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Highlights

What are the main findings?

e  Haikou’s 2020-2025 LOS deformation field shows strong spatial heterogeneity, with
persistent negative LOS anomalies concentrated in reclaimed coastal sectors, port-
adjacent areas, and Jiangdong New District.

e  The combined use of PS-INSAR and DS-InSAR improves the spatial characterization
of deformation in complex coastal urban environments, especially in reclaimed and
low-coherence areas.

What is the implication of the main finding?

e  The results indicate that coastal urban deformation in Haikou is hydrogeologically con-
ditioned and development-amplified, rather than being controlled by a single factor.

e  The proposed PS/DS-InSAR and spatial attribution framework can support priority
monitoring-zone identification and risk-informed planning in rapidly urbanizing
tropical coastal cities.

Abstract

Surface deformation in rapidly urbanizing coastal cities is often shaped by the interplay
between hydrogeological setting and development disturbance, yet these controls remain
insufficiently constrained in tropical coastal environments. Using 119 ascending Sentinel-
1A scenes acquired between September 2020 and August 2025, we derived a high-density
line-of-sight (LOS) deformation field over Haikou, China, through the combined use
of PS-InSAR and DS-InSAR time-series analysis. The results show pronounced spatial
heterogeneity, with negative LOS anomalies concentrated in reclaimed coastal sectors,
port-adjacent zones, and Jiangdong New District, where cumulative LOS displacement
locally approaches 90 mm. DS-InSAR increased the number of valid observations to 764,573,
approximately 2.8 times that of PS-InSAR, and showed good internal consistency with col-
located PS estimates (R? = 0.8048). Positive LOS zones are present but are generally weaker
and more spatially diffuse than the major negative anomalies, indicating that the near-
zero city-wide mean partly reflects compensation between localized negative and positive
signals. Spatial attribution analysis suggests that groundwater type, aquifer water-yield
property, and geological zoning provide the main hydrogeological background associated

Remote Sens. 2026, 18, 2570

https://doi.org/10.3390 /1518152570


https://crossmark.crossref.org/dialog?doi=10.3390/rs18152570&domain=pdf&date_stamp=2026-08-04
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-3017-8147
https://doi.org/10.3390/rs18152570

Remote Sens. 2026, 18, 2570

2 of 25

with deformation, whereas human activity intensity, road density, and land-use intensity
are associated with stronger negative deformation where hydrogeological conditions are
susceptible. Because the dataset is limited to a single ascending viewing geometry, the
reported deformation is interpreted as LOS motion rather than a fully resolved vertical
subsidence field. These results support a cautiously framed interpretation in which coastal
urban deformation in Haikou is hydrogeologically conditioned and development-amplified,
providing a basis for targeted monitoring and risk-informed planning in newly developed
coastal districts.

Keywords: surface deformation; PS/DS-InSAR; spatial attribution; hydrogeological controls;
coastal urbanization

1. Introduction

Land subsidence and associated ground deformation have become increasingly rec-
ognized as critical geohazards constraining sustainable urban development, particularly
in rapidly expanding coastal cities where land reclamation, groundwater extraction, and
infrastructure loading co-occur and may jointly amplify deformation risk. Global syn-
theses indicate that subsidence is not an isolated anomaly but a widespread hazard that
exacerbates flood exposure and damages critical assets through differential settlement and
long-term elevation loss [1]. In coastal settings, subsidence contributes directly to relative
sea-level rise, compounding storm-surge and tidal inundation risks [2—4]. This coupling
is especially acute in deltaic and estuarine environments, where sediment starvation and
anthropogenic loading can cause land-surface lowering at rates comparable to or exceeding
climate-induced sea-level rise [5]. Satellite observations further suggest that the spatial
extent of flood vulnerability has expanded significantly in recent decades, underscoring the
societal relevance of centimeter-scale vertical motion at regional to continental scales [6].
Consequently, coastal cities require not only continuous deformation monitoring but also
the ability to identify geospatial explanatory variables to inform land-use planning and
infrastructure mitigation strategies [7].

From a mechanistic perspective, land subsidence is classically attributed to the con-
solidation of compressible deposits and to reductions in pore pressure, often triggered by
fluid withdrawal [8]. However, modern coastal subsidence regimes are seldom controlled
by a single process. Instead, they emerge from a complex interplay among hydrogeological
constraints, land-use transitions, engineered ground modifications, and time-dependent
consolidation under evolving urban loads. The New Orleans case illustrates how subsi-
dence and flooding can interact nonlinearly in highly engineered coastal settings, producing
compounded hazards even when individual drivers are moderate in isolation [9]. These
complexities necessitate monitoring frameworks that resolve localized deformation gradi-
ents while maintaining continuity across heterogeneous surfaces.

Conventional geodetic techniques such as leveling and GNSS offer high precision
but suffer from limited spatial coverage, high deployment costs, and challenges in long-
term maintenance for urban-scale surveillance. Interferometric synthetic aperture radar
(InSAR) offers a scalable alternative, delivering spatially continuous deformation fields
at the meter-to-tens-of-meter resolution with revisit frequencies compatible with urban
dynamics. Crucially, InSAR error sources can be explicitly modeled and constrained
through time-series formulations [10]. Permanent scatterer (PS) InNSAR enables millimeter-
level displacement tracking over radar-bright targets [11], and has been widely validated
in tectonic and volcanic settings [12]. Complementary to this, small-baseline approaches
extend InSAR applicability by limiting temporal and perpendicular baselines to reduce
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decorrelation and phase-unwrapping instability, thereby improving reliability in more
complex terrain [13].

Despite these advances, applying time-series INSAR in rapidly changing coastal cities
remains challenging. First, classical PS-InSAR assumes the presence of temporally stable
reflectors, which may not exist in reclaimed districts, vegetated zones, or mixed land-
cover mosaics. These low-coherence settings limit the spatial completeness of deformation
maps. Second, accurate deformation inference at the urban scale requires robust mitiga-
tion of orbital ramps, atmospheric delays, and residual topographic errors, which can
alias into long-wavelength trends if not carefully addressed [14,15]. Third, the objective
of deformation monitoring has shifted from static “mapping” to dynamic “attribution”:
decision-makers increasingly demand not just LOS deformation rates, but quantitative
identification of associated explanatory factors and their interactions to inform spatial
planning, hazard mitigation, and infrastructure governance.

Recent methodological developments have addressed these challenges by integrat-
ing distributed scatterer (DS) analysis and advanced phase-linking strategies. Nonlinear
phase linking across statistically homogeneous pixels has proven effective in recovering
coherent deformation signals in low-coherence or spatially textured urban surfaces, thereby
increasing measurement density beyond classical PS targets [16]. For Sentinel-1 TOPS
acquisitions, precise co-registration is critical; dedicated stack co-registration techniques are
necessary to preserve phase fidelity in long time series [17]. Moreover, mature processing
pipelines and user-friendly software ecosystems have enabled systematic INSAR analysis
over urban regions using multi-year data. Improvements in atmospheric and ionospheric
correction—such as filtering of phase screens and burst-wise delay artifacts—also enhance
the reliability of long-term deformation trends [18,19]. These advances support a practi-
cal conclusion: PS and DS techniques are not substitutes but complementary sampling
regimes whose integration enhances both precision and spatial continuity in complex
coastal environments.

Monitoring, however, is only one side of the challenge. Coastal land subsidence often
arises from multiple coupled factors—groundwater withdrawal, fill heterogeneity, litho-
logical compressibility—resulting in strong spatial heterogeneity that cannot be explained
by globally linear models. The Mekong Delta provides a clear example: groundwater
extraction drives widespread subsidence and elevates sea-level rise risks across large re-
gions [20]. Similarly, studies in Bangkok and Houston show that subsidence often aligns
with hydrogeological gradients and urban development corridors, suggesting a multi-factor
control structure with varying importance across spatial scales [21-24]. Globally, both cli-
mate extremes and anthropogenic activities jointly shape exposure, reinforcing the need to
quantify not only main effects but also interaction-driven amplification [25]. Furthermore,
the proliferation of INSAR products demands careful reference-point selection, uncertainty
assessment, and interpretative discipline to avoid over-interpretation in planning and
policy contexts [26-30].

In this context, factor-detection frameworks targeting spatial stratified heterogeneity
offer a promising avenue. Traditional regression-based models often assume linearity
and struggle to capture heterogeneous interactions across spatial units. GeoDetector pro-
vides a statistically grounded alternative by assessing whether the spatial partitioning
of a given factor aligns with the variance structure of the response variable [31]. The g-
statistic formalizes explanatory power without assuming linearity and enables interaction
detection through stratified combinations [32,33]. In parallel, the broader geospatial model-
ing community increasingly emphasizes interpretability, as evidenced by model-agnostic
techniques such as LIME and game-theoretic approaches like SHAP, which aim to replace
black-box prediction with decision-relevant explanation [34,35].
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Against this background, Haikou provides a representative tropical coastal setting for
examining a hydrogeological-conditioning and development-amplification pattern of urban
surface deformation. In this study, 119 ascending Sentinel-1A scenes acquired between
September 2020 and August 2025 are used to derive a high-density line-of-sight (LOS)
deformation field through complementary PS-InSAR and DS-InSAR time-series analysis.
Recognizing the limitation of single-geometry InSAR observations, we do not directly
interpret the retrieved deformation field as fully resolved vertical subsidence; instead,
we analyze negative and positive LOS deformation domains and interpret subsidence-
dominated hotspots only where supported by hydrogeological and development evidence.
A spatial attribution framework is then used to evaluate the explanatory power and
interactions of groundwater type, aquifer water-yield property, geological zoning, and
urban-development proxies. The objectives are to: (1) map the spatiotemporal evolution of
urban surface deformation in Haikou; (2) compare the spatial completeness and consistency
of PS- and DS-InSAR observations in a complex coastal urban environment; and (3) assess
how hydrogeological background and urban development are associated with the observed
deformation heterogeneity.

2. Study Area and Data Sources
2.1. Study Area Overview

The study area encompasses the built-up zone and its continuous expansion corridor
within the urban core of Haikou (see Figure 1), located in the northern part of Hainan Island
near the estuary of the Nandu River and facing the Qiongzhou Strait to the north. Geo-
graphically, Haikou spans approximately from 110°10’E to 110°41’E and from 19°32'N to
20°05'N, with the urban core primarily situated in the northern coastal plains of this range.
The area represents a typical coastal-estuarine composite geomorphic unit characteristic of
rapidly developing waterfront cities.
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Figure 1. Location of the study area.

The topography is generally flat and dominated by coastal alluvial and marine-
depositional plains, with localized micro-relief induced by volcanic platforms and low
residual hills. Surface runoff and drainage are jointly shaped by riverine and coastal
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processes, with the Nandu River and its tributaries traversing the city’s periphery. Tidal
backwater effects coupled with episodic storm runoff result in highly seasonal and event-
driven hydrological dynamics, particularly near the shoreline.

Hydrogeologically, the urban core is underlain by widespread Quaternary unconsoli-
dated sediments. Groundwater occurs mainly as phreatic and confined aquifers, whose
distribution and yield characteristics vary spatially due to the interplay between saline—
freshwater mixing in coastal zones, estuarine recharge/discharge processes, and lithological
heterogeneity across stratigraphic units. These conditions establish a differentiated hydro-
logical framework that directly informs the design of deformation monitoring strategies
and the construction of geospatial explanatory variables.

2.2. Data Sources

This study utilizes a total of 119 ascending-orbit Sentinel-1A C-band SLC images
acquired between September 2020 and August 2025 as the primary dataset for deformation
monitoring. The images are collected in Interferometric Wide Swath (IW) mode with VV
polarization, and spatial resolutions of approximately 5 m in the range direction and 20 m
in the azimuth direction. Ancillary datasets include the 30-m resolution Shuttle Radar
Topography Mission (SRTM) Digital Elevation Model (DEM) and precise orbit files, which
are used for orbit correction, removal of topographic phase, and geocoding during the
InSAR pre-processing.

To support spatial attribution of deformation patterns, nine spatial explanatory factors
were constructed based on OpenStreetMap (OSM) and other open-access data sources:
groundwater type, aquifer water-yield property, geological zoning, human activity intensity,
road network density, land-use intensity, distance to water bodies, distance to railways,
and elevation. Roadways, railways, and hydrological features were extracted from vector
layers and converted into raster indicators via kernel density estimation or Euclidean
distance transformation. Elevation data were derived from the SRTM DEM, while thematic
attributes such as groundwater type, aquifer characteristics, and geological classification
were rasterized into a unified grid structure.

All factor layers were projected into a common coordinate reference system, clipped
to the study area boundary, and resampled to a consistent spatial resolution. Each variable
was then stratified through discretization procedures to serve as input for the GeoDetector-
based spatial attribution model. A detailed summary of data sources and processing
workflows is provided in Table 1.

Table 1. Summary of data sources.

Data Type Source
119-scene Sentinel-1A Sentinel-1A Level-.l SLC (IW, VW, Copernicus Open Access Hub
Ascending)
DEM SRTM DEM (30 m) Geospatial Data Cloud (GSCloud)
Precise orbit data Sentinel-1A Precise Orbit File Copernicus Sentinel-1 Precise Orbit
(POEORB) Ephemerides (POEORB)

Road network density; distance to
railways; distance to water bodies; Raster (derived factors) OpenStreetMap (OSM)
land use; human activity intensity

Groundwater type; aquifer
productivity; geological zoning

Raster (derived factors) China Geological Survey (CGS)
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(a) Time-baseline network (PS)

3. Methods

To characterize surface deformation in Haikou, we processed 119 ascending-track
Sentinel-1A C-band SLC acquisitions acquired between September 2020 and August 2025
using a time-series INSAR framework. All deformation estimates reported in this study
are line-of-sight (LOS) measurements derived from a single ascending viewing geometry.
Therefore, the retrieved deformation field cannot be decomposed into independent vertical
and horizontal components. Under the sign convention adopted in this study, negative
LOS values represent negative deformation anomalies in the radar viewing direction, while
positive values represent positive LOS anomalies. Accordingly, the results are interpreted
primarily as LOS surface deformation. The term “subsidence-dominated deformation” is
used only for persistent negative LOS anomalies where the local geomorphic, hydrogeolog-
ical, and urban-development context supports a predominantly downward displacement
process. The temporal-perpendicular baseline distributions and master-centered inter-
ferometric networks are shown in Figure 2. The time-series INSAR workflow includes
image preprocessing and co-registration, interferometric network construction, differential
interferometry, PS/DS selection and phase optimization, time-series inversion with error
correction, and final geocoding and product generation (Figure 3). Relevant data inputs are
listed in Table 1.

(b) Time-baseline network (DS)
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Figure 2. Temporal-perpendicular baseline distribution and single-master interferometric network of
the Sentinel-1A stack. (a,b) Time-baseline networks for the PS- and DS-InSAR processing streams;
(c,d) master-centered connection graphs for the PS- and DS-InSAR processing streams. Yellow
markers denote master images, green markers denote slave acquisitions, and blue lines denote
interferometric pairs. Numbers in panels (c,d) denote acquisition indices.
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Figure 3. Workflow of PS- and DS-InSAR time-series processing for LOS surface deformation mapping.

3.1. Key Parameter Configuration

To ensure the comparability between PS-InNSAR and DS-InSAR outputs, consistent
settings were applied for pre-processing steps, interferometric network structure, and
quality control filters. The primary differences between the two methods stem from
the scattering model—i.e., persistent scatterer identification versus distributed scatterer
grouping and phase linking—as well as the subsequent phase estimation strategies. Key
parameters influencing the stability of the results are configured as follows:

Interferometric network and baseline distribution. A total of 119 Sentinel-1A ascending
IW-VV SLC acquisitions were used. The master image was acquired on 2 January 2023.
All slave images were co-registered to the master, and a single-master (star) network was
used to generate 118 interferograms. The temporal-perpendicular baseline distribution
was inspected before time-series inversion. The master scene lies close to the temporal
center of the observation period and within the central part of the relative perpendicular-
baseline distribution, which helps reduce temporal and spatial decorrelation and produces
a balanced interferometric network for the 20202025 stack.

Residual Height Range: —100 m to +500 m. This parameter is used to absorb residual
topographic phase introduced by discrepancies between the DEM and actual surface
elevations. Given the presence of high-rise structures in the study area—such as the Haikou
Tower (Haikou City Center Building), which reaches approximately 428 m—the DEM may
inadequately capture local vertical variations. Therefore, the residual height range was
conservatively set from —100 m to +500 m to account for potential elevation differences
and suppress related artifacts in the deformation inversion.

Atmospheric Phase Filtering: Low-pass = 1200 m, High-pass = 365 days. These
parameters constrain the spatiotemporal filtering for Atmospheric Phase Screen (APS)
correction. Identical settings were applied to both PS and DS processing streams to ensure
consistent atmospheric error suppression.

Maximum LOS Deformation Velocity Range: —25 mm/y to +25 mm/y. This threshold
bounds the search space for LOS velocity inversion and helps suppress anomalous or
physically implausible estimates caused by phase-unwrapping errors or outlier points. The
range is broad enough to accommodate the expected LOS deformation dynamics in the
study area while maintaining inversion stability.

DS identification and filtering (SARscape 5.7). SHP window sizes were 7 px in azimuth
and 41 px in range (ks. Win Az Size = 7; Win Rg Size = 41). This anisotropic window was
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selected to provide enough statistically homogeneous samples for DS phase linking while
avoiding an excessively large neighborhood in the azimuth direction, where mixed urban
land covers such as buildings, roads, vegetation, and water bodies may occur over short
distances. PCA-based adaptive filtering was used to suppress phase noise, and low-quality
distributed scatterer candidates were removed using DS thresholding (DS threshold = 20;
Activate Filtering Batch Mode = True).

Product Temporal Coherence Threshold: 0.85. This value was used as a minimum
output-quality threshold for retaining reliable PS and DS measurement points. It should not
be confused with the mean temporal coherence reported in Table 2, which was calculated
after quality filtering from all retained measurement points. Therefore, the threshold and
the reported mean values refer to different statistical quantities: the former is a selection
criterion, whereas the latter is a post-processing summary statistic.

Table 2. Comparison of PS-InNSAR and DS-InSAR LOS deformation results under identical process-
ing settings.

Method PS-InSAR DS-InSAR
Valid measurement points 272,876 764,573
Point ratio (relative to PS) 1.00 2.80
LOS velocity range, 5th-95th percentile (mm /yr) —2.20 to 1.80 —2.01to0 1.89
Mean annual LOS velocity (mm/yr) —0.08 0.06
Mean temporal coherence after filtering 0.890 0.871

3.2. InSAR Workflow

The InSAR time-series analysis in this study follows a five-step processing workflow.

Data Preprocessing and Precise Co-Registration. All SAR images were corrected using
precise orbit files and cropped to the study area extent. Master and slave images were
co-registered with sub-pixel accuracy, and TOPS burst alignment was applied to ensure
spatial phase consistency across the time series. The SRTM DEM was used to remove
topographic phase and to provide a geometric reference for geocoding.

Interferometric Network Construction and Differential Interferometry. A single-master
(star) interferometric configuration was adopted using the acquisition on 2 January 2023 as
the master scene. All slave images were co-registered to the master, and one interferogram
was generated for each slave acquisition. Temporal and perpendicular baselines were
inspected to characterize baseline dispersion and to screen extreme-baseline acquisitions
when necessary. Differential interferograms were then formed after removing the flat-Earth
phase and the topographic phase using the DEM, followed by spatial filtering to suppress
phase noise. Coherence maps and amplitude stability indices were computed to support
scatterer selection, phase unwrapping, and time-series inversion.

PS Pixel Selection and Phase Modeling (PS-InSAR). Persistent scatterer (PS) candidates
were selected based on amplitude stability, primarily located on built-up areas with strong
radar backscatter. A phase model was then constructed on the PS ensemble to estimate
LOS deformation velocities and temporal evolution, including correction for atmospheric
and orbital errors. Key parameters were configured consistently with those in Section 3.1.

DS Pixel Selection and Phase Linking Optimization (DS-INSAR). For areas with low
coherence—such as vegetated zones, bare land, and reclaimed surfaces—statistical ho-
mogeneity was used to identify distributed scatterer (DS) groups. Phase linking and
coherence-constrained optimization were performed within each homogeneous region to
derive stable DS phase series for LOS deformation inversion. Low-quality pixels were
removed using thresholding to retain only reliable DS measurements.
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Time-Series Inversion, Reference Unification, and Product Generation. All valid PS
and DS points were referenced to a relatively stable zone to ensure a consistent LOS
deformation baseline. The reference area was selected from spatially continuous low-
gradient sectors where both PS and DS results showed near-zero velocities and low local
dispersion. Reference-area stability was then evaluated by point count, mean LOS velocity,
standard deviation, and PS-DS velocity difference statistics. The LOS deformation time
series was inverted to obtain mean LOS velocity fields and cumulative LOS displacement
maps. Displacement-time profiles for selected key locations were also extracted. Final
outputs were geocoded and visualized to support the interpretation of LOS deformation
patterns and spatial attribution analysis.

Independent processing-chain consistency check. Because independent GNSS, lev-
eling, and descending-track InSAR observations were unavailable for Haikou during
2020-2025, an additional ascending-track SBAS/LiCSBAS processing-chain result was used
to assess whether the main deformation pattern depends on the adopted PS/DS-InSAR
processing stream. This comparison was designed as a processing-chain consistency check
rather than as absolute external validation, because both datasets are derived from as-
cending Sentinel-1 observations. The independent point product contained 1,843,330 valid
LOS velocity records after quality screening. To ensure spatial comparability, the inde-
pendent product and the main PS/DS-InSAR products were aggregated to a 250 m grid,
and only grid cells containing at least three valid points in both products were retained.
Agreement was quantified using R2, RMSE, MAE, and mean bias between grid-averaged
LOS velocities.

3.3. GeoDetector Workflow

To explore the spatial heterogeneity and associated explanatory factors of InSAR-
derived LOS deformation in Haikou’s urban core, GeoDetector was employed to assess
the spatial association between deformation patterns and multiple potential influencing
factors. Based on the principle of spatial stratified heterogeneity, GeoDetector quantifies
the explanatory power of each factor by comparing the variance within and between
stratified layers. It further identifies the type of interaction effects among multiple factors.
Spatial preprocessing steps—including rasterization, projection alignment, and resolution
normalization—were conducted in ArcMap, and the statistical analysis was implemented
using the GeoDetector software (http://geodetector.cn/, accessed on 30 July 2026). The
procedure includes factor detection and interaction detection, as described below:

Dependent Variable Construction. The dependent variable is the mean annual LOS
deformation velocity derived from the InNSAR time series. Since the INSAR results are
point-based, they were first converted into a regular grid using GIS tools to ensure spatial
consistency. Each grid cell was assigned a consistent coordinate system, resolution, and
spatial extent. The median LOS deformation velocity within each cell was used to represent
local deformation while mitigating the influence of extreme values. Cells with insufficient
valid InSAR points were excluded to maintain statistical stability.

Construction and Harmonization of Explanatory Factors. Nine candidate explanatory
factors were considered: groundwater type, aquifer water yield, geological zone, human ac-
tivity intensity, road network density, land-use intensity, distance to water bodies, distance
to railways, and elevation. Road, railway, and waterbody features were derived from OSM
and converted into raster layers via kernel density or Euclidean distance transformations.
Elevation was extracted from the DEM. Categorical factors (e.g., geological or hydrogeolog-
ical) were rasterized. All explanatory factor layers were resampled to match the dependent
variable in projection, resolution, and extent, establishing a one-to-one correspondence at
the pixel level for model input.
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Variable Discretization. GeoDetector requires stratified discrete inputs. Categorical
variables retained their original class labels. Continuous variables (e.g., density, distance,
intensity, elevation) were discretized into six classes using the Jenks natural breaks method
to optimize intra-class homogeneity and inter-class separation. Class distributions were
checked to avoid sparsely populated bins. Where necessary, classification thresholds were
adjusted to ensure statistical robustness and spatial interpretability.

Factor Detection and Interaction Analysis. Factor detection computes the explanatory
power (g-statistic) of each factor on the spatial variation in LOS deformation. Higher
g-values indicate stronger spatial explanatory capacity. Interaction detection involves com-
bining two factors into stratified overlays and recalculating the g-value. By comparing the
interaction g-value with individual factor g-values, the interaction type is identified, such
as enhancement, weakening, or independence. This analysis supports the identification of
synergistic or compound explanatory factors associated with LOS deformation.

4. Results
4.1. Spatial Pattern of InSAR-Derived LOS Surface Deformation

Based on Sentinel-1A time-series INSAR observations from September 2020 to August
2025, Haikou’s urban core exhibits spatially heterogeneous LOS surface deformation.
Figure 4 presents the mean annual LOS deformation velocity fields derived from PS-
InSAR and DS-InSAR (Figure 4a,b). Under the sign convention adopted in this study,
negative values denote negative LOS deformation anomalies, whereas positive values
denote positive LOS deformation anomalies. Because the results are derived from a single
ascending viewing geometry, these LOS measurements are not directly interpreted as a
fully resolved vertical displacement field. Apart from differences in scatterer selection and
phase estimation strategies, the two approaches use the same SAR dataset, preprocessing
workflow, atmospheric filtering strategy, reference framework, and quality-control criteria,
allowing their spatial patterns to be compared consistently. Spatial gaps in the velocity
maps mainly correspond to water bodies, vegetation-covered surfaces, rapidly changing
construction areas, and other low-coherence sectors where reliable PS/DS measurement
points could not be retained after quality screening; therefore, these blank areas reflect
scatterer availability and masking criteria rather than confirmed absence of deformation.

110°10'0" East 110°20'0"East 110°30°0" East 110100 Fast 110200 bast 110500 bast

20°00"North
20°00"North
0°00"North

£
z

110°10'0"East 110°20'0"East 110°300"East “East 110°20'0"East 110°30'0"East

(@) (b)

Figure 4. Mean annual LOS deformation velocity fields derived from time-series INSAR: (a) PS-InSAR;
(b) DS-InSAR. Negative values denote negative LOS deformation anomalies, and positive values
denote positive LOS deformation anomalies.
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DS-InSAR yielded 764,573 valid measurement points, approximately 2.80 times the
number obtained from PS-InSAR (272,876), indicating a substantial improvement in spatial
sampling density under complex coastal urban surface conditions. The post-filtering
mean temporal coherence was 0.890 for PS-InSAR and 0.871 for DS-InSAR. Therefore, the
advantage of DS-InSAR in this study is not a higher mean coherence than PS-InSAR, but its
ability to retain a much denser and more spatially continuous set of reliable distributed
scatterers in reclaimed, mixed land-cover, and relatively low-coherence areas. The city-
wide mean annual LOS velocities were —0.08 mm/yr for PS-InSAR and 0.06 mm/yr for
DS-InSAR, both close to zero. These near-zero mean values should not be interpreted as
evidence of negligible deformation; rather, they reflect compensation between localized
negative LOS anomalies and weaker positive LOS signals, as well as the influence of
reference-area selection. Therefore, the following interpretation emphasizes the spatial
distribution, magnitude range, and persistence of deformation anomalies rather than the
city-wide mean value alone.

Spatially, DS-INSAR provides a more continuous LOS deformation field than PS-InSAR,
especially in reclaimed coastal sectors, mixed land-cover mosaics, and newly developed
urban districts where point scatterers are less spatially complete. Pronounced negative
LOS anomalies are mainly distributed in coastal reclaimed sectors, soft-deposit areas, and
zones undergoing intensive urban construction. Given the geomorphic and development
context of these areas, persistent negative LOS anomalies are interpreted as subsidence-
dominated deformation only where supporting contextual evidence is available, rather
than as automatically resolved vertical subsidence. The PS-InNSAR result shows a more
fragmented spatial pattern because valid points are mainly concentrated on buildings,
paved surfaces, and exposed ground. Coverage gaps are more frequent in vegetated,
reclaimed, or decorrelated surfaces, highlighting the complementary value of DS-InNSAR
for coastal urban deformation mapping.

Opverall, both methods identify broadly consistent negative LOS deformation hotspots,
primarily located in the southwestern urban core, port-adjacent areas, and coastal develop-
ment zones. DS-INSAR improves spatial completeness in low-coherence regions and is well
suited for delineating continuous deformation domains, whereas PS-InSAR provides stable
time-series measurements over strongly coherent built-up targets. Their complementary
characteristics improve the spatial integrity of the deformation field and provide a more
reliable basis for subsequent spatial attribution analysis, although they do not replace
independent ground validation of absolute deformation magnitude.

4.2. Positive LOS Deformation Zones and Their Possible Interpretations

In addition to the major negative LOS deformation hotspots, scattered positive LOS
deformation zones are also observed in both PS-InSAR and DS-InSAR results. These
positive signals generally exhibit smaller magnitudes than the negative anomalies, with
maximum values of approximately 4.9 mm/y in the DS-InSAR result and 5.8 mm/y in the
PS-InSAR result. Spatially, the positive LOS signals are more fragmented and less spatially
coherent than the major negative deformation zones, and they do not form a continuous
city-wide deformation belt. This pattern indicates that the positive LOS component is
unlikely to represent a single regional uplift process. Instead, it may reflect a combination
of localized hydrological rebound, residual atmospheric or orbital artifacts, reference-
point effects, minor horizontal motion projected into the LOS direction, or local ground
adjustment related to construction and drainage conditions.

Because the deformation field is derived from a single ascending Sentinel-1 geom-
etry, positive LOS values cannot be interpreted straightforwardly as vertical uplift. In
the adopted observation geometry, a positive LOS signal only indicates motion toward
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the satellite along the radar line of sight. Without descending-track observations or inde-
pendent GNSS/leveling measurements, the vertical and horizontal contributions cannot
be separated. Therefore, these zones are referred to as positive LOS deformation zones
rather than uplift areas in this study. Their explicit consideration is nevertheless important,
because they partly explain the near-zero mean LOS velocities of the PS- and DS-InSAR
solutions and help avoid an overemphasis on negative deformation alone.

4.3. Temporal Evolution of Negative LOS Deformation Hotspots

To further characterize the temporal evolution of negative LOS deformation hotspots
in Haikou’s urban core, we extracted 10 representative time slices of cumulative LOS
displacement from the DS-InSAR results between March 2021 and August 2025 (Figure 5).
The Sentinel-1 observation period begins in September 2020, which is used as the reference
epoch for cumulative displacement; therefore, the initial 2020 epoch is zero by definition and
the displayed cumulative snapshots start from March 2021. In parallel, 10 representative
negative LOS monitoring points (P1-P10, Figure 6) were selected from spatially persistent
negative LOS hotspots while considering spatial coverage across the major deformation
zones, local deformation magnitude, and the availability of both PS- and DS-InSAR time-
series measurements. Their coordinates and time-series-derived PS/DS LOS deformation
metrics are summarized in Table 3. These points were used to construct cumulative
LOS displacement time series (Figure 7), enabling joint analysis from regional and point-
scale perspectives.

202403 202409 202503 202508

202309
Figure 5. Temporal evolution of cumulative LOS displacement in Haikou’s urban core. The full
Sentinel-1 observation period begins in September 2020, which is used as the reference epoch;
representative cumulative displacement snapshots are therefore shown from March 2021 onward.
Colors represent cumulative LOS displacement (mm) according to the color scale shown within
each panel.
Table 3. Coordinates and LOS deformation characteristics of representative monitoring points P1-P10.
. Longitude . o PS Velocit DS Velocit PS Cumulative DS Cumulative
Point (§E) Latitude (°N) (mm/yr) y (mm/yr) y (mm) (mm)
P1 110.172106 19.973254 —3.795 —3.388 —18.0 —17.6
P2 110.203637 19.942214 —3.784 —3.646 —18.1 —18.2
P3 110.226424 19.877594 —2.163 —2.307 —-12.2 —14.3
P4 110.289178 19.847339 —7.015 —7.533 -33.1 —34.3
P5 110.279081 19.943144 -5.178 —5.641 —26.9 —28.0
pPé6 110.295288 20.010043 —-5.967 —6.310 —-30.4 -31.3
p7 110.370734 20.032654 —9.765 —9.436 —45.1 —43.9
P8 110.408508 20.036223 -5.720 —5.326 —26.0 -20.0
P9 110.415349 19.977926 —4.724 —4.268 —-22.0 —-21.2
P10 110.490302 20.010941 —17.864 —18.526 —874 —89.0
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Figure 6. Spatial distribution of representative negative LOS deformation hotspots and the A-A’
cross-section profile.
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Figure 7. Cumulative LOS displacement time series at representative negative LOS deformation
hotspots. Panels P1-P10 show paired PS-InSAR (blue) and DS-InSAR (red) cumulative LOS displace-
ment curves during the observation period.
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Interannual Evolution Patterns. As shown in Figure 5, the spatial progression of
negative LOS deformation exhibits distinct stage-wise characteristics during the obser-
vation period. In the initial mapped stage after March 2021, negative LOS anomalies
were limited to several localized low-lying and soft-deposit zones, with relatively small
magnitudes and scattered distribution. As urban construction and coastal development
continued, negative LOS deformation expanded and emerging development areas began
to exhibit patchy deformation, indicating a shift from isolated anomalies to more connected
deformation zones.

By 2023, pronounced negative LOS deformation occurred in reclaimed coastal areas,
forming the most significant negative deformation hotspot across the study area. The
deformation center shifted from the traditional western urban core toward the northeastern
coastal district, with maximum cumulative LOS displacement exceeding 80 mm. During
2024-2025, the spatial extent of major negative LOS deformation zones became relatively
stable, although deformation continued at a slower pace. This suggests a transition toward
a decelerating or quasi-stable phase. By the end of 2025, cumulative LOS displacement at
the most affected locations approached 90 mm, with the spatial pattern largely established.

Time-Series Behavior at Representative Points. Figure 7 presents the cumulative LOS
displacement time series for the 10 selected points. Most points show sustained nega-
tive LOS trends without obvious rebound, indicating cumulative and persistent negative
deformation behavior. Notable differences exist across points. P10 shows the largest cu-
mulative LOS displacement, with total displacement approaching 90 mm over five years,
corresponding to the highest average negative LOS velocity among all selected sites. This
pattern is consistent with a setting characterized by soft subsoil conditions and intensive
construction-related loading and disturbance. In contrast, P3, P6, and P7 also show steady
negative LOS deformation but at lower rates of approximately 10-13 mm/y. Some points,
such as P4 and P9, reveal phase-dependent rate changes, with acceleration or deceleration
during certain intervals. These fluctuations may be related to construction timelines, sea-
sonal groundwater-level variation, or differential soil consolidation processes, highlighting
the combined influence of anthropogenic and hydrogeological conditions.

Rate Variability and Spatial Heterogeneity. Synthesizing the spatial and temporal
patterns, negative LOS deformation in Haikou exhibits clear heterogeneity. The annual
negative LOS velocities across the selected monitoring points range from approximately
8 to 18 mm/y. Faster negative LOS deformation is concentrated in coastal reclamation
zones, newly developed districts, and soft-deposit areas, while slower rates occur in the
established urban core where ground conditions are comparatively more stable. These
patterns suggest that the observed negative LOS deformation is associated not only with
subsurface lithology and groundwater conditions but also with urbanization intensity,
development stage, and foundation treatment. Time-series characteristics such as slope,
smoothness, and phase-dependent variation provide important temporal constraints for
subsequent spatial attribution and mechanism interpretation.

4.4. Profile Interpretation of the P10 Negative LOS Deformation Hotspot

High-resolution optical imagery from Tianditu (Figure 8) indicates that the defor-
mation hotspot spatially coincides with the Hainan National Tropical Agricultural Park,
particularly near the main entrance where intensive built-up development and surface
hardening are observed. This spatial correspondence is consistent with localized surface
loading as a plausible contributor to the observed deformation pattern.

Located in Jiangdong New District, Point P10 exhibits one of the strongest deformation
signals in the study area. The A-A’ profile (Figure 9) was constructed by projecting PS/DS
measurement points onto the transect and summarizing them in approximately 20 m
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distance bins without additional smoothing. It shows a basin-like pattern with clear
asymmetry: the maximum cumulative deformation (approximately 90 mm) is concentrated
near the A’-end entrance and gradually decreases toward the A-end. The sharp lateral
gradients indicate a localized deformation core and pronounced spatial heterogeneity along
the profile, suggesting non-uniform controlling conditions across the transect.

110°29'10"East 110°29'20"East 110°29'10"East 110°29'20"East

20°1'0"North
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Figure 8. Satellite imagery of the P10 negative LOS deformation hotspot. Colored cells in the (left)
panel show LOS velocity (mm/yr; warmer colors indicate more negative values), and the white line
marks A-A’. In the (right) Tianditu image, the red point marks the park entrance.
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Figure 9. Cross-sectional profiles along A-A’ in the P10 negative LOS deformation zone. The
horizontal axis is expressed as profile distance in kilometers, calculated from the endpoints A
(110.485871°E, 20.012152°N) and A’ (110.489737°E, 20.012209°N). Profile points were projected
onto the transect and summarized in approximately 20 m distance bins; no additional smoothing
was applied.

From a geotechnical standpoint, the P10 zone is situated within a coastal reclaimed
area where soft, compressible deposits are commonly present, which may favor long-term
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Annual average deformation rate of DS-InSAR (mm/y)

settlement under additional loads. In addition, rapid construction activities within the park
and nearby plots can impose significant short-term loading; potential groundwater-level
variations may further modulate effective stress and consolidation behavior. These factors,
alone or in combination, may explain the concentrated deformation core near the A" end of
the profile.

4.5. Internal Consistency Between PS- and DS-InSAR LOS Deformation Results

Because no independent ground-based deformation measurements, such as GNSS or
leveling observations, were available for the 2020-2025 study period, this section evaluates
the inter-method consistency between PS-InSAR and DS-InSAR results rather than the
absolute accuracy of the retrieved deformation. Both solutions were derived from the
same Sentinel-1A dataset and share similar sources of uncertainty, including atmospheric
residuals, phase-unwrapping errors, residual orbital ramps, DEM-related errors, and
reference-point selection. Therefore, the comparison presented here should be regarded as
an internal consistency assessment of LOS deformation patterns, not as an independent
validation of true ground displacement.

To ensure spatial comparability, each PS point was paired with its nearest DS point
within a 15 m radius. After removing duplicate matches, 272,876 valid PS-DS point pairs
were retained. For each pair, the mean annual LOS deformation velocities were extracted
and denoted as VPS and VDS, respectively. A least-squares linear regression was then
performed using VPS as the independent variable and VDS as the dependent variable. The
coefficient of determination R? was used to quantify the degree of linear agreement between
the two solutions. In addition, the velocity difference Av = VDS — VPS was calculated to
evaluate the magnitude and distribution of inter-method deviations (Figure 10).
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Figure 10. Internal consistency assessment between PS- and DS-INSAR LOS deformation results at
collocated points. (a) Scatterplot and linear regression of mean annual LOS deformation velocities;
(b) distribution of inter-method velocity differences Av = VDS — VPS. This comparison evaluates
inter-method consistency rather than independent deformation accuracy. In panel (a), the red line
denotes the fitted regression; in panel (b), the red outline denotes the histogram counts and the blue
curve denotes the fitted distribution.

The regression analysis shows a clear linear relationship between the collocated PS- and
DS-InSAR LOS velocity estimates (Figure 10a). The fitted model is VDS = 0.86VPS + 0.10,
with R? = 0.8048, RMSE = 0.569 mm/yr, MAE = 0.397 mm/yr, and a mean bias of
0.111 mm/yr, indicating substantial agreement in the first-order spatial pattern of LOS
deformation. The slope below unity suggests that DS-InSAR produces a slightly smoother
velocity field than PS-InSAR, probably because phase-linking and filtering suppress local
extreme values. This agreement supports the spatial consistency of the two processing
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streams, but it should not be interpreted as an independent accuracy assessment because
both results are derived from the same SAR observations.

The distribution of Av further supports this interpretation (Figure 10b). Approximately
71.89% of the paired points have absolute PS-DS velocity differences within 0.5 mm/yr,
93.19% are within 1.0 mm/yr, and 99.36% are within 2.0 mm/yr. The 5th-95th percentile
range of Av is —0.729 to 0.973 mm/yr. This narrow residual distribution indicates that
PS- and DS-InSAR produce highly similar LOS velocity estimates over most collocated
points. Nevertheless, the small inter-method difference should not be equated with absolute
deformation accuracy, because shared error components may remain in both solutions.

In summary, DS-InSAR provides better spatial continuity in reclaimed, vegetated, and
mixed land-cover areas, whereas PS-InSAR provides stable measurements over strongly
coherent built-up targets. The high level of agreement between the two solutions indicates
that the main LOS deformation patterns are not artifacts of a single scatterer-selection
strategy. However, this comparison only demonstrates inter-method consistency and does
not remove the need for independent ground validation. Therefore, the PS-DS comparison
is used here to support the robustness of spatial pattern interpretation, while the absolute
magnitude and physical decomposition of deformation should be treated with caution.

An independent ascending-track SBAS/LiCSBAS processing-chain result was fur-
ther compared with the main PS/DS-InSAR products at the grid scale (Figure 11). For the
comparison with the main DS-InSAR result, 5722 common 250 m grid cells satisfied the min-
imum point-count criterion. The independent result shows very strong agreement with the
main DS-InSAR velocity field, with R2 = 0.9879, RMSE = 0.192 mm/yr, MAE = 0.101 mm/yr,
and a mean bias of —0.012 mm/yr. The comparison with the main PS-InSAR result also
shows high consistency (5113 common grid cells; R2 = 0.9133; RMSE = 0.341 mm/yr;
MAE = 0.222 mm/yr; bias = 0.085 mm/yr). These results indicate that the main LOS
deformation pattern is not an artifact of a single scatterer-selection strategy or one specific
processing chain. However, because the independent product is still based on ascend-
ing Sentinel-1 observations, this comparison should be interpreted as processing-chain
consistency rather than ground-truth validation.
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Figure 11. Independent processing-chain consistency assessment of mean LOS velocity. (a) Main
DS-InSAR mean LOS velocity aggregated to 250 m grid cells; (b) independent ascending-track
SBAS/LiCSBAS processing-chain mean LOS velocity over the same common grid cells; (c) grid-level
scatterplot between the two products. Mean LOS velocity denotes the average annual displacement
rate projected onto the ascending Sentinel-1 radar line of sight; under the adopted sign conven-
tion, negative values indicate motion away from the satellite and positive values indicate motion
toward the satellite. The comparison evaluates processing-chain consistency rather than independent
ground validation.
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4.6. GeoDetector-Based Spatial Attribution

GeoDetector was employed to quantify the explanatory factors associated with spatial
stratified heterogeneity in INSAR-derived LOS deformation. The annual mean LOS defor-
mation velocity was used as the dependent variable Y (mm/y; negative values indicate
negative LOS deformation anomalies). Nine candidate explanatory factors were considered:
groundwater type (X1), water-yield property (X2), geological zoning (X3), human activity
intensity (X4), road network density (X5), land-use intensity (X6), distance to water bodies
(X7), distance to railways (X8), and elevation (X9). All factor layers were projected to a
unified spatial reference system and aligned to the same analysis grid (cell size = 250 m).
Point-based InSAR results were aggregated to this grid using the median LOS deformation
velocity per cell; cells containing fewer than five INSAR points were excluded to reduce
statistical instability.

For factor construction, OpenStreetMap (OSM) vector layers were converted into raster
predictors using fixed, reproducible settings. Road network density (X5) was generated by
kernel density estimation of OSM road polylines with highway tags including motorway,
trunk, primary, secondary, tertiary, and residential roads, using a bandwidth/search radius
of 1000 m and an output cell size consistent with the analysis grid. Distance to railways (X8)
was derived from OSM railway features, and distance to water bodies (X7) was represented
by Euclidean distance to OSM water features. These OSM-derived variables should be
interpreted as spatial proxies for the urban-transport and surface-water setting during
the study period rather than as fully time-resolved dynamic variables. Composite indices
such as human activity intensity (X4) were constructed from OSM-derived density layers
and normalized using min-max scaling to [0, 1]. Land-use intensity (X6) was derived by
reclassifying land-use categories into ordinal intensity levels and resampling to the same
grid. Spatial stratification maps of all nine factors are shown in Figure 12.

Prior to GeoDetector input, continuous explanatory variables were discretized using
the natural breaks (Jenks) method with six strata (k = 6), while categorical variables retained
their original classes. To avoid subjective tuning and ensure reproducibility, discretization
quality was checked using an objective minimum-sample rule: if any stratum contained
fewer than 1% of valid grid cells or fewer than 30 cells, it was merged with the nearest
adjacent stratum iteratively until all strata met the minimum-sample criterion; the final
breakpoints were then fixed for subsequent analyses.

The factor detector was applied to obtain the g-statistic and associated p-value (sig-
nificance level p < 0.05) for ranking the explanatory power of each factor. Statistical
significance was evaluated using a permutation-based test with 999 random permutations:
the dependent variable was randomly reassigned among grid cells while preserving factor
stratification, and the p-value was computed as the proportion of permuted g-statistics
greater than or equal to the observed g-statistic. The interaction detector was further
used by overlaying two factors to evaluate whether their combined stratification increased
explanatory power relative to each factor alone; interaction outcomes were reported as
bivariate enhancement or nonlinear enhancement following standard GeoDetector criteria.
The interaction heatmap is shown in Figure 13.

The factor-detector results are summarized in Table 4. Water-yield property (X2;
q = 0.5081) and groundwater type (X1; q = 0.5070) show the highest individual explanatory
power, followed by human activity intensity (X4; q = 0.3131) and land-use intensity (X6;
q = 0.3105). All nine factors are statistically significant at p < 0.02; the p-values of X2 and
X3 are 0.02, whereas those of the other factors are 0.01. These g-statistics correspond to the
diagonal cells in Figure 13.
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Figure 12. Spatial stratification maps of nine explanatory factors for LOS deformation: (a) Groundwa-
ter type (X1); (b) water-yield property (X2); (c) geological zoning (X3); (d) human activity intensity
(X4); (e) road network density (X5); (f) land-use intensity (X6); (g) distance to water bodies (X7);
(h) distance to railways (X8); and (i) elevation (X9).

Table 4. Factor-detector g-statistics and permutation-test p-values for the nine explanatory factors.

Factor Explanatory Variable q-Statistic p-Value
X1 Groundwater type 0.5070 0.01
X2 Water-yield property 0.5081 0.02
X3 Geological zoning 0.1954 0.02
X4 Human activity intensity 0.3131 0.01
X5 Road network density 0.1679 0.01
X6 Land-use intensity 0.3105 0.01
X7 Distance to water bodies 0.0733 0.01
X8 Distance to railways 0.0963 0.01
X9 Elevation 0.1643 0.01

The interaction between geological zoning and elevation (X3 N X9, q = 0.6363) is

also prominent, indicating that topographic context may modulate geologically related

deformation patterns. Although X7 and X8 show low individual g-values, their interactions

with hydrogeological factors (e.g., X2 N X7 = 0.6358, X1 N X7 = 0.6338, X2 N X8 = 0.6171,
X1 N X8 = 0.6154) exhibit nonlinear enhancement, suggesting that distance-related vari-
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ables may act as conditional indicators whose relevance depends on the underlying hydro-
geological environment rather than operating as independent drivers.

0.7180
0. 6257
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Figure 13. Heatmap of interaction effects between explanatory factors based on GeoDetector analysis.
Diagonal cells represent single-factor g-statistics from the factor detector, whereas off-diagonal cells
represent two-factor interaction g-statistics obtained by overlaying paired factor strata.

In contrast, several combinations (e.g., X6 N X7, q = 0.0822; X6 N X8, q = 0.1018;
X5N X6, q =0.1775; X6 N X9, q = 0.1765) show limited improvement over individual
factors, indicating weaker interaction effects under the adopted stratification scheme.

Overall, the GeoDetector results support a composite interpretation of Haikou’s LOS
deformation pattern. Hydrogeological conditions (X1-X2) provide a primary spatial back-
ground, while development-related factors (X4-X6) and transportation density (X5) are
associated with amplified negative LOS deformation when co-located with sensitive hy-
drogeological settings. These findings can inform spatially differentiated monitoring and
risk management, while mechanism-level attribution should be further supported by
site-specific evidence, such as hydrogeological observations and engineering records.

5. Discussion
5.1. Robustness and Spatial Meaning of the LOS Deformation Field

The combined PS- and DS-InSAR results reveal a spatially heterogeneous LOS de-
formation field in Haikou. The most robust feature is the recurrence of major negative
LOS deformation anomalies in both processing streams, particularly in reclaimed coastal
sectors, port-adjacent areas, and Jiangdong New District. The added value of DS-InSAR is
demonstrated primarily by spatial coverage: DS-InNSAR retained 764,573 valid points, ap-
proximately 2.80 times the PS-InSAR point count, and therefore provides a denser depiction
of deformation domains in reclaimed, mixed land-cover, and relatively low-coherence areas.
PS-InSAR, by contrast, provides stable measurements over strongly coherent built-up tar-
gets. Their collocated velocity agreement (R2 = 0.8048; RMSE = 0.569 mm/yr), the near-zero
velocities of the reference sectors, and the independent SBAS/LiCSBAS processing-chain
comparison with the main DS-InSAR result (R2 = 0.9879; RMSE = 0.192 mm/yr) jointly
support the robustness of the relative LOS deformation pattern. These tests do not con-
stitute independent ground validation, but they reduce the likelihood that the observed
deformation pattern is merely a processing artifact.
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5.2. Interpretation of Negative and Positive LOS Deformation Signals

The negative LOS deformation hotspots are mainly concentrated in zones where geo-
morphic and development conditions are consistent with subsidence-dominated processes,
such as reclaimed coastal land, soft-deposit areas, and newly developed construction zones.
In these areas, persistent negative LOS signals, basin-like spatial patterns, and their corre-
spondence with intensive surface development provide contextual support for interpreting
the anomalies as subsidence-dominated deformation. However, this interpretation remains
conditional because the single ascending Sentinel-1 geometry does not allow the vertical
and horizontal components to be separated. Therefore, negative LOS deformation is not
treated as equivalent to pure vertical subsidence throughout the entire study area.

Positive LOS deformation signals are also present in the deformation field. Unlike
the major negative hotspots, these positive signals are generally weaker, more scattered,
and less spatially coherent. They do not form a continuous regional deformation belt and
therefore should not be interpreted as confirmed uplift. Possible explanations include
localized hydrological rebound, residual atmospheric or orbital artifacts, reference-point
effects, local construction-related adjustment, or horizontal motion projected into the
ascending LOS direction. Their presence partly explains the near-zero city-wide mean
LOS velocity and highlights the need to interpret deformation patterns based on spatial
persistence and local context rather than on mean values alone.

5.3. Hydrogeological Conditioning and Development Amplification

The spatial attribution results suggest that hydrogeological background variables,
particularly groundwater type and aquifer water-yield property, have stronger explanatory
power for the spatial distribution of LOS deformation than most development-related
proxies. This does not prove a direct causal mechanism, but it indicates that the defor-
mation pattern is spatially organized by hydrogeological heterogeneity. In other words,
hydrogeological conditions appear to define the susceptibility background on which urban
development processes operate.

Development-related variables, such as human activity intensity, road network density,
and land-use intensity, show stronger explanatory value when combined with hydrogeo-
logical factors than when considered alone. This interaction pattern supports a “hydroge-
ologically conditioned and development-amplified” interpretation: coastal deposits and
groundwater-related conditions provide the background susceptibility, while construction
loading, surface hardening, drainage modification, and infrastructure development may
amplify deformation where the subsurface is already sensitive. This interpretation is con-
sistent with the spatial concentration of negative LOS hotspots in reclaimed and newly
developed coastal sectors.

Nevertheless, the GeoDetector results should be interpreted as evidence of spa-
tial association and interaction rather than as direct proof of process-level causality.
Quantitative separation of groundwater withdrawal, soil consolidation, construction
loading, and horizontal motion requires additional time-resolved hydrogeological and
engineering observations.

5.4. Uncertainties, Limitations, and Future Work

Several limitations should be explicitly acknowledged. First, the deformation field
was derived from a single ascending Sentinel-1 geometry. Therefore, the reported rates
represent LOS deformation rather than a complete three-dimensional displacement field.
Any interpretation in terms of subsidence-dominated deformation implicitly assumes
that vertical motion is the primary component in the identified negative LOS hotspots,
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but this assumption cannot be fully verified without descending-track InNSAR, GNSS, or
leveling observations.

Second, no independent ground-based deformation measurements were available
for the 2020-2025 study period. The PS-DS comparison, reference-area stability statistics,
and independent SBAS/LiCSBAS processing-chain comparison demonstrate relative con-
sistency of the LOS deformation field, but they do not constitute external validation of
absolute deformation magnitude. Shared error sources, including atmospheric residuals,
residual orbital ramps, phase-unwrapping errors, DEM-related errors, viewing-geometry
limitations, and reference-point selection, may remain in Sentinel-1-derived products.
Therefore, the absolute magnitude of deformation and its physical decomposition should
be interpreted cautiously.

Third, the attribution analysis is based largely on spatial proxy variables derived
from geological maps, hydrogeological classifications, DEM data, and OSM-based urban
indicators. These variables are useful for identifying spatial stratified heterogeneity, but they
cannot fully represent time-dependent processes such as groundwater-level fluctuations,
staged construction loading, artificial fill consolidation, drainage changes, or temporal
changes in the road and land-use network. As a result, the GeoDetector analysis quantifies
spatial explanatory power and interaction patterns rather than direct causality.

Fourth, the GeoDetector results may be affected by the choice of analysis grid, dis-
cretization method, and factor classification. In this study, INSAR points were aggregated
to a 250 m grid and continuous variables were discretized using the Jenks natural breaks
method. Although minimum-sample rules were applied to avoid unstable strata, different
grid sizes or discretization schemes may lead to variations in g-values and interaction
strength. Future studies should test the sensitivity of attribution results to grid resolution
and classification strategy.

Future work should integrate ascending and descending InSAR observations to better
constrain vertical and horizontal deformation components. Independent GNSS, leveling,
borehole stratigraphy, groundwater-level monitoring, and construction chronology data
are also needed to validate the deformation magnitude and to quantify the relative con-
tributions of hydrogeological conditions and development disturbance. Such data would
enable a transition from spatial attribution toward more process-based modeling of coastal
urban deformation.

6. Conclusions

This study characterized the spatiotemporal pattern of urban surface deformation in
Haikou, China, during 2020-2025, by combining Sentinel-1A PS-InSAR and DS-InSAR time-
series analysis with spatial attribution analysis. All deformation estimates were interpreted
as line-of-sight (LOS) measurements derived from a single ascending viewing geometry.

The InNSAR-derived LOS deformation field shows pronounced spatial heterogeneity.
Major negative LOS deformation anomalies are concentrated in reclaimed coastal sectors,
port-adjacent areas, and rapidly developing coastal districts, especially Jiangdong New
District. In the most active hotspot, cumulative LOS displacement locally approaches
90 mm. These spatially persistent negative anomalies are interpreted as subsidence-
dominated deformation only where supported by local geomorphic, hydrogeological,
and development evidence.

The combined use of PS-INSAR and DS-InSAR improves the spatial characterization
of deformation in complex coastal urban environments. Relative to PS-InSAR, DS-InSAR
substantially increases the density and continuity of valid observations in reclaimed and
low-coherence areas, while maintaining good internal consistency with collocated PS-
INSAR estimates. The additional SBAS/LiCSBAS processing-chain comparison further

https://doi.org/10.3390 /1518152570


https://doi.org/10.3390/rs18152570

Remote Sens. 2026, 18, 2570 23 of 25

confirms the stability of the main grid-scale LOS deformation pattern. Their joint applica-
tion provides a more complete depiction of localized negative LOS anomalies and broader
deformation domains, although these consistency checks do not replace independent
ground validation.

Spatial attribution analysis indicates that hydrogeological background variables, es-
pecially groundwater type and aquifer water-yield property, show stronger explanatory
power for the spatial distribution of LOS deformation than most development-related prox-
ies. Human activity intensity, road network density, and land-use intensity are associated
with stronger negative LOS deformation where hydrogeological conditions are susceptible.
These results support a cautious interpretation that coastal urban deformation in Haikou is
hydrogeologically conditioned and development-amplified, rather than being controlled
by a single factor.

Taken together, the results indicate that Haikou’s coastal urban deformation should
be interpreted as a spatially heterogeneous process associated with vulnerable coastal de-
posits, groundwater-related background conditions, and development-induced disturbance.
Within the limitations of single-geometry INSAR and proxy-based spatial attribution, this
study provides a basis for identifying priority monitoring zones, supporting groundwater-
sensitive land development, and informing risk-aware infrastructure planning in rapidly
urbanizing coastal cities.
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