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Abstract 25 

Vertical land motion (VLM) is a critical component of relative sea-level rise (RSLR) assessments and can vary 26 

substantially across local to regional scales and over multi-year to decadal timescales due to differences in geology, 27 

natural processes, and anthropogenic influences. Coastal Massachusetts (MA) is a low-lying, geologically diverse 28 

region encompassing densely urbanized shorelines, glacially conditioned sediments, and environmentally sensitive 29 

wetlands, making it particularly vulnerable to the compounding effects of land subsidence and rising sea levels. 30 

Despite this vulnerability, spatially resolved, temporally representative characterizations of VLM across coastal MA 31 

remain limited, introducing significant uncertainty into regional RSLR projections and flood risk assessments.  In 32 

this study, we characterize near-decadal (2016-2025) spatial and temporal variability in VLM across coastal MA by 33 

integrating continuous Global Navigation Satellite System (GNSS) time series with high-resolution (90-m) Sentinel-34 

1 Interferometric Synthetic Aperture Radar (InSAR) observations. GNSS analysis reveals significant temporal 35 

variability in VLM, with distinct regional patterns including accelerating subsidence on the Cape Cod Peninsula, 36 

decelerating trends along the South Coast, and relatively stable conditions in Massachusetts Bay. Accounting for 37 

this temporal variability, InSAR observations are referenced to temporally representative GNSS-derived VLM rates, 38 

revealing a clear north-south gradient in present-day deformation, ranging from near-stable conditions in the North 39 

Shore and Massachusetts Bay region to subsidence rates exceeding ~2-3 mm yr⁻¹ toward Cape Cod Peninsula and 40 

the Outer Islands. Incorporating locally derived InSAR-based VLM rates into RSLR projections under the SSP2-41 

4.5 scenario leads to spatially variable outcomes compared to projections based on regionally averaged 42 

Intergovernmental Panel on Climate Change (IPCC) VLM estimates, with projected RSLR ranging from 43 

approximately 0.48 m in the North Shore region to over 0.59 m in the Outer Islands by 2050. These findings 44 

highlight the importance of incorporating temporally representative, locally derived VLM rates to improve 45 

characterization of present-day coastal deformation and to support location-specific coastal adaptation strategies 46 

along coastal MA. 47 

Keywords: Vertical land motion (VLM); InSAR; GNSS; VLM acceleration; Sea level rise; Coastal Massachusetts.   48 
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Highlights 49 

• GNSS time series reveal temporal VLM variability: accelerating subsidence at Cape Cod and decelerating along 50 

the South Coast. 51 

• Sentinel-1 InSAR referenced to temporally representative GNSS rates reveals a north-south subsidence gradient 52 

across coastal Massachusetts. 53 

• Subsidence exceeds 2-3 mm yr⁻¹ toward Cape Cod and the outer islands, contrasting with near-stable conditions 54 

in Massachusetts Bay. 55 

• InSAR-derived VLM yields RSLR projections ranging from ~0.48 m at Cape Ann to >0.59 m in the outer 56 

islands by 2050. 57 

• Integrating temporally representative GNSS rates with InSAR improves characterization of present-day coastal 58 

deformation and flood risk.  59 
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Graphical Abstract 60 

 61 

Graphical abstract description: 62 

This graphical abstract summarizes the key components and findings of a near-decadal study of vertical land motion 63 

(VLM) and its implications for relative sea-level rise (RSLR) along coastal Massachusetts. Panel 1 presents the 64 

study area, showing the locations of continuous Global Navigation Satellite System (GNSS) stations (red triangles) 65 

and tide gauges (blue triangles) across coastal Massachusetts, along with the Sentinel -1 synthetic aperture radar 66 

(SAR) acquisition footprint used for interferometric processing. Three GNSS stations representing distinct 67 

deformation regimes, MASA (Massachusetts Bay), ACU6 (South Coast), and MAOR (Cape Cod), are highlighted 68 

with colored square markers, while three tide gauge stations, Boston, Woods Hole, and Nantucket Island, are 69 

highlighted with colored circle markers. The marker border colors correspond to the VLM color scale shown in 70 

Panel 2, linking each station to the regional deformation pattern. Panel 2 illustrates the observed VLM, beginning 71 

with representative GNSS time series that highlights temporal variability in decadal VLM rates across the regions, 72 

followed by a Sentinel-1 Interferometric SAR (InSAR) deformation map referenced to temporally representative 73 

GNSS-derived velocities. The deformation map reveals a clear north-south gradient, with near-stable conditions 74 

along the North Shore and Massachusetts Bay and increasing subsidence toward Cape Cod and the outer islands. 75 

Representative GNSS time series highlight temporal variability in decadal VLM rates across the region. Panel 3 76 

shows the implications of incorporating locally derived VLM into RSLR projections under the SSP2-4.5 scenario 77 

through 2050, comparing projections based on InSAR-derived VLM with those using regionally averaged 78 

Intergovernmental Panel on Climate Change (IPCC) estimates. The results indicate spatially variable RSLR 79 

projections, ranging from approximately 0.48 m along the North Shore to more than 0.59 m in the outer islands. 80 

This study demonstrates that integrating temporally representative GNSS-derived rates reduces inconsistencies 81 

arising from time-dependent VLM and improves characterization of present-day coastal deformation.  82 
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1. Introduction 83 

Vertical land motion (VLM), defined as the upward or downward movement of the Earth's surface over time, 84 

represents a critical component of coastal change assessments. The magnitude of VLM can vary significantly over 85 

short spatial scales due to various natural and anthropogenic activities (Shirzaei et al., 2021; Wu et al., 2022) and 86 

variations in local geology (Sharma et al., 2025). In addition to spatial variability, the temporal variability in VLM, 87 

including non-linear trends and accelerations over multi-year to decadal time scales, introduces additional 88 

uncertainty into sea-level assessments (Govorcin et al., 2025; Jiang et al., 2010; Sharma et al., 2025).  89 

The accurate characterization of VLM is particularly critical for assessments of relative sea-level rise 90 

(RSLR). While global mean sea level (GMSL) has risen approximately 20 cm since 1900 (Church et al., 2013), 91 

corresponding to an average rate of ~1.6-1.8 mm yr⁻¹ (Mu et al., 2025; Wang et al., 2024) and is projected to continue 92 

rising throughout the 21st century (Horton et al., 2020), the actual sea-level change observed at regional coastal sites 93 

varies significantly due to several local and regional factors. These processes include eustatic sea-level rise (the 94 

global component driven by thermal expansion and ice mass loss), sterodynamic changes resulting from ocean 95 

circulation and density variations, gravitational, rotational, and deformational (GRD) effects arising from ice sheet 96 

melting patterns, and vertical land motion (VLM) (Church et al., 2013; Garner et al., 2022). Among these regional 97 

processes, VLM typically exhibits the greatest spatial variability and is often the dominant factor causing localized 98 

deviations at many coastal locations, often exceeding the contributions from sterodynamic and GRD effects. 99 

(Oelsmann et al., 2024). 100 

Along the US Atlantic coast, glacial isostatic adjustment (GIA) represents the dominant natural process 101 

driving regional-scale VLM patterns. The retreat of the Laurentide Ice Sheet following the Last Glacial Maximum 102 

initiated ongoing crustal readjustment, with formerly glaciated regions experiencing post -glacial rebound while 103 

peripheral areas undergo forebulge collapse and associated subsidence (Peltier et al., 2015). Regional GIA models 104 

such as ICE-6G (Peltier et al., 2015) predict spatially variable subsidence rates across the US East Coast based on 105 

distance from the former ice margin and local crustal rheology. However, superimposed on this regional GIA signal 106 

are local VLM contributions from sediment compaction, groundwater dynamics, and anthropogenic activities that 107 

can locally exceed GIA-predicted rates by a factor of 2-3 (Karegar et al., 2016; Ohenhen et al., 2023). These local 108 

causes introduce substantial spatial heterogeneity that regional GIA models cannot capture, necessitating high-109 

resolution observational approaches to characterize the full complexity of coastal VLM. 110 

Coastal Massachusetts (MA) is a vulnerable, low-lying coastal area facing significant risks due to the 111 

complex interplay of coastal hazards and socioeconomic exposure. This area encompasses a diverse range of coastal 112 

settings, from densely urbanized shorelines in Boston Harbor to environmentally sensitive wetlands along Cape Cod 113 

(Figure 1). The region faces compounding risks from storm surge, king tides, and accelerating SLR, with recent 114 

studies documenting increasing frequency and severity of coastal flooding events (Ali et al., 2025). In response to 115 

these growing threats, multiple regional and municipal adaptation initiatives have been developed to enhance coastal 116 

resilience. The MA Office of Coastal Zone Management (CZM) launched the StormSmart Coasts Program 117 

(“Massachusetts Sea Level Rise and Coastal Flooding Viewer | Mass.gov”) , while the Cape Cod Commission 118 

developed the Cape Cod Coastal Planner through the Resilient Cape Cod project supported by National Oceanic 119 

and Atmospheric Administration (NOAA) (“Cape Cod Commission | Cape Cod Coastal Planner”). Additionally, 120 

major municipalities such as Boston, Salem, Falmouth, New Bedford, and Gloucester have undertaken their 121 

comprehensive climate adaptation efforts. While these programs provide valuable information on area inundation 122 

under different SLR scenarios, they typically utilize SLR projections without incorporating VLM. This means that 123 

current planning tools do not represent the RSLR that coastal communities will experience, potentially leading to 124 

inadequate adaptation strategies. 125 

The most comprehensive national effort to date for RSLR assessment, the 2022 Sea Level Rise Technical 126 

Report (Sweet et al., 2022), provides probabilistic sea-level scenarios for all U.S. coastal states and territories 127 

through 2150. These projections utilize methodologies from the Sixth Assessment Report (AR6) of the 128 

Intergovernmental Panel on Climate Change (IPCC) (Garner et al., 2022) and are made accessible through the web-129 

based Interagency Sea Level Rise Scenario Tool (“Interagency Sea Level Rise Scenario Tool”). This tool provides 130 

localized RSLR scenarios at selected tide gauge stations under five different projections for 2100: Low (1 ft), 131 

Intermediate-Low (1.6 ft), Intermediate (3.3 ft), Intermediate-High (4.9 ft), and High (6.6 ft). For coastal MA, 132 

projections are available at only three of the six tide gauge stations in the region, limiting spatial coverage for local 133 
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planning applications. The projections in this report incorporate VLM rates estimated through a spatiotemporal 134 

statistical model of tide-gauge data updated from Kopp et al., 2014, but assume these rates remain linear over both 135 

the historical record and future projections. Notably, the report explicitly suggests utilizing Interferometric Synthetic 136 

Aperture Radar (InSAR) technology for improved understanding of spatial and temporal VLM variability for 137 

enhanced RSLR projections. 138 

The integration of InSAR and Global Navigation Satellite System (GNSS) data has enabled unprecedented 139 

spatial resolution for VLM monitoring across coastal regions. This high-resolution monitoring capability allows for 140 

the development of localized RSLR projections, which are critical for low-lying coastal communities. In vulnerable 141 

low-lying coastal communities, even minor variations in sea-level change can substantially impact vulnerability 142 

assessments and adaptation planning decisions. Previous studies using InSAR have assessed quantitative aspects of 143 

potential vulnerabilities due to RSLR along coastal MA, by incorporating VLM rates into flood risk models 144 

(Ohenhen et al., 2024b) and infrastructure exposure assessments (Ohenhen et al., 2024a). Although these studies 145 

provide valuable insights into coastal vulnerability, they typically treat VLM as a linear component (Ohenhen et al., 146 

2023) represented by a single average rate across the observation period. This simplification neglects both the spatial 147 

heterogeneity and temporal variability of VLM (Govorcin et al., 2025; Oelsmann et al., 2024) and prevents their 148 

direct integration into localized RSLR projections, creating a gap between high-resolution VLM observations and 149 

actionable coastal hazard assessments. 150 

This study aims to characterize the spatial and temporal variability of VLM across coastal MA by integrating 151 

InSAR observations with GNSS time series. We incorporate these spatially and temporally variable VLM estimates 152 

with IPCC AR6 RSLR projections under Shared Socioeconomic Pathways (SSP) 2-4.5 scenario for future emissions 153 

to generate improved, location-specific RSLR projections that account for local land motion. This work provides 154 

critical scientific insights for planners, engineers, and policymakers in MA working to protect vulnerable coastal 155 

communities from accelerating SLR hazards. 156 

2. Study Area 157 

This study focuses on the coastal region of MA, extending from Cape Ann in the north to New Bedford on the South 158 

Shore. It includes the Cape Cod peninsula as well as the offshore islands of Martha’s Vineyard and Nantucket (Figure 159 

1). This area includes many urban and semi-urban centers such as Boston, Plymouth, Wareham, New Bedford, 160 

Falmouth, and Provincetown critical to the region’s socio-economic and environmental dynamics. 161 
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 162 

 163 
Fig 1. Location map of the study area showing GNSS stations, tide gauge sites, and reference locations 164 

(circled numbers 1-10). The inset indicates the Sentinel-1 acquisition boundary. 165 

The surficial geology of coastal MA is primarily shaped by deposits from the last two continental ice sheets 166 

during the late Pleistocene (Oldale et al., 1982; Stone and Borns, 1986). These glacial deposits are broadly 167 

categorized into two groups: (1) glacial till and moraine deposits, and (2) glacial stratified deposits  (Figure 2). Till 168 

deposits, composed of compact, nonsorted mixtures of sand, silt, clay, and scattered gravel clasts, were laid down 169 

directly by glacial ice over bedrock or semi-consolidated coastal plain sediments (Weddle et al., 1989). Thick till 170 

deposits (>15 ft) form prominent drumlin landforms, especially concentrated in the Boston Harbor area and 171 

southeastern MA. In contrast, areas with thin till (<15 ft) and shallow bedrock, such as Cape Ann and parts of the 172 

North Shore, are marked by discontinuous sediment cover and frequent bedrock outcrops (Wilson, 2018). End 173 

moraine deposits, recording ice-margin positions during the retreat of the late Wisconsinan ice sheet, are among the 174 

most prominent geomorphic features in southeastern MA and the offshore islands. These moraines primarily consist 175 

of sandy and bouldery ablation till, often underlain by coarse stratified meltwater sediments. Glacial stratified 176 

deposits, consisting of well-sorted sand, gravel, silt, and clay, are concentrated in valleys, lowland areas, and along 177 

the coastal plain. These were deposited by meltwater streams, glacial lakes, and marine embayments during 178 

deglaciation. The most extensive outwash plains are found on Cape Cod, Martha’s Vineyard, and Nantucket, where 179 

these deposits also host the region’s primary aquifer systems. Postglacial deposits make up a smaller fraction of the 180 
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surficial materials and include floodplain alluvium, salt-marsh and estuarine deposits, beach and dune systems, and 181 

organic-rich swamp deposits found in kettle depressions and other poorly drained lowlands. 182 

 183 
Fig 2. Surficial geology of the coastal MA region. Geological units are derived from the Massachusetts 184 

Office of Geographic Information (MassGIS) surficial geology dataset, accessed via the MassMapper data 185 

portal. 186 

The hydrogeology of coastal MA is characterized by two principal aquifer systems: stratified-drift aquifers and 187 

bedrock aquifers (Simcox, 1992). Stratified-drift aquifers, formed through glacial processes during the last 188 

glaciation, consist primarily of permeable sand and gravel deposits with interbedded silt and clay layers. These 189 

aquifer systems are predominantly located in southeastern MA and include the six groundwater flow lenses of the 190 

Cape Cod aquifer system, the Plymouth-Carver-Kingston-Duxbury (PCKD) aquifer, and the primary aquifers of 191 

Martha's Vineyard and Nantucket (Masterson and Walter, 2009). Bedrock aquifers, more common in northern MA 192 

(e.g., Boston and Cape Ann), consist of fractured crystalline and sedimentary formations that store and transmit 193 

water through interconnected fractures and joints. In Cape Ann, crystalline bedrock (e.g., granite, gneiss) 194 

predominates, while sedimentary rocks (e.g., shale, conglomerate) occur near New Bedford in the Boston basin. 195 

3. Data and Methods 196 

This section outlines the comprehensive methodological approach employed to characterize VLM across coastal 197 

MA and develop enhanced RSLR projections. Our analysis integrates two primary geodetic datasets: vertical 198 

component of GNSS measurements and Sentinel-1 Synthetic Aperture Radar (SAR) data to derive high-resolution 199 

VLM rates across the study region. We then compare IPCC AR6 RSLR projections by replacing their broad-scale 200 

VLM estimates with our locally derived InSAR-VLM rates. 201 

3.1 GNSS time series and temporal variability analysis  202 

We used vertical components of daily GNSS solutions referenced to International Terrestrial Reference Frame 2014 203 

(ITRF2014) provided by Nevada Geodetic Survey (NGL). While recent solutions such as International Terrestrial 204 
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Reference Frame 2020 (ITRF2020) are now available, we adopt ITRF2014 to ensure consistency with the reference 205 

frame used in IPCC AR6 sea-level projections and to facilitate direct comparison with previous VLM studies in the 206 

region. Additionally, in the global comparison between ITRF2014 and ITRF2020, vertical velocity differences are 207 

small for most stations, with the largest differences ranging between 0.5-1 mm/yr occurring at 20 poorly determined 208 

stations with short observation spans (Altamimi et al., 2023). The accuracy of GNSS time series is often degraded 209 

by offsets, seasonal signals, and temporally correlated noise, which can bias rate estimation (Chen et al., 2018; 210 

Gazeaux et al., 2013). To address these issues, we applied a mixed approach commonly used by different GNSS 211 

solution providers, combining functional modeling with stochastic noise characterization (Bevis and Brown, 2014; 212 

Gravelle et al., 2023; Perfetti, 2006; Williams, 2008). Our approach involved identifying and correcting offsets, 213 

estimating rates through functional modeling, and quantifying uncertainties using stochastic modeling. In addition, 214 

we tested for the presence of secular acceleration in the time series. 215 

The analysis followed a multi-step procedure. Raw daily solutions of the vertical component were first 216 

cleaned using a median absolute deviation (MAD)-based Hampel filter with a 21-day window (k=4) to remove 217 

short-lived spikes and gross outliers (Crowell et al., 2016; van der Marel, 2020). Documented offsets (e.g., 218 

equipment changes) were incorporated directly as step functions, while undocumented offsets were identified 219 

through an iterative residual-based scan i.e. after detrending the time series, residuals were examined for step-like 220 

discontinuities, and candidate offsets were introduced and re-evaluated until no further significant breaks were 221 

found. 222 

Time series were detrended using a robust seasonal-only model (no acceleration term) to generate residuals 223 

for offset detection. We applied a multi-scale median-shift detector (60-140 day windows) to detrended residuals, 224 

proposing candidate breakpoints where pre- and post-event medians diverged significantly (robust  t‐statistic ≥ 5). 225 

Candidate steps were then statistically evaluated against a white noise plus power-law (WN+PL) noise model using 226 

Whittle likelihood (He et al., 2019; Whittle, 1953). A hybrid acceptance rule was adopted, requiring either strong 227 

Bayesian information criterion (BIC), i.e., ΔBIC support (≤ -6), a robust scan t-statistic ≥ 7, or an Ordinary Least 228 

Square (OLS)-style t-statistic ≥ 4 (Kass and Raftery, 1995; Tehranchi et al., 2020). The refit-rescan cycle was 229 

repeated until no additional steps were admitted. Accepted offsets were retained as step functions in the final model. 230 

After offset correction, two models were estimated to represent secular motion (Jiang et al., 2010). The linear model 231 

was defined as (equation 1): 232 

𝑦(𝑡)  =  𝑎 +  𝑏 · 𝑡 +  𝐴₁ · 𝑠𝑖𝑛(2𝜋𝑡)  +  𝐵₁ · 𝑐𝑜𝑠(2𝜋𝑡)  +  𝐴₂ · 𝑠𝑖𝑛(4𝜋𝑡)  +  𝐵₂ · 𝑐𝑜𝑠(4𝜋𝑡)  +  𝛴ⱼ 𝑠ⱼ · 𝐻(𝑡 −  𝜏ⱼ)  +233 

 𝜀(𝑡)                                                                                                                               (1) 234 

where 𝑦(𝑡)is the displacement at time 𝑡(years), a is the intercept; b is the linear velocity (mm yr⁻¹); A₁ and 235 

B₁ represent the annual cycle; A₂ and B₂ the semiannual cycle. The angular frequencies 2π and 4π correspond to one-236 

year and six-month periods, respectively. 𝑠𝑗 represents the offset magnitude at epoch 𝜏𝑗via the Heaviside step 237 

function 𝐻, and 𝜀(𝑡) denotes residual noise. To test for acceleration, an additional quadratic term was added to the 238 

linear model in equation (2), as follows: 239 

𝑦(𝑡) =  𝑦(𝑡: 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛 1)  +  ½𝑐 · 𝑡 ²   (2) 240 

where 𝑐 is the acceleration coefficient (mm yr⁻²). Both models were estimated using iteratively reweighed 241 

least squares (IRLS) with Huber weighing to reduce the influence of moderate outliers (Chang and Guo, 2005; Guo 242 

et al., 2010). To account for temporal correlation in the residuals, parameter uncertainties were obtained from a 243 

heteroskedasticity- and autocorrelation-consistent (HAC) Newey-West covariance estimator with a lag equivalent 244 

to ~180 days. Additionally, residuals were characterized by fitting a WN+PL noise model via Whittle maximum 245 

likelihood. The significance of the acceleration term was evaluated using two complementary approaches: a nested 246 

F-test comparing the linear and acceleration models, and a Wald test (Wald, 1943) on the acceleration coefficient 247 

using HAC standard errors. Acceleration was considered significant only if both tests rejected the null hypothesis at 248 

the 5% level.  249 

While acceleration analysis provides a formal test for non-linear behavior over the full GNSS record, it does 250 

not fully capture time-varying changes in linear velocity over specific sub-periods. Therefore, to assess temporal 251 

variability in the estimated VLM rates, we conducted a sliding-window trend analysis on the cleaned and offset-252 

corrected time series.  Linear velocities were estimated over successive 10-year windows, advanced in 1-year 253 
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increments, using the same analysis approach as for the full-record trend. This method yields a time-resolved view 254 

of secular vertical motion and highlights intervals of changing linear rates. 255 

3.2 SAR data and InSAR time series analysis 256 

We obtained 232 Sentinel-1 Single-Look Complex (SLC) from the Alaska Satellite Facility (Earth Science Data 257 

Systems, 2024) along path 62 and frame 133 (Figure 1), acquired in ascending mode from September 2016 to May 258 

2025(8.6 years). We use ISCE-2 topsStack processor (Rosen et al., 2012) to co-register SLCs with a multi-look 259 

factor of 18 in the slant range and 6 in the azimuth. The Copernicus GLO30 digital elevation model (DEM) 260 

(European Space Agency, 2024) was used to remove the topographic phase component from the interferograms. 261 

The Miami InSAR time series software in Python (MintPy) was used to apply the small baseline subset (SBAS) 262 

approach on the interferogram network. The routine processing workflow for InSAR time series analysis, as 263 

presented by Yunjun et al. (2019) was followed. Bridging and phase closure methods were implemented for 264 

correcting phase unwrapping errors. A weighted least-squares (WLS) inversion was performed to derive the line-of-265 

sight (LOS) velocity for each pixel. The stratified tropospheric delay was corrected using the ERA5 reanalysis model 266 

from the European Centre for Medium-Range Weather Forecasts with the PyAPS software. We estimate line-of-267 

sight (𝑉𝐿𝑂𝑆) velocities by fitting a linear trend plus annual and semiannual periodic components to displacement 268 

time series (equation 3).  269 

d(t) = a + b·t + A1·sin(2πt) + B1·cos(2πt) + A2·sin(4πt) + B2·cos(4πt)  (3) 270 

where d(t) is LOS displacement at time t (in years); a is the intercept; b is the linear velocity (mm yr⁻¹); A₁ 271 

and B₁ represent the annual cycle; A₂ and B₂ the semiannual cycle. The angular frequencies 2π and 4π correspond to 272 

one-year and six-month periods, respectively. A temporal coherence threshold of 0.80 was applied in the resulting 273 

velocity map to mask unreliable pixels. Since the study area is part of a passive continental margin, no differential 274 

horizontal tectonic movements are expected. Thus, we assume that the observed deformation is predominantly 275 

vertical and computed the vertical velocities (𝑉𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙) from LOS velocities 𝑉𝐿𝑂𝑆 using the following equation: 276 

                                                                𝑉𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 =
𝑉𝐿𝑂𝑆

𝑐𝑜𝑠 𝜃
    (4)      277 

3.3 InSAR calibration and validation to ITRF14 278 

InSAR and GNSS provide complementary observations for monitoring surface deformation, and their integration 279 

leverages the strengths of both techniques. InSAR offers spatially dense measurements, whereas GNSS provides 280 

precise, geodetically referenced positioning. Integrating the two yields spatially dense deformation fields with robust 281 

accuracy. Since InSAR measurements are inherently relative, calibration using GNSS is required to place InSAR-282 

derived displacements within an absolute reference frame. 283 

We calibrate InSAR-derived vertical velocities to the GNSS reference frame ITRF14 using the 284 

methodology outlined in Bitelli et al., (2025). While Bitelli et al., (2025) used ascending and descending acquisitions 285 

to derive the vertical velocity component, we drive vertical velocities directly from ascending-only LOS 286 

measurements using equation (4), which assumes negligible horizontal motion in the study area. This calibration is 287 

performed in two steps. In the first step, a first-order surface (plane) is statistically estimated at the regional scale 288 

by minimizing the residuals between InSAR and GNSS velocity differences. GNSS stations with near decade of 289 

continuous data overlapping the InSAR observation period (2016-2024) were used for calibration to ensure temporal 290 

consistency between GNSS-derived VLM rates and InSAR measurements while GNSS stations with shorter records 291 

are kept for validation. Referencing InSAR observations to GNSS by fitting a first-order surface (plane) and 292 

minimizing residuals is a widely used approach that corrects for long-wavelength systematic biases in InSAR data 293 

(Bekaert et al., 2016; Hussain et al., 2016). While the plane estimation step corrects for linear trends, non-linear 294 

trends may still cause residuals between InSAR and GNSS time series. A second calibration step addresses these 295 

effects by deriving a common residual time series (cRTS), based on the residuals between individual InSAR 296 

measurement points and corresponding GNSS observations. The details of both steps are described in the following 297 

paragraphs. 298 

In the first step, a first-order surface (plane) is estimated to correct for linear regional trends in the InSAR 299 

velocity field. Stations with 10+ years of data are selected for the calibration phase, ensuring homogeneous spatial 300 

coverage across the regional area, while other stations were reserved for validation. For each calibration station, we 301 
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calculated the difference in mean velocity between InSAR observations within a 300 m radius and the GNSS 302 

station's velocity. These velocity differences are used to statistically estimate a plane representing the linear trend 303 

across the region. The plane is defined by the mathematical model z = ax + by + c, where z is the velocity difference, 304 

x and y are spatial coordinates, and a, b, and c are coefficients. The estimated plane is subtracted from all InSAR 305 

measurement points' velocities, effectively removing the linear regional bias and aligning the InSAR data with the 306 

GNSS reference frame. 307 

In the second step, for each GNSS calibration station, the time series of the averaged InSAR point (within 300 308 

m) is compared to the filtered GNSS time series, which are temporally aligned using a 21-day moving window. The 309 

residual time series, representing the difference between InSAR and GNSS time series, is calculated for each station. 310 

These residuals reflect the movement of local InSAR reference points relative to the GNSS reference frame. A 311 

unique cRTS is derived by averaging the residual time series across all calibration stations. This cRTS represents 312 

region-wide non-linear trends. The cRTS is then subtracted from the time series of every InSAR measurement point 313 

to account for non-linear regional trends. Validation of the calibrated InSAR velocities was performed using the 314 

GNSS stations not involved in the calibration process. The agreement between InSAR-derived and GNSS-derived 315 

VLM rates at these independent stations was quantified using standard statistical metrics, including the root mean 316 

square error (RMSE) and mean absolute error (MAE). 317 

3.4 Sea level projections with InSAR-VLM 318 

To assess the impact of VLM on future sea level rise, we integrated InSAR-derived VLM rates into the RSLR 319 

projections from the IPCC AR6. We replaced the IPCC AR6 VLM component, which is derived from tide gauge-320 

based statistical models assuming long-term linear trends (Kopp et al., 2014), with our InSAR-derived VLM rates 321 

calibrated to contemporary GNSS observations. This substitution is more representative because our VLM estimates 322 

are derived from the recent observation period (2016-2025), and therefore more representative of current 323 

deformation conditions than long-term averaged trends used in AR6. 324 

We determined RSLR projections for coastal MA at tide gauge stations and other coastal locations under 325 

SSP2-4.5 scenario, a medium emissions pathway, through 2050. We emphasize near-term projections through 2050 326 

using SSP2-4.5 scenario for the following reasons: (1) by 2050, different SSP scenarios (SSP2-4.5, SSP3-7.0, and 327 

SSP5-8.5) do not diverge substantially (Sweet et al., 2022), making VLM the dominant source of local projection 328 

differences; (2) recent studies suggest that observation-based extrapolations provide informative estimates over 329 

near-term horizons (Richter et al., 2020; Wang et al., 2021); and (3) the 30-year planning horizon aligns with typical 330 

infrastructure and building lifetimes relevant to coastal decision-making (Buchanan et al., 2016; Hwang et al., 2025).  331 

To compute RSLR projections at tide gauge stations, we extracted spatially averaged InSAR-VLM rates within 332 

a 300 m radius of tide gauge locations to ensure representative VLM rate accounts for local-scale variability. RSLR 333 

projections for other coastal locations were computed using the median VLM rate of the corresponding coastal 334 

location. Since we are focused on the near-term projection horizon to 2050 and we are using recent decade GNSS 335 

calibrated rates, we did the linear extrapolation of VLM rates. To incorporate VLM uncertainty into RSLR 336 

projections, we convert the mean InSAR-VLM rates and their standard deviations to the 17th and 83rd percentiles. 337 

The resulting RSLR projections are presented as ensemble medians with confidence intervals spanning the 17th to 338 

83rd percentiles at each tide gauge station. This way we provide meaningful, observationally constrained projections 339 

for near-term coastal adaptation planning. 340 

4. Results 341 

This section presents the results of the VLM analysis and the resulting RSLR projections for coastal MA, based on 342 

the integration of GNSS and InSAR observations referenced to the ITRF2014 reference frame for the period 343 

September 2016 to May 2025. The results are organized to reflect the analytical workflow adopted in this study. 344 

First, we investigate the temporal variability in GNSS-derived VLM rates, highlighting non-linear and decadal-scale 345 

behavior that can influence long-term trend estimates. Second, we examine the spatial variability of InSAR-derived 346 

VLM across coastal MA, with InSAR measurements referenced to ITRF2014 using recent-decade GNSS 347 

observations. Finally, we present RSLR projections that incorporate the InSAR-derived VLM estimates to provide 348 

enhanced local sea level change estimates. 349 

4.1 Temporal variability in GNSS-VLM  350 
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We assessed the temporal evolution of VLM patterns using GNSS stations with 10+ years of data across the study 351 

area (Figure S1). We applied both linear and acceleration models to identify potential non-linear trends in VLM over 352 

time. In our analysis, negative acceleration values indicate increasing rates of subsidence over time, while positive 353 

acceleration values indicate decreasing subsidence rates, or deceleration. The analysis reveals distinct regional 354 

patterns in VLM temporal evolution, with stations exhibiting both positive and negative acceleration patterns. 355 

GNSS stations in the Cape Cod Peninsula demonstrate accelerating subsidence trends with statistically 356 

significant negative acceleration terms (Figure 3). Station MAOR shows a linear velocity of -2.20 ± 0.21 mm/year 357 

with a negative acceleration of -0.32 ± 0.04 mm/year², indicating an increasing rate of subsidence over the 358 

observation period. The decadal slope analysis reveals this acceleration pattern, with subsidence rates intensifying 359 

from -1.87 ± 0.06 mm/year in 2010-2019 to -2.50 ± 0.11 mm/year by 2015-2024. Similarly, MAF1 exhibits 360 

accelerating subsidence with a linear velocity of -0.50 ± 0.28 mm/year and a negative acceleration of -0.80 ± 0.14 361 

mm/year². The temporal evolution shows rates progressing from -0.55 ± 0.15 mm/year in 2014-2023 to -0.97 ± 0.14 362 

mm/year by 2015-2024, demonstrating a consistent pattern of increasing subsidence throughout the observation 363 

period. 364 

 365 

Fig 3. GNSS vertical displacement time series and decadal vertical velocity estimates for stations MAOR (a-b) and 366 

MAF1 (c-d). Left panels show the GNSS vertical displacement time series with the estimated long-term linear rate 367 

and acceleration. Right panels show decadal (10-year) vertical velocity estimates computed over successive 10-year 368 

intervals advanced in 1-year steps, where each colored line segment represents the linear trend over the 369 

corresponding 10-year window and the legend lists the associated velocity estimates. 370 

Stations in the South Coast region display contrasting temporal patterns (Figure 4). Station ACU6, with its 371 

longer observation record dating back to 2004, demonstrates a linear velocity of -1.15 ± 0.42 mm/year with a positive 372 

acceleration of 0.45 ± 0.13 mm/year². The decadal analysis shows subsidence rates decreasing from -1.76 ± 0.10 373 

mm/year in 2004-2013 to -0.41 ±0.09 mm/year from 2011-2020. Station MAPL shows a linear velocity of -0.70 ± 374 

0.19 mm/year with a positive acceleration of 0.61 ± 0.17 mm/year², indicating decreasing subsidence rates over 375 

time. The decadal analysis reveals rates decreasing from -0.97 ± 0.11 mm/year in 2014-2023 to -0.73 ± 0.12 mm/year 376 

by 2015-2024.  377 
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 378 

Fig 4. GNSS vertical displacement time series and decadal vertical velocity estimates for stations ACU6 (a-b) and 379 

MAPL (c-d). Left panels show the GNSS vertical displacement time series with the estimated long-term linear rate 380 

and acceleration. Right panels show decadal (10-year) vertical velocity estimates computed over successive 10-year 381 

intervals advanced in 1-year steps, where each colored line segment represents the linear trend over the 382 

corresponding 10-year window and the legend lists the associated velocity estimates. 383 

The Massachusetts Bay region exhibits more stable temporal behavior (Figure 5). Station MASA shows a 384 

linear velocity of 0.34 ± 0.11 mm/year with no significant acceleration, indicating relatively stable conditions. The 385 

decadal analysis with consistently similar rates confirms this stability. Similarly, station MAMI demonstrates stable 386 

temporal behavior with a linear velocity of -0.10 ± 0.15 mm/year and no significant acceleration, reflecting the 387 

overall stability of the Massachusetts Bay region. These results demonstrate that GNSS-derived VLM rates across 388 

coastal MA exhibit pronounced temporal variability, with several stations showing non-linear decadal-scale changes 389 

VLM, underscoring the importance of considering the specific observation window when interpreting InSAR-390 

derived VLM estimates. 391 
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392 
Fig 5. GNSS vertical displacement time series and decadal vertical velocity estimates for stations MASA (a-b) and 393 

MAMI (c-d). Left panels show the GNSS vertical displacement time series with the estimated long-term linear rate. 394 

Right panels show decadal (10-year) vertical velocity estimates computed over successive 10-year intervals 395 

advanced in 1-year steps, where each colored line segment represents the linear trend over the corresponding 10-396 

year window and the legend lists the associated velocity estimates. 397 

4.2 Spatial and temporal variability in InSAR-VLM  398 

Building on the GNSS-based insights into temporal variability in VLM, we examine the spatial variability of 399 

present-day deformation across coastal MA using InSAR-derived VLM rates for the September 2016-May 2025 400 

observation period. VLM rate estimates derived from InSAR observations referenced to GNSS in the ITRF2014 401 

reference frame are presented in Figure 6, with corresponding uncertainties shown in the inset map. VLM rate 402 

uncertainties were derived via least-squares error propagation, incorporating uncertainty from both InSAR and 403 

GNSS observations (Bekaert et al., 2017; Buzzanga et al., 2025). Overall, the InSAR-derived VLM rates show good 404 

agreement with collocated, independent GNSS stations, with an RMSE of 1.02 mm/yr and an MAE of 0.9 mm/yr 405 

(Figure S1, supplementary materials). 406 
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 407 

Fig 6. VLM rate map of the study area for the period September 2016-May 2025 in the ITRF14 reference frame. 408 

The corresponding VLM uncertainty map is shown in the inset map. Circled numbers indicate the reference locations 409 

shown in Figure 1. 410 

The VLM map shows a general north-south gradient in VLM, with nearly stable rates (i.e., near-zero 411 

values) in the North Shore and Massachusetts Bay region to higher rates (i.e., ~2-3 mm/yr) toward Cape Cod 412 

Peninsula and the Outer Islands. The North Shore region exhibits nearly stable conditions, with Cape Ann (location 413 

1) experiencing a median rate of -0.81 ± 0.76 mm/year. The Massachusetts Bay region also shows mostly stable 414 

conditions, with Boston (location 2) showing a median rate of -0.29 ± 0.60 mm/year and Plymouth (location 3) 415 

showing -0.21 ± 0.26 mm/year. However, some localized subsidence hotspots are observed within the metropolitan 416 

Boston area, primarily associated with recent infrastructure development and urban construction activities (Figure 417 

S2, supplementary materials). The South Coast region displays moderate subsidence rates, with Wareham (location 418 

4) at -1.16 ± 0.38 mm/year and New Bedford (location 5) at -1.25 ± 0.51 mm/year. The Cape Cod Peninsula overall 419 

exhibits high subsidence rates, with -1.60 ± 0.54 mm/year at the mid-Cape region (location 7), -1.40 ± 0.52 mm/year 420 

at Provincetown (location 8, outer Cape), and -1.27 ± 0.54 mm/year at Falmouth (location 6, upper Cape). The Outer 421 

Islands show the highest subsidence rates in the study area, with Martha's Vineyard (location 9) showing a median 422 

rate of -1.84 ± 0.65 mm/year and Nantucket (location 10) showing -2.29 ± 0.82 mm/year. 423 

4.3 RSLR Projection using InSAR-VLM   424 

As demonstrated in Section 4.1, GNSS-VLM rates in coastal MA exhibit significant temporal variability, indicating 425 

that long-term linear trends inadequately characterize present-day deformation conditions. Accordingly, we utilize 426 

InSAR-derived VLM rates calibrated using GNSS observations over the same overlapping time window, providing 427 

estimates that reflect present-day VLM rather than long-term averages. Although acceleration is observed at several 428 
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GNSS stations, we do not incorporate acceleration into the VLM projections; instead, we adopt recent-decade linear 429 

rates to characterize near-term conditions without introducing speculative future trends. 430 

We determined RSLR projections for coastal MA at tide gauge stations and other coastal locations using 431 

SSP2-4.5 scenario through 2050, incorporating InSAR-derived VLM rates calculated in this study. The comparison 432 

between VLM rates from IPCC-VLM and InSAR-VLM reveals substantial differences (Table 1). The IPCC-VLM 433 

estimates are available at 3 tide gauge stations Boston, Woods Hole and Nantucket Island. Our InSAR-VLM rates 434 

produce notably different RSLR projections compared to IPCC-VLM estimates (Figure 7 a-c). The differences in 435 

VLM rates between the two translate directly into varying RSLR projections, with Boston showing higher projected 436 

sea levels under IPCC assumptions, while Woods Hole and Nantucket Island exhibit higher projections when using 437 

our InSAR-derived rates. These differences have direct implications for adaptation planning, as the additional 438 

subsidence translates to 2.5-4.5 cm of additional relative sea level rise by 2050 at Woods Hole and Nantucket 439 

compared to IPCC-based projections. These differences, while modest in absolute terms, have practical implications 440 

for adaptation planning, as even centimeter-scale increases in baseline sea level can significantly affect flood 441 

frequency in low-lying coastal areas (Ali et al., 2025). The RSLR projections plots for other tide gauge stations 442 

Chatham, Fall River and New Bedford Harbor are provided in supplementary materials (Figure S3, supplementary 443 

materials). 444 

Table 1 Observed InSAR derived VLM rates (InSAR-VLM) for the six tide gauge stations in coastal MA and their 445 

comparison with VLM rates reported by the IPCC AR6 assessments (IPCC-VLM) available for only three tide 446 

gauges.  447 

Tide Station 
InSAR-VLM (this study) 

(mm/yr) 
IPCC-VLM (mm/yr) 

% Difference (IPCC 

vs InSAR) 

Boston -0.59±0.6 -1.1±0.1 46.4 

Woods Hole -1.75±0.56 -1.4±0.15 -25.0 

Nantucket Island -2.90±0.83 -1.8±0.2 -61.1 

Chatham -3.28±0.68 – – 

Fall River -1.84±0.56 – – 

New Bedford Harbor -1.61±0.51 – – 

Regional RSLR projections using median InSAR-VLM rates demonstrate significant spatial variability 448 

across coastal MA (Figure 7 d-f). Cape Ann, characterized by relatively low subsidence rates, projects RSLR of 449 

approximately 0.48 m by 2050 under the SSP2-4.5 scenario. In contrast, coastal locations experiencing high 450 

subsidence rates, such as New Bedford and Martha's Vineyard show RSLR projections of 0.51 and 0.52 m by 2050. 451 

These results demonstrate that incorporating spatially resolved, temporally representative VLM estimates can 452 

substantially alter near-term RSLR projections compared to approaches based on long-term linear VLM 453 

assumptions. 454 
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 455 

456 

Fig 7. Comparison of projected RSLR under the SSP2-4.5 scenario using VLM estimates from IPCC AR6 and 457 

InSAR (this study). Top panels (a-c) show RSLR projections at tide gauge stations (Boston, Woods Hole, and 458 

Nantucket), where IPCC AR6 provide VLM and RSLR estimates. Bottom panels (d-f) show RSLR projections for 459 

nearby coastal locations (Cape Ann, New Bedford, and Martha’s Vineyard), computed using InSAR-derived VLM 460 

from this study and SLR referenced to the nearest tide gauge station (Boston, Woods Hole, and Nantucket 461 

respectively). Shaded regions represent the 17-83% confidence interval, and solid lines denote median projections. 462 

5. Discussion  463 

The results presented above demonstrate that VLM along coastal MA is both spatially heterogeneous and temporally 464 

variable. This section discusses the key findings of the study in the context of regional deformation processes and 465 

their implications for RSLR and adaptation planning.  466 

5.1 Temporal variability in GNSS-VLM 467 

The GNSS analysis reveals that VLM along coastal MA exhibits significant temporal variability, including 468 

acceleration and deceleration at several stations. These observations indicate that long-term linear VLM trends 469 

inadequately characterize present-day deformation, particularly in regions characterized by thick glacial sediments 470 

and active groundwater systems. On Cape Cod Peninsula, stations MAOR and MAF1 exhibit significant 471 

acceleration in subsidence, suggesting time-dependent deformation processes rather than steady long-term motion. 472 

The observed spatial patterns of subsidence and acceleration are consistent with the regional geological framework 473 

(Figure 2), which illustrates the distribution of glacial stratified deposits across coastal MA.  The acceleration may 474 

be associated with the consolidation of the thick sequences of glacial stratified deposits, which are dominant in this 475 

region (Oldale et al., 1982; Stone and Borns, 1986). The Cape Cod aquifer system comprises permeable sand and 476 

gravel with interbedded silt and clay layers (Masterson and Walter, 2009; Simcox, 1992), and consolidation of these 477 

fine-grained interbeds in response to changes in effective stress, whether from natural groundwater fluctuations or 478 

seasonal pumping variations, can drive time-varying subsidence (Galloway and Burbey, 2011). The most extensive 479 

outwash plains underlain by these compressible deposits are found on Cape Cod, Martha's Vineyard, and Nantucket 480 

(Wilson, 2018), which correspond to the areas exhibiting the highest subsidence rates in our analysis. 481 

In contrast, the South Coast region shows evidence of deceleration, while the Massachusetts Bay region exhibits 482 

comparatively stable VLM behavior with near-zero acceleration. Deceleration observed in the South Coast region 483 

may indicate a transition toward slower consolidation following historical land-use changes or reduced groundwater 484 
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stress. The relative stability of stations in the Massachusetts Bay region likely reflects its distinct geological setting, 485 

characterized by thinner sediment cover and shallow bedrock (Figure 2). These results highlight the importance of 486 

accounting for temporal variability in GNSS-VLM when characterizing contemporary land motion and underscore 487 

the limitations of relying solely on long-term linear trends for coastal hazard assessments. 488 

5.2 Spatial variability in InSAR-VLM 489 

We characterize near-decadal (2016-2025) spatially and temporally varying VLM across coastal MA by combining 490 

high-resolution (90-m) InSAR from Sentinel-1 with GNSS data. Our approach of integrating high-resolution InSAR 491 

with comprehensive GNSS analysis represents a significant methodological advancement over previous studies 492 

(Ohenhen et al., 2024a, 2024b) that treat VLM as a simple linear component. By accounting for time-dependent 493 

VLM behavior identified from GNSS time series during the InSAR-GNSS referencing process, we produce 494 

deformation maps that better capture the spatial complexity of VLM along coastal MA. In addition, utilizing near-495 

decadal InSAR observations to characterize VLM patterns reduces the detection threshold of ground motion to rates 496 

on the order of ~1 mm/year (Havazli and Wdowinski, 2021). 497 

Our InSAR analysis reveals a north-to-south gradient in VLM, with nearly stable rates (i.e., near-zero values) 498 

in the North Shore and Massachusetts Bay region to higher rates (i.e., ~3 mm/yr) toward Cape Cod Peninsula and 499 

the Outer Islands. The observed gradient is consistent with regional GIA models that predict varying subsidence 500 

rates based on distance from the former Laurentide ice sheet center and local crustal rheology (Peltier et al., 2015). 501 

However, the observed magnitudes substantially exceed GIA predictions. Regional GIA models (ICE-6G) predict 502 

subsidence rates of 1.0-1.5 mm/yr for southeastern MA (Peltier et al., 2015), whereas our InSAR-derived rates for 503 

Cape Cod and the Outer Islands (i.e., ~3 mm/yr) are higher than these GIA estimates. This rate discrepancy suggests 504 

that, in addition to GIA, other processes such as subsurface consolidation of glacial sediments, groundwater-related 505 

changes in stratified-drift aquifers, and localized anthropogenic influences also contribute to the observed VLM in 506 

southeastern MA. The subsidence hotspots (Figure S2, supplementary materials) identified in the metropolitan 507 

Boston area, associated with recent infrastructure development and urban construction activities, highlight the 508 

anthropogenic contribution to VLM in the urbanized coastal zone, resulting from the consolidation of artificial fill 509 

materials. 510 

5.3 Implications for RSLR projections and comparison with previous studies 511 

The incorporation of locally derived VLM rates yields different RSLR projections compared to IPCC’s VLM, which 512 

is based on regional averages. Our analysis demonstrates spatial variability in projected RSLR ranging from 513 

approximately 0.48 m at Cape Ann to over 0.52 m at Martha's Vineyard by 2050 under SSP2-4.5, reflecting the 514 

underlying VLM distribution.  Although these differences are modest in absolute magnitude, such changes in 515 

baseline sea level can have disproportionate impacts on coastal flood frequency, particularly in low-lying coastal 516 

environments where exceedance thresholds are sensitive to small vertical changes. In such settings, differences of a 517 

few centimeters can alter the timing at which critical flooding thresholds are reached, influence the frequency of 518 

nuisance flooding events (Ali et al., 2025), and affect the design margins used in coastal infrastructure planning, 519 

flood risk assessments, and adaptation strategies that rely on location-specific RSLR projections (Douglas et al., 520 

2012). 521 

Previous studies using InSAR have assessed quantitative aspects of potential vulnerabilities due to RSLR along 522 

coastal MA, by incorporating VLM rates into flood risk models (Ohenhen et al., 2024b) and infrastructure exposure 523 

assessments (Ohenhen et al., 2024a). Although these studies provide valuable insights into coastal vulnerability, 524 

they typically treat VLM as a linear component (Ohenhen et al., 2023) represented by a single average rate across 525 

the observation period. Ohenhen et al. (2023) reported VLM rates of -1.1±0.1 mm/yr at the Boston and -2.0±0.1 526 

mm/yr at Woods Hole tide station. In comparison, our study shows rates of -0.59±0.6 mm/yr at Boston and -527 

1.75±0.56 mm/yr at Woods Hole. The lower rate at Boston in our analysis reflects the near-stable conditions 528 

currently observed in Massachusetts Bay, while the reduced rate at Woods Hole reflects the deceleration patterns 529 

documented at South Coast stations. These differences highlight the importance of incorporating temporal 530 

variability in VLM observations rather than taking long-term averages.  531 

5.4 Limitations and future directions 532 
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The RSLR projections presented in this study should be interpreted with care and in consideration of the underlying 533 

assumptions and data constraints. These projections are based on VLM rates derived from the most recent decade, 534 

under the assumption that these rates remain relatively stable through the near-term projection horizon 2050. While 535 

this approach is appropriate for short-term assessments, it may not fully capture potential long-term changes in 536 

deformation dynamics, particularly in response to evolving anthropogenic and environmental conditions. This 537 

limitation is especially relevant for locations exhibiting acceleration or deceleration, where the driving mechanisms 538 

have yet to be identified and quantified. Future research should therefore focus on investigating these mechanisms 539 

through integrated geotechnical and hydrogeological studies to better constrain projections beyond 2050. Several 540 

GNSS stations across the study area were installed around 2020. By 2050, these stations will have accumulated two 541 

to three additional decades of observations, providing improved capability to characterize temporal trends and refine 542 

long-term projections. The availability of these extended records will enhance understanding of VLM behavior 543 

across coastal Massachusetts and enable future studies to incorporate temporal variability more robustly, thereby 544 

improving coastal hazard assessments and adaptation planning strategies. 545 

6. Conclusions  546 

This study presents a comprehensive assessment of VLM across coastal MA by integrating near-decadal Sentinel-1 547 

InSAR observations with long-term GNSS time series. The GNSS analysis reveals significant temporal variability 548 

in VLM, including acceleration and deceleration at several sites, demonstrating that long-term linear trends may not 549 

fully represent present-day deformation. These findings highlight the importance of accounting for time-dependent 550 

behavior when characterizing contemporary land motion in coastal environments. By referencing high-resolution 551 

InSAR observations to temporally representative GNSS-derived VLM rates, we map the spatial distribution of 552 

present-day deformation across coastal MA with improved consistency. The resulting InSAR-derived VLM maps 553 

reveal a clear north-south gradient, with near-stable conditions in the North Shore and Massachusetts Bay region 554 

and increasing subsidence rates of ~2-3 mm/yr toward Cape Cod Peninsula and the Outer Islands. Observed 555 

subsidence rates exceed predictions from regional GIA models, indicating that additional processes such as sediment 556 

consolidation, groundwater-related deformation, and localized anthropogenic influences play a significant role in 557 

controlling present-day VLM. 558 

Incorporating locally derived InSAR-VLM rates into RSLR projections leads to spatially variable 559 

outcomes compared to projections based on regionally averaged IPCC VLM estimates. Although these differences 560 

are modest in absolute magnitude, such changes in baseline sea level can have disproportionate impacts on coastal 561 

flood frequency, particularly in low-lying coastal environments where exceedance thresholds are sensitive to small 562 

vertical changes. Our findings have immediate implications for ongoing coastal adaptation efforts in MA. The 563 

temporal variability identified in this study suggests that VLM monitoring should be viewed as a dynamic, ongoing 564 

process rather than a one-time characterization. As climate change accelerates and coastal development intensifies, 565 

the ability to accurately characterize and monitor VLM will become increasingly crucial for protecting vulnerable 566 

communities. With the increasing availability of SAR observations and longer GNSS records in the future, 567 

integrating both datasets will be helpful for tracking the evolution of deformation patterns and updating coastal 568 

vulnerability assessments. Overall, this study contributes essential insight into the complexity of VLM in coastal 569 

MA and provides a critical foundation for adaptive coastal management strategies in an era of accelerating SLR.  570 
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