufficient for comprehensive STD reduction. In
general, a higher CC between the original phase and dZTD or a lower slope of the linear
regression curve between height and corrected phase correlates with a lower STD. Thus,
the proposed model, by concurrently addressing both stratified and turbulent delays, out-
performed methods targeting individual components. After only correcting the stratified
delay, the STD was reduced by 0.51 rad compared to the original interferogram, and after
further correcting the turbulent delay, the STD was reduced by 0.34 rad again, signifying
that establishing the linear relationship between turbulent delay and ZWD to correct the
turbulent delay is effective. Therefore, correcting the stratified delay is necessary for the
interferogram dominated by the stratified delay. But the correction of the turbulent delay
could not be ignored.

Figure 10. Correction example of the interferogram dominated by turbulent delay.

As displayed in the first row of Figure 10, tropospheric delay estimates varied signifi-
cantly across the different methods. In contrast to interferograms dominated by stratified
delay, the CC between original phase and dZTD showed no systematic relationship with
STD across all four correction methods. CC values were all low for each method because
turbulent delay exhibited more stochastic behavior than stratified delay and was suscepti-
ble to residual signals. Following tropospheric delay corrections using all four approaches,
the interferograms largely preserved the appearance of the original observations (Figure 10,
third row). Slope of the linear regression curve between height and corrected phase stayed
similar and showed no pattern with STD (Figure 10, fourth row). The highest STD was
observed with the stratified-only correction, highlighting its inability to address turbulence.
Both GACOS and the proposed model yielded lower STD than the turbulence-only cor-
rection, as these two methods simultaneously corrected stratified and turbulent delays,
whereas the turbulence-only method addressed only turbulence. The results confirm that
stratified delay also exists in interferograms dominated by turbulent delay.

Although the first and second indicators could not draw a conclusion about which
method achieves better correction performance, the STD of each method demonstrated that
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the proposed model achieved the best correction effect. It signifies that ZWD could capture
the small-scale variations in turbulent delay. Therefore, by addressing both stratified
and turbulent delays, the proposed model delivered superior correction performance,
which benefited from the incorporation of time-varying Gaussian coefficients and coupled
ZWD. In particular, the proposed model provides a novel and effective way to correct the
turbulent delay.

3.4. Overall Evaluation of Correcting Stratified and Turbulent Delays by the Proposed Model

Based on the prior analysis, the proposed model outperformed others in handling
interferograms dominated by either stratified or turbulent delays, unlike methods that
address only one delay type and thus fail to accommodate all interferograms. To quantita-
tively evaluate the systematic bias and stability of different correction models for correcting
stratified delay, we propose utilizing the geometric attributes of the quadratic fitting curves
between the STD reduction and the original phase-elevation CC. Specifically, a parabolic
symmetry axis closer to zero serves as a critical indicator of reduced systematic error,
whereas a parabola vertex closer to zero reflects the stability of the correction. The same
approach is utilized for the quantitative evaluation of turbulent delay correction.

We further assessed the ability of the model to correct both stratified and turbulent
delays for all interferograms. Figure 11a,b illustrate the relationship between STD reduction
and original phase-elevation CC for GACOS and the proposed model, respectively. The
upward-opening red quadratic fitting curves demonstrate that higher absolute CC values
correspond to greater STD reductions, indicating more effective stratified delay corrections.
The symmetry axes for GACOS (−0.03) and the proposed model (−0.01) exhibit that the
axis of the proposed model is closer to zero. Additionally, the minimum STD reductions for
GACOS (−7.79) and the proposed model (−3.3) indicate that the proposed model achieves
values nearer to zero. These two parameters are essential indicators of correction bias and
stability. A symmetry axis closer to zero signifies reduced systematic error, whereas a less
negative parabola vertex indicates improved stability.

Figure 11. (a) Performance of correcting stratified delay by GACOS. (b) Performance of correcting
stratified delay by the proposed model. (c) Performance of correcting the turbulent delay by the
proposed model. Note that the red lines represent the fitting results.

https://doi.org/10.3390/atmos17060622

https://doi.org/10.3390/atmos17060622


Atmosphere 2026, 17, 622 17 of 25

This analysis confirmed a stronger correlation between STD reduction and CC, result-
ing in more stable stratified delay correction by the proposed model. Figure 11c displays
the turbulent delay correction performance exclusively for the proposed model, as GACOS
is incapable of providing only turbulent delay. It was essential to correct the stratified delay
in the interferograms before evaluating the turbulent delay correction. We established
the relationship between the residual phase and ZWD to address turbulent delay. The
results showed that the red fitting curve of STD reduction versus the CC between residual
phase and ZWD formed an upward-opening parabola. This pattern indicated that larger
absolute CC values led to greater STD reductions, signifying more effective turbulent
delay correction. However, many interferograms exhibited low CCs, causing suboptimal
corrections. This outcome likely resulted from highly random, turbulent delays that ZWD
could not capture.

3.5. Evaluation of Deformation Velocities and Time Series

Previous analyses focused solely on interferograms, whereas InSAR aims to derive
deformation time series and rates. We integrated the proposed model into StaMPS and com-
puted each SAR image’s tropospheric delay, subtracted these delays from the unwrapped
interferograms, and reran the unwrapping. Finally, we obtained surface deformation
velocities and time series for the Chenghai Lake region in Northwest Yunnan.

Figure 12 (first row) illustrates the original deformation velocity alongside those de-
rived from four distinct tropospheric delay correction methods. Each method demonstrated
varying degrees of improvement compared to the uncorrected data, highlighting their dif-
fering capacities to mitigate tropospheric artifacts. These enhancements varied in both
spatial distribution and magnitude across the study area. The regions enclosed by the red
box and circle exhibit significant undulating terrain and experienced substantial stratified
delay. Notably, the proposed method achieved the most effective reduction in stratified
delay among all four approaches. The stratified-only correction yielded comparable results,
whereas GACOS failed to eliminate the stratified delay, leaving residual stratification within
the interferogram, particularly inside the red box. In contrast, the turbulent-only correction
was the least effective, closely resembling the uncorrected results and confirming that strat-
ified delay dominated the error budget, making turbulence correction alone insufficient.
Figure 12 (second row) illustrates the deformation velocity STD and its histogram distri-
bution corresponding to Figure 12 (first row). The proposed method achieved the lowest
STD among all four approaches, signifying that the proposed method greatly weakened
the oscillation of deformation velocity caused by tropospheric delay.

To examine the relationship between topography and deformation before and after
tropospheric delay compensation, a profile line approximately 15 km long was extracted
(Figure 12, third row). This profile spans an elevation variation of approximately 1 km and
serves as the basis for analyzing the dependence between terrain features and deformation
velocities [55]. Although visual inspection did not show significant differences among the
five results, all methods except the turbulent-delay-only correction partially alleviated the
dependence between deformation velocity and terrain. The slope of the green fitting line
served as the evaluation metric. The turbulent-delay-only correction failed to reduce the
impact of undulating terrain because it did not address stratified delay. In contrast, the pro-
posed model achieved a slightly lower slope than both GACOS and the stratified-delay-only
correction, demonstrating better mitigation of stratified delay. Consequently, the proposed
model outperformed alternative methods in managing terrain-induced fluctuations.

GNSS-derived displacement was used as the reference to assess deformation time-
series accuracy for both GACOS and the proposed model. Prior to evaluation, 3D GNSS
displacements were projected onto the Sentinel-1A LOS.
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Figure 12. Evaluation of deformation velocity. The first row is the deformation velocity of the original
and the four methods. The second row displays the deformation velocity STD and corresponding
histograms. The third row is the deformation velocity on the profile line. The fourth row is the DEM.
Note that the red straight line represents the profile line; the red box and circle represent the regions
with considerable undulating terrain; the orange lines in the third row represent the elevation; the
blue lines in the third row represent the deformation velocity; and the green lines in the third row
represent the fitting result of the deformation velocity.

In Figure 13, we assess the deformation time series at points P1–P4, with P0 serving
as the unwrapping reference. Their locations are shown in the DEM in the third row of
Figure 12, illustrating the spatial distribution of all five monitoring sites. In Figure 13, dH
represents the differential height between each measurement point and P0. The dZTD
amplitude at P1 was the greatest among all points, underscoring the relationship between
dH magnitude and seasonal tropospheric delay. Consequently, the uncorrected time series
exhibited seasonal variations, indicating an influence from tropospheric delay. This seasonal
impact was mitigated following tropospheric delay correction using either GACOS or the
proposed model. The dH values for P2, P3, and P4 were −160 m, 272 m, and 321 m,
respectively. As absolute dH increased, the seasonal oscillation of dZTD became more
pronounced, and the unadjusted deformation time series was increasingly affected by
seasonal variation.

We compared the proposed model with GACOS using GNSS-derived displacement
time series at P2–P4. Both corrected series more closely matched the true deformation
than the uncorrected results; visually, the proposed model aligned more closely with
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the reference observations than GACOS. The RMSE, used as an accuracy metric, was
computed against the reference displacement data. At processing points P2, P3, and P4,
the RMSE values for the original results, GACOS, and the proposed model were 11.92,
5.57, and 4.38 mm; 5.33, 3.96, and 2.80 mm; and 3.54, 2.74, and 2.74 mm, respectively.
These quantitative findings demonstrate that the proposed model achieved a lower RMSE
than GACOS at P2 and P3, with reductions of 21.4% and 29.3%, respectively. At P4, both
methods yielded identical RMSE values. Overall, integrating the proposed model into
StaMPS enhanced the accuracy of deformation time series compared to GACOS. This result
benefits from the stratified delay model that accounts for time-varing Gaussion coefficients
and the turbulent delay model that couples ZWD.

Figure 13. Evaluation of deformation time series using GNSS data. Note that dH represents the
differential height between each measurement point and P0.

4. Discussion
By allowing Gaussian coefficients to vary temporally, the stratified delay model im-

proved ZTD vertical interpolation accuracy relative to the assumption of constant coefficients.
Figure 14a,b depict the time series of Gaussian coefficients b and c at the grid point

(26.5◦ N, 100.75◦ E) from 2019 to 2022. For coefficient b, the minimum, maximum, and
mean values were −102.54, −27.36, and −53.38 km, respectively; for coefficient c, they
were 23.26, 40.23, and 29.97 km. These coefficients exhibited seasonal periodicity. The
impact of assuming constant Gaussian coefficients on ZTD vertical interpolation was
previously discussed. The Gaussian coefficient b achieved its lowest value in summer,
whereas coefficient c attained its highest. For clarity, the combination with minimum b and
maximum c in time or space is designated as bmin&cmax, the combination with maximum b
and minimum c as bmax&cmin, and the combination with mean b and mean c as bmean&cmean.
Figure 14e illustrates the vertical interpolation of ZTD using bmin&cmax, bmax&cmin, and
bmean&cmean over time, utilizing Equation (6). When the stratified delay model employed
bmin&cmax temporally, the deviation between bmin&cmax and bmax&cmin was 1.65 cm at
dH = 500 m, and between bmean&cmean and bmax&cmin was −0.71 cm. These deviations
were unacceptable.
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Figure 14. Temporal and spatial variation range of Gaussian coefficients and its influence on ZTD
vertical interpolation. (a) Time series of Gaussian coefficient b. (b) Time series of Gaussian coefficient
c. (c) The spatial distribution of Gaussian coefficient b. (d) The spatial distribution of Gaussian
coefficient c. (e) The ZTD vertical interpolation with different combinations in time. (f) The ZTD
vertical interpolation with different combinations in space.

Figure 14c,d display the spatial distribution of b and c at 23:00 on 20 July 2019. The
minimum, maximum, and mean values of b were −103.22, −65.32, and −81.41 km, respec-
tively; for c, they were 32.73, 40.07, and 35.95 km. The spatial variation in the Gaussian
coefficients was pronounced. Figure 14f presents the vertical interpolation of ZTD using
the three combinations in space. The stratified delay model utilized the spatial combination
of bmean&cmean, and the spatial deviation between bmin&cmax and bmean&cmean was 0.37 cm,
and between bmax&cmin and bmean&cmean was −0.24 cm for dH = 500 m. These deviations
were smaller than those observed with the temporal combination. Specifically, these results
indicate that spatial variability introduces less error than temporal variability under the
evaluated conditions. Therefore, incorporating time-varying Gaussian coefficients was
essential in developing the stratified delay model. Additionally, Gaussian coefficients were
derived at DEM points with a 30 m resolution to capture spatial variations.

Three scenarios based on mean Gaussian coefficients—temporal (Plan T), spatial (Plan
S), and spatiotemporal (Plan TS)—were created to evaluate their impact on InSAR measure-
ments. For ease of reference, these scenarios are referred to as Plan T, Plan S, and Plan TS,
respectively. Furthermore, the coupling-ZWD method was used to estimate turbulent delay
and compared with the conventional filtering method (Plan F). Importantly, the proposed
stratified delay model was applied to correct the stratified delay prior to filtering.
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Table 2 lists the phase STD and deformation RMSE for the proposed model and the
four plans. The STD for Plans T, S, and TS were 1.79, 1.78, and 1.80 rad, respectively,
representing increases of 1.70%, 1.14%, and 2.27% compared to the STD of the proposed
model of 1.79 rad. Plan TS exhibited the greatest increase in STD, whereas the STD of Plan
T increased more than that of Plan S, indicating that temporal errors from mean Gaussian
coefficients outweighed spatial errors. Compared to the proposed model, deformation
RMSE increased by 3.13%, 2.19%, and 3.76% for Plans T, S, and TS, respectively. The STD
and RMSE of Plan F increased by 7.39% and 15.36%, respectively, relative to the proposed
model, demonstrating that using ZWD to capture turbulent delay variations outperformed
the filtering method. The limitations of the filtering method potentially originated from
its assumption of spatial atmospheric correlation and temporal randomness; seasonal
variations in atmospheric parameters, especially water vapor, violated this assumption.

Table 2. Statistics of phase STD and deformation RMSES for various tropospheric delay correction
models.

Methods STD/rad Defor RMSE/mm

Proposed model 1.76 3.19
Plan T 1.79 ↑ 1.70% 3.29 ↑ 3.13%
Plan S 1.78 ↑ 1.14% 3.26 ↑ 2.19%

Plan TS 1.80 ↑ 2.27% 3.31 ↑ 3.76%
Plan F 1.89 ↑ 7.39% 3.68 ↑ 15.36%

↑ represents the the percentage increase compared to the proposed model.

After the tropospheric delay correction, not all interferograms improved; some STDs
increased. Figure 15 displays the phase STD and the CC between turbulent delay and ZWD
for 65 interferograms, using the SAR image from 10 January 2011, as the master image,
thereby investigating the causes of negative corrections. Twelve interferograms (18.46%)
were categorized into the negative correction group, with a maximum deviation of 0.47 rad
and an average deviation of 0.13 rad. This effect on the final deformation was minimal and
negligible. In the negative correction group, the CC was nearly zero, with a mean absolute
CC of 0.18, falling below the overall interferogram mean of 0.26. This indicates that ZWD
in this group fails to reflect turbulent delay, resulting in a suboptimal turbulent correction.
This shortcoming is potentially because of the significant randomness in turbulent delays,
leading to incomplete or inaccurate estimations of turbulent delays.

Figure 15. Phase STD and CC between the turbulent delay and ZWD for 65 interferograms. Note that
the red dots represent the CC of the negative correction group.
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5. Conclusions
This study introduces a model that integrates ERA5 and GNSS data into StaMPS to

correct stratified and turbulent delays, thereby effectively mitigating stratified and turbulent
InSAR delays in alpine canyon regions. The stratified correction utilizes time-varying
Gaussian coefficients to address seasonal delay oscillations. For turbulent correction, a
linear relationship between turbulent delay and ZWD is established to capture small-scale
tropospheric delay variations. The proposed model successfully captures both seasonal and
diurnal delay variations. The STD of its phase decreased by 9.28% compared to GACOS, and
it increases the number of improved interferograms by 13.43% relative to GACOS. In two
interferogram examples dominated by stratified and turbulent delays, the proposed model
outperformed GACOS in correcting tropospheric delays. Methods that exclusively address
either stratified or turbulent delays are not universally applicable to all interferogram
types. Deformation velocities obtained from the proposed model exhibited reduced terrain
dependency. The deformation RMSE values were 4.09 mm for GACOS and 3.31 mm for
the proposed model. Both methods mitigated seasonal oscillations in deformation time
series caused by tropospheric delays; quantitative analysis shows that the proposed model
achieved 19.07% higher accuracy than GACOS. Furthermore, we evaluated the necessity of
incorporating time-varying Gaussian coefficients and the role of coupled ZWD in turbulent
delay correction. Using a temporal constant average Gaussian coefficient increased the
phase STD and deformation RMSE by 1.70% and 3.13%, respectively, compared to the
proposed model, thereby confirming the need for time-varying coefficients. Conventional
filtering did not outperform the proposed model in addressing turbulent delays. Negative
corrections in interferograms were associated with random turbulent delay intensities.

The proposed model provides two distinct advantages over GACOS. First, it incorpo-
rates a time-varying vertical variation factor into tropospheric delay estimation. Second,
it employs a coupling strategy that integrates ZWD estimates into delay-correction pro-
cedures to reduce turbulent delay. Nonetheless, the model has certain limitations. For
example, although it captures the diurnal ZTD trend, it exhibits suboptimal fitting quality.
Moreover, the effectiveness of turbulent-delay correction depends on the stochastic prop-
erties of turbulence; significant randomness prevents ZWD from accurately representing
turbulent-delay variations, thereby constraining overall performance. Consequently, future
research will focus on optimizing the turbulent-delay model to enhance fitting accuracy
and robustness under varying atmospheric conditions.
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