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Abstract
Land subsidence is a serious problem in rapidly urbanizing areas like Antwerp, Belgium, where one known driver is the 
consolidation of Holocene sediments beneath the harbour’s backfill. However, the potential contribution of groundwater 
abstraction to subsidence remains poorly understood, as deformation measurements from interferometric synthetic aper-
ture radar (InSAR) alone cannot pinpoint subsurface processes. This study addresses this gap by investigating whether 
groundwater-induced consolidation also plays a role in subsidence in Antwerp Harbour. In this work, deformation estimates 
derived from persistent scatterer InSAR (PS-InSAR) and a 3D-MODFLOW groundwater flow model, sequentially coupled 
to a 1D-geomechanical model implemented in Python. The model captures delayed consolidation in low-permeability units. 
For modelling, a region outside the harbour’s backfill was selected to exclude the influence of harbour sediment consolida-
tion and isolate the potential role of groundwater abstraction, comparing observed and simulated deformations. Results 
show groundwater-induced consolidation contributes to subsidence rates of 1.78 mm/year (2009–2016), closely matching 
PS-InSAR estimates of –2.67, –2.39 and –2.43 mm/year from SkyGeo (2017–2022), EGMS (2019–2023), and TerraSAR-
X (2019–2022), respectively. Validation of the PS-InSAR datasets was performed using GNSS station BEZA, with the 
EGMS showing the best fit. Results reveal groundwater level changes contribute to subsidence beyond natural sediment 
consolidation, although challenges such as data scarcity complicate direct comparisons. The insights point to groundwater 
as a likely additional factor in regional subsidence and emphasize the importance of improved data integration for refining 
hydro-geomechanical models to enhance subsidence predictions.

Keywords  Subsidence · Aquitard compaction and swelling · Numerical modeling · Persistent scatterer interferometry · 
Geomechanical modelling

Introduction

Interferometric synthetic aperture radar (InSAR) measure-
ments have provided new insights into land movement detec-
tion. Land subsidence or uplift, because of pore pressure 

changes induced by pumping or drainage, has been effectively 
monitored using this technique. InSAR effectively allows esti-
mating land surface deformations over time. The displacement 
time series and land surface velocity map in the satellite line 
of sight (LOS) direction are the two primary outputs.

InSAR generates an interferogram using a pair of com-
plex SAR images acquired at two distinct times and from 
slightly differing orbital positions. By analyzing the phase 
difference between these two acquisitions, the displacement 
of the ground surface can be determined along the satellite 
LOS (Massonnet and Feigl 1998; Chen et al. 2020). Global 
positioning system (GPS) campaigns, subsoil elevation 
surveys using cable or pipe borehole extensometers, and 
leveling, are traditional land subsidence assessment tech-
niques that can provide data with millimeter-scale precision. 
However, these methods have several limitations. While 
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some can provide continuous data, they often do not offer 
continuous spatial coverage. They can be costly and time-
consuming, especially when monitoring large areas. While 
they are invaluable for specific applications (e.g., borehole 
extensometers allow for the detection of consolidation in 
each layer), they might not always be the most practical 
choice for broad-scale and continuous monitoring (Zhou 
et al. 2019; Li et al. 2022a, b).

Multi-temporal InSAR (MT-InSAR) technology, because 
of its extensive geographical coverage and higher precision, 
can detect displacements with millimeter-level precision in 
the vertical direction (Ghorbani et al. 2022); under favour-
able conditions, the horizontal resolution approaches the 
metre scale. (Peng et al. 2022). This higher precision in the 
vertical direction makes MT-InSAR particularly valuable for 
monitoring small ground movements over time, compensat-
ing for the typical centimeter-level precision in conventional 
InSAR by using multiple temporal acquisitions to enhance 
measurement accuracy. This is one of the most cost-effective 
methods for assessing ground surface displacement over 
large areas. Resulting from the link between water pres-
sure in hydrogeological layers and consolidation processes, 
InSAR has recently been employed as a basic dataset for the 
estimation of aquifer storage characteristics through inverse 
groundwater modelling (Chaussard et al. 2014; Miller and 
Shirzaei 2015; Miller et al. 2017; Motagh et al. 2017; Jiang 
et al. 2018; Gualandi and Liu 2021). Multi-temporal InSAR 
methods, including PS-InSAR (Ferretti et al. 2000, 2001) 
and the small baseline subset (SBAS) technique (Berar-
dino et al. 2002), are among the predominant categories of 
InSAR techniques. They are primarily employed to mitigate 
the effects of atmospheric distortions and topographic inac-
curacies, creating artifacts (Chen et al. 2021). Compared to 
PS-InSAR, the SBAS approach is more suitable for detecting 
displacement in areas with less stable or coherent reflec-
tors, such as rural environments. However, the accuracy is 
primarily influenced by the characteristics of the Earth’s sur-
face, which can compromise vegetated regions with high 
temporal decorrelation (Xu et al. 2021). In highly vegetated 
regions or areas with significant surface changes, the tempo-
ral decorrelation can lead to challenges in phase unwrapping. 
Conversely, PS-InSAR identifies pixels exhibiting consistent 
and permanent scattering behaviour over time. This enables 
the mapping of displacement patterns and quantifies surface 
motion over extended periods, thereby addressing the limi-
tations of the conventional InSAR approach (Ferretti et al. 
2000, 2001, 2007; Fiorentini et al. 2020). However, while 
MT-InSAR methods provide a reliable integrated estimation 
of consolidation occurring below the surface, they do not 
provide information about the specific layers affected by the 
consolidation processes. Nevertheless, their contribution to 
understanding ground movement remains invaluable, and 
they have revealed cases that were previously undetected by 

other surveying techniques (Gambolati and Teatini 2015). 
However, despite its value in detecting surface deformation, 
InSAR alone cannot identify which subsurface layers are 
responsible for the observed movements.

To address these limitations, coupled hydrogeological 
and geomechanical models have been employed to simu-
late subsurface processes that contribute to land subsidence. 
While the methods employed in this study build on well-
established principles of hydrogeological modelling and 
geomechanical behaviour, various methodologies have been 
developed over the years to address land subsidence caused 
by hydraulic head changes.

Initially, occurrences were primarily attributed to natural 
causes such as tectonic activities, karstification, and the natu-
ral compaction of sedimentary basins (Heiken et al. 2013). By 
the late 19th and early 20th centuries, human activities such 
as mining, gas or oil exploitation, and groundwater pumping, 
introduced a new set of challenges (Reddish and Whittaker 
2012). Coal extraction, for instance, created voids that led to 
ground collapses (Forster 2000). In the 20th century, ground-
water extraction became one of the primary causes of land 
subsidence. Extensive extraction from aquifers often resulted 
in a reduction of pore pressure, leading to the compaction of 
granular layers and subsidence at the surface (Poland and 
Davis 1969). Some of the most notable cases of subsidence 
from groundwater extraction include (among many others) 
the San Joaquin Valley in California and Mexico City (Gal-
loway et al. 1999; Galloway and Riley 1999; Strozzi and 
Wegmuller 1999); Bangkok (Phien-wej et al. 2006); Venice 
(Gambolati et al. 1974; Tosi et al. 2009; Zanchettin et al. 
2021); Tokyo (Sato et al. 2006); Shanghai (Dassargues et al. 
1993a, b; Dong et al. 2014); Jakarta (Abidin et al. 2011); and 
Tehran (Tavakkoli Estahbanati and Dehghani 2018). The oil 
and gas industry is also confronted with significant subsid-
ence induced by reservoir and overburden layers compaction 
and subsequent surface subsidence (Geertsma 1973; Ferretti 
2014; van Thienen-Visser and Pruiksma 2015).

Initial efforts to model subsidence were largely empiri-
cal, particularly for groundwater-induced subsidence (Holzer 
and Bluntzer 1984). These models often drew correlations 
between water abstraction volumes and observed land 
subsidence. Statistical, semiempirical methods, including 
regression analysis (Allen 1973; Duncan and Chang 1970; 
Poulos et al. 2002) and ‘black box’ models (Phoon and Tang) 
were developed. However, they offer lower reliability, espe-
cially if they are used for prediction with stresses that are out 
of the calibration range (Wang et al. 2019). These models 
were constrained by encompassed assumptions of spatial-
temporal uniformity, linear behaviour, a lack of mechanis-
tic understanding, and a narrow focus on single variables, 
although a few did touch upon nonlinear behaviour with 
clear limitations (Burbey 2002; Domenico and Schwartz 
1997; Galloway and Burbey 2011; Wang et al. 2019).
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Subsequently, models began to incorporate theoretical 
and mechanistic elements, integrating soil mechanics and 
hydrogeology (Helm 1976; Gabrysch and Bonnet 1975; 
Holzer and Galloway 2005; Motagh et al. 2007). Building 
on a process-based approach, Terzaghi (1925) introduced 
a one-dimensional (1D) consolidation theory (Jaeger et al. 
2009). This conceptual model linking the effective stress to 
the water pore pressure in saturated, compressible media 
allows for the coupling of equations of groundwater flow and 
geomechanical behaviour to predict time-dependent com-
paction of clays (Terzaghi 1943; Hubbert 1957; Poland and 
Davis 1969). Biot (1941) introduced a more encompassing 
poroelastic theory in 1941, which considered the interaction 
between soil matrix deformation and pore fluid movement 
in multiple dimensions; however, its extensive resource and 
data requirements limit its widespread application (Gam-
bolati and Freeze 1973; Sukirman and Lewis 1994). This 
first generation of mathematical equations offered a deeper 
understanding of the intricate deformation processes, fluid 
migration, and the distribution of stress within underground 
formations (Detournay and Cheng 1993). Over time, the 
importance of modelling irreversible plastic behaviour 
became evident, leading to the incorporation of elasto-plas-
tic formulations, including compressibility coefficients that 
depend on the stress state and stress history (Wood 1990). 
From this framework, the Cam-clay model emerged as a 
significant elastoplastic model for clays, providing insights 
into both consolidation and yield mechanisms (Schofield and 
Wroth 1968). More intricate models such as the modified 
Cam-clay for over-consolidated clays and the Hardening soil 
model for modelling stress-dependent stiffness and plastic 
behaviour in soils were developed (Roscoe and Burland 
1968; Schanz 1998; Schanz et al. 1999). Viscoelastic models 
also emerged, blending theory and empirical observations 
to merge both elastic and viscous behaviours (Findley et al. 
2013). Creep models capture time-dependent deformations 
experienced by saturated soils under constant effective stress 
loading (Yasuhara et al. 1986; Mitchell and Soga 2005), 
which can simulate substantial subsidence (Seed 1965).

In 1D flow and consolidation modelling, lateral strains 
and drainage are typically disregarded, implying that the 
movement of fluid and associated deformations are assumed 
to occur predominantly in the vertical direction (Davis and 
Raymond 1965; Schiffman and Stein 1970; Yun 2002; 
Radhika et al. 2020). In coupled three-dimensional (3D) 
flow and 1D consolidation models, groundwater movement 
is computed in 3D, while compaction is calculated exclu-
sively in the vertical direction (Gambolati and Freeze 1973; 
Shen and Xu 2011; Xu et al. 2008).

Given the complexity of the land subsidence processes, 
the shortcomings of analytical solutions are evident (Lewis 
and Schrefler 1987). Numerical methods, based on finite dif-
ference methods (FDM) and finite element methods (FEM) 

(Zienkiewicz and Taylor 1989), are used. Other techniques 
like the boundary element method (BEM) (Mirsalari et al. 
2017), mesh-free or meshless methods (Khoshghalb and 
Khalili 2010), Lattice Boltzmann method (LBM) (Kim et al. 
2019), and discontinuous Galerkin methods (Chen et al. 
2013) can also address the complex geomechanical issues 
(Galloway and Burbey 2011).

Land subsidence prediction is chiefly based on two cou-
pled models that simultaneously examine groundwater flow 
and consolidation (Gambolati and Freeze 1973), requiring 
the development of advanced simulation software (Reddish 
and Whittaker 2012; Guzy and Malinowska 2020). COMPAC 
used an FDM method for pioneering the modelling of 1D 
consolidation in compacting aquifer systems (Helm 1986) 
considering vertical stresses in aquitards. This software was 
the first to allow simulation of recoverable and nonrecover-
able consolidations (Helm 1976). The IBS1 tool, combined 
with MODFLOW for 3D regional groundwater flow, simu-
lated subsidence in ‘interbeds’ layers (Prudic 1989), which 
are the compressible layers between high permeable aquifers. 
Despite the unrealistic assumption of an instant hydraulic 
head propagation in the compressible and low-permea-
bility layers, hydrogeologists have used IBS1 extensively 
(Mahmoudpour et al. 2016). The SUB Package proposed 
with MODFLOW enabled the stimulation of time-dependent 
decrease in pressure propagation and compaction in thick, 
low-permeability units (Hoffmann et al. 2003). Earlier codes 
also used an approach with a single equivalent layer rather 
than distinct ones, preventing the garnering of individual 
subsidence results for each layer (Jafari et al. 2016; Choo-
pani et al. 2019). The SUB-WT package for MODFLOW 
offers the possibility of a total stress variation (Leake and 
Galloway 2007; Leake and Galloway 2010). Beyond these 
mentioned codes, specific advanced modelling solutions were 
also developed by different research teams (Brinkgreve and 
Vermeer 1999; Calderhead et al. 2011; Hu et al. 2013; Pham 
et al. 2019; 2020)—for example, among the first ones, Das-
sargues et al. (1993a, b) developed a 3D FEM model for 
simulating transient groundwater pressure conditions in the 
area of Shanghai. This model was coupled to 30 vertical 1D 
flow-compaction geomechanical FEM models where pore 
pressure conditions on the boundaries of the aquifer layers 
were actualized at each time step from the 3D model. Spe-
cifically, this approach allowed for having a very fine dis-
cretization of the clay layers, which also allowed taking the 
hydraulic conductivity and specific storage variations (as a 
function of the stress-state) into account (Dassargues 1995). 
Also, compressibility is dependent on the reached effective 
stress influenced by the induced groundwater drawdown 
(Dassargues 1998; Guzy and Malinowska 2020).

More recently, the implementation of artificial intel-
ligence (AI) and machine learning (ML) in geomechani-
cal modelling is evolving, bringing improved simulation 
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efficiency and predictive capabilities (Baghbani et al. 2022; 
Zhang et al. 2023). In subsidence prediction and mapping, 
various AI methodologies have been adopted, including 
artificial neural networks (ANN) (Zhao and Chen 2011; 
Yang and Xia 2013; Rafiee et al. 2022), adaptive neuro-
fuzzy inference systems (ANFIS) (Jang 1993; Park et al. 
2012; Faryabi 2023), and support vector machines (SVM) 
(Lee et al. 2018; Mehrnoor et al. 2023; Rajabi et al. 2023). 
Additionally, various other methodologies such as adap-
tive neuro-fuzzy inference system–genetic algorithms 
(ANFIS–GA) (Wen et al. 2022), random forest (RF) (Ebra-
himy et al. 2020), and Bayesian logistic regression (BLR) 
(Tien Bui et al. 2018), have found applications in mapping 
susceptibility to land subsidence (Eghrari et al. 2023). How-
ever, despite their potential, as these models are largely data 
driven but not physically- or process-based, they rely on the 
quality and quantity of available data (Bejani and Ghatee 
2021). Without sufficient or reliable data, AI and ML models 
may produce skewed or over-fitted results (Ray 2019).

These models provide physically consistent results of 
consolidation induced by water pressure changes in aqui-
fer–aquitard systems (Dassargues 2018). In such models, 
water pressure variations due to groundwater abstraction or 
recharge change the effective stress in the subsurface, lead-
ing to consolidation or uplift. This geomechanical behaviour 
can be described by elastic or elastoplastic rheological laws, 
depending on the compressibility of the layers involved. 
However, significant challenges remain in comparing the 
outputs of process-based models with PS-InSAR-derived 
displacement estimations. Conceptual choices in the mod-
elling approach such as the selection of specific storage 
coefficients, can introduce biases into the simulation results, 
making it difficult to directly compare model outputs with 
PS-InSAR estimations. Additionally, discrepancies in spa-
tial resolution, temporal coverage, and data gaps can further 
complicate these comparisons.

This study addresses these challenges by integrating PS-
InSAR data with a 3D groundwater flow model coupled with 
a 1D geomechanical model in a focused local case study near 
Antwerp, Belgium. Surface displacements in the region have 
been detected and mapped since the 1990 s using PS-InSAR, 
providing a valuable dataset for assessing long-term subsid-
ence trends. The four possible drivers of subsidence in the 
Antwerp region include:

1.	 The natural consolidation of the Holocene estuarine 
sediments

2.	 Additional consolidation due to backfill overload from 
the 8 m thick embankments along the harbour docks

3.	 Saturated-unsaturated consolidation of the harbour back-
fill materials

4.	 Consolidation due to pore pressure decrease induced by 
groundwater pumping from the Cenozoic aquifers

In other studies, the presence of backfill, formed from 
excavated material from the Scheldt River for harbour infra-
structure, has been identified as the main reason for subsid-
ence in the Antwerp region (Declercq et al. 2021). In this 
work, a local area outside the harbour’s backfill was selected 
to focus only on the effects of ground hydraulic head changes 
on subsidence, excluding the other potential factors. The 
results from the 1D geomechanical model were compared to 
the PS-InSAR deformation estimates, projected onto the ver-
tical direction. Rather than calibrating the numerical models 
to fit the PS-InSAR observations, this approach focuses on 
assessing whether the deformation trends observed on the 
surface can be explained using physically based parameters 
derived from prior studies and in situ tests.

Methodology

Pumping or draining groundwater can lead to the settle-
ment of hydrogeological layers, which in turn may result in 
land subsidence. This phenomenon has been recognized for 
many years and can be explained by using the concept of the 
Terzaghi principle, formulated in 1925 (Terzaghi 1925) for 
saturated porous media:

where �′ is the effective stress, p is the water pressure, and � 
is the total stress, all expressed in Pa [ML–1T–2]. The effec-
tive stress is defined as the ‘grain to grain’ stress or the stress 
occurring within the solid matrix of the saturated medium.

Any increase in this effective stress is thus considered the 
driver of consolidation. A decrease in water pressure in a 
saturated geological medium induces an increase in effective 
stress in both confined and unconfined conditions (Dassar-
gues 2018). In confined conditions, the total stress may be 
considered unchanged, as the pressure decrease through the 
confining layers is very slow to propagate, and the satura-
tion of the upper layers can be maintained by the recharge 
from the surface. In unconfined conditions, a portion of the 
effective stress decrease is balanced by a possible decrease 
of the total stress by lowering the total saturated column 
(Dassargues 1995; Dassargues 2018). It is important to note 
that land subsidence does not necessarily require a partial 
desaturation of the geological formation. Any decrease in 
pore pressure, leading to an increase in effective stress, is 
sufficient to trigger the consolidation process.

Consolidation can be a delayed compaction process because 
of the slow change of groundwater storage caused by the com-
pressibility of the saturated porous medium under the transient 
flow and drained conditions. This geomechanical behaviour 
occurring in the most compressible layers as clayey, peaty, and 

(1)� = �
�

+ p
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loamy loose sediments can most often be described by elas-
tic, elastoplastic, or visco-elastoplastic rheological laws. The 
viscous component, delayed over time, can also be invoked in 
the long term and considered as a ‘secondary consolidation’.

The volume compressibility of a saturated porous medium 
is expressed by:

where α is the volume compressibility of the porous medium 
[Pa–1], the negative sign is justified as a decrease of total 
volume V [L3] is expected for an increase in effective stress. 
An important observation is that volume compressibility is 
not constant but depends on the value of σ’ and thus also on 
the preconsolidation effective stress �′

max
 (i.e., the highest 

effective stress value previously applied to the considered 
porous medium).

Land subsidence induced by anthropogenic changes in 
groundwater conditions can be local or regional. The sub-
siding regions most often correspond to areas where com-
pressible loose sediments are present. Compressible layers 
are made of recent fluviatile, coastal, estuarine, deltaic, 
and lacustrine sediments (Poland and Davis 1969). Under 
certain sedimentological circumstances, they can even be 
underconsolidated (i.e., at a lower effective stress than the 
expected one at the considered depth in a saturated column 
in equilibrium).

A ‘compression constant’ C and a ‘swelling constant’ 
A can be defined as describing the effective stress-strain 
relationship. These constants are defined in a linearized 
ln�

′ , relative deformation) diagram, which shows the pre-
sumed elasto-plastic geomechanical behaviour. The ‘swell-
ing constant’ A illustrates the reversible elastic behaviour 
(below the preconsolidation effective stress), whereas 
the ‘compression constant’ C describes the nonreversible 

(2)−
1

V

�V

�t
= �

��
�

�t

plastic behaviour (above the preconsolidation effective 
stress; Fig. 1a). Similarly, in a linearized, ( log�′

, void 
ratio e ) diagram, a compression index CC and a swelling 
index are depicted CS (Fig. 1b). Oedometer tests allow for 
the determination of those characteristics cited in various 
studies (Lambe 1951; Jorgensen 1980; Dassargues 2018).

Considering the intrinsic connection between the specific 
storage coefficient and compressibility values, groundwater 
literature often distinguishes the elastic and inelastic (plastic) 
geomechanical behaviours via elastic and inelastic specific 
storage coefficients ( Sske and Sskv ) (Zhuang et al. 2017; Li 
et al. 2022a, b).

Using the oedometer test results, the elastic ( Sske ) and ine-
lastic skeletal specific storage ( Sskv ) coefficients introduced in 
the 1D-geomechanical model used in this study can be calcu-
lated (Hoffmann 2003). First, compressibility � is calculated 
using the results of oedometer tests in terms of geomechanical 
parameters (A,C) (Dassargues 2018):

Alternatively, if the provided geomechanical parameters 
are (CC,CS):

Once the compressibility values � were obtained, the spe-
cific storage coefficients can be directly written in relation to 
volume compressibility (Pa-1) [M–1 LT2] (Dassargues 2018):

where � is the density of water and g is the acceleration due 
to gravity. Finally, to obtain the elastic and inelastic skeletal 

(3)

{

𝛼 =
1

A⋅𝜎
� 𝜎

�

< 𝜎
�

max

𝛼 =
1

C⋅𝜎�
𝜎

�

≥ 𝜎
�

max

(4)

{

𝛼 = 0.434 ×
CS

𝜎
� 𝜎

�

< 𝜎
�

max

𝛼 = 0.434 ×
CC

𝜎�
𝜎

�

≥ 𝜎
�

max

(5)SS = �g�

Fig. 1   Diagrams of: a relative 
deformation (�V) in function of 
the natural logarithm of effec-
tive stress (ln��

) ; b void ratio (e) 
in function of the logarithm of 
effective stress ( log��

) (modi-
fied from Dassargues (2018))
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storage coefficients for the geomechanical model used in 
this study, the specific storage values were multiplied by the 
thickness of each layer b (Hoffmann et al. 2003):

where Sske and Sskv are the inelastic and elastic skeletal 
specific storage coefficients of each sublayer. In the 1D 
geomechanical model used in this study, these parameters 
are crucial for the vertical deformation simulation in each 
layer. From the pore pressure and effective stress calculated 
at each time step, a 1D vertical geomechanical model simu-
lates deformations through these equations:

where h is the hydraulic head at a given timestep, and 
hmin is the preconsolidation head corresponding to the 
maximum preconsolidation stress. To enhance simula-
tion accuracy in modelling subsidence, particularly in 
this study, compressible layers must be finely discretized 
into sublayers, maintaining consistent hydrogeological 
and geomechanical parameters. This fine discretization 
improves the representation of water pressure distribution 
within each layer, which is particularly critical for thick, 

(6)
{

Sske = SS(elastic) × b𝜎
�

< 𝜎
�

max

Sskv = SS(inelastic) × b𝜎
�

≥ 𝜎
�

max

(7)
{

Δb = Sske × Δhh < hmin

Δb = Sske × Δhh ≥ hmin

low-permeability layers. Using these principles, subsid-
ence simulations in this study can more accurately capture 
the time-dependent deformations in hydrogeological mate-
rials, reflecting both elastic and inelastic characteristics. 
This approach provides a comprehensive theoretical back-
ground for understanding and predicting land subsidence 
behaviour effectively, specifically for this study. In this 
study, the 3D groundwater flow model and the 1D geome-
chanical model are sequentially coupled. The 3D model 
computes the spatial and temporal evolution of hydraulic 
head using MODFLOW, based on prescribed head bound-
ary conditions derived from piezometric maps and a small 
number of piezometric wells. These simulated heads are 
extracted at the location of each model cell for all hydro-
geological layers and their sublayers, and used as input to 
the corresponding 1D geomechanical model. Each vertical 
column then simulates deformation using layer-specific 
compressibility and specific storage parameters obtained 
from oedometer test results. The coupling is one-way: 
deformation does not feed back into the flow model, as 
the induced subsidence is not expected to significantly 
change regional hydraulic gradients. This one-way sequen-
tial coupling ensures a physically realistic representation 
of groundwater–deformation interaction while maintaining 
computational efficiency. A summary of this workflow is 
shown in Fig. 2.

Fig. 2   Schematic workflow of the sequential coupling between the 3D groundwater flow model and the 1D geomechanical model
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Study area

Background, model setup and boundary conditions

Land subsidence was studied around Antwerp, the second 
largest city in Belgium, where surface displacements have 
been detected and mapped since the 1990s. This monitor-
ing was achieved by employing the PS-InSAR space-based 
technique on ERS1/2, ENVISAT ASAR, and Sentinel-1A 
radar data (Declercq et al. 2021; Choopani et al. 2021). As a 
result, land subsidence measurements are available for this 
site during the periods between 1992–2001, 2003–2010, 
and 2016–2023. For this study, high-resolution TerraSAR-X 
data from 2019 to 2022 were also used. PS-InSAR provides 
insights into both the spatial extent and magnitude of surface 
deformation. Displacement magnitudes are presented as LOS 
velocity over specific observation periods and displacement 
time series. A global hydrogeological map (Fig. 3) across 
Belgium and the neighbouring countries is provided. Located 
on both riversides of the Scheldt, within Antwerp city limits, 
the harbour has seen progressive development. The elevation 
in the Scheldt polders varies from 0.5 to 5 m, relative to the 
Belgium reference altitude (Declercq et al. 2021).

The region lies on low-lying polders in the upper 
reaches of the Sea Scheldt estuary (Fig. 4). Despite no 
significant groundwater extraction recorded in the area, 
subsidence spanning the entire Antwerp region has been 
observed since 1992 using PS-InSAR. The subsidence 
rates in the Antwerp city centre differ from those in the 
harbour installations. In the habour area, land subsidence 
can be driven by different processes other than groundwa-
ter pumping, such as the natural and over-consolidation 
of Holocene estuarine sediments due to overloading of 
backfill with 8-m-thick embankments along the harbour 
docks, and the saturated-unsaturated consolidation of 
backfill materials (Fig. 4).

To ensure a focused analysis of the subsidence due to 
changes in water pressure in the aquifers and aquitards, while 
excluding the effects of compaction of the embankment, it 
was decided to choose a study area deliberately positioned 
outside the embankment limits. To understand potential con-
solidation processes in the most compressible strata (Pale-
ocene and Eocene) arising from pore pressure decreases in 
various Cenozoic aquifers (Fig. 5), a 3D groundwater flow 
model sequentially coupled to a 1D-geomechanical model has 
been developed.

Fig. 3   Hydrogeological location map. Data from the International Hydrogeological Map of Europe at a scale of 1:1,500,000 (IHME1500; BGR 
and UNESCO 2013)
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This 3D groundwater flow model covers an area of 1.1 
km2 and includes nine layers of loose sediments (Fig. 5). The 
study area comprises nine main hydrogeological units up to 
a depth of 225 m. These include four aquifers, four aquitards, 
and the uppermost layer, composed of mixed sand and clay.

The boundary conditions of the 3D groundwater flow 
model were prescribed as Dirichlet-type (fixed head) for the 
aquifer layers and no-flow for the aquitards, based on avail-
able piezometric data and hydrostratigraphic interpretation. 
For aquitard layers, all lateral boundaries were considered as 

no-flow, as these units act as confining layers and have very 
low hydraulic conductivity. For the aquifers (layers 2, 4, 6, 
8), hydraulic head values were assigned along the eastern and 
western lateral boundaries, representing regional flow patterns 
from higher head values in the east toward lower heads in the 
west. The northern and southern boundaries for aquifers were 
assumed to be no-flow boundaries as a result of the absence of 
significant head gradients in those directions observed in the 
regional piezometric maps. For several aquifer layers where 
a piezometric observation well was located precisely on the 

Fig. 4   Location map of the Antwerp region in Belgium. (The border of the Anthropogenic layer is from the Geological 3D model, v3.1; DOV 2024)
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eastern or western boundaries, measured hydraulic head val-
ues were directly assigned as a boundary condition. Where 
piezometric observations were located away from the model 
boundary, hydraulic head values were estimated by projecting 
the values from piezometric maps using linear interpolation 
between observation wells and the model boundaries.

The uppermost layer (layer 1) is the Quaternary layer, 
including polder deposits, characterized by mixed sand and 
clay. Below this (layer 2) is the Pleistocene and Pliocene aquifer 
system, which actually forms part of the broader Miocene aqui-
fer and consists primarily of sandy deposits. Layer 3 is Boom 
Aquitard, composed of clay, which acts as a confining unit. 
Layer 4 is the Ruisbroek-Berg Aquifer, also known as the Upper 
Oligocene Aquifer, featuring sandy materials, while layer 5 is 
the Tongeren Aquitard, another significant confining layer rich 
in clay. Layer 6 is the Lower Oligocene Aquifer, composed 
of sandy sediments, and layer 7 is the Bartoon Aquitard Sys-
tem, characterized by its clay composition, whereas layer 8 is 
the Ledo-Paniselian-Brusselian Aquifer System, consisting of 
mixed sand and clay. Finally, Layer 9 is the Paniselian Aquitard 
System, the deepest unit, mainly composed of clay.

For groundwater modelling, accurate information regarding 
the geometry and the hydrogeological properties of the differ-
ent layers is needed. The simulation of groundwater flow and 
consolidation processes necessitates values for the key param-
eters such as the horizontal hydraulic conductivity ( Kh ), the 
vertical hydraulic conductivity ( Kv ), and the specific storage 
( Ss ) of each layer. Data about the source/sink of groundwater 
such as groundwater abstraction rates and recharge, also play 

an important role. The hydrogeological characteristics of aqui-
fers and aquitards can be assessed using various techniques; 
however, this falls outside the scope of this paper. In situ meas-
urements such as pumping and recovery tests data are usually 
only available in aquifers. For aquitards, lab-scale measured 
data based on permeameter and oedometer tests, but are only 
available with exception. As a result, first-guessed values for 
those parameters are often based on estimations gathered from 
the literature (Dassargues 2018) on the basis of the identified 
lithologies. The main problem is, however, that a large uncer-
tainty usually remains for these values of parameters, which is 
only partially solved by calibration of the model on measured 
data. The reliability of the calibration depends, then, strongly 
on the availability of historically measured potentiometric 
heads in each aquifer and in different locations.

In the study conducted in Antwerp, significant challenges 
arose resulting from data scarcity. For several layers, hydraulic 
conductivity parameters are derived either from direct meas-
urements or from prior calibrations documented in other stud-
ies, as detailed in Table 1 (Gedeon et al. 2007). Most hydraulic 
conductivity values were inferred from grain size distribution 
analysis, occasionally supplemented by pump or slug tests. 
Two potentiometric maps were available in Antwerp: one for 
the Miocene aquifer (Labat 2011) (layer 2) and another for 
the Oligocene aquifer (2009) (layers 4 and 6; Vandersteen 
et al. 2012; Vlaamse Milieumaatschappij 2016). As the deeper 
aquifers are characterized by a high salt content, they are less 
exploited than the shallow layers, which offer reserves of 
high-quality groundwater (Vandersteen et al. 2012). In the 

Fig. 5   Simplified hydrogeological cross-section AA′ (as drawn in 
Fig.  4) showing in depth the interlayering between compressible 
clayey aquitards and sandy aquifers. Elevation values are given in m 
and above the Belgian reference level. The numbers shown on each 

layer represent the corresponding layer number in the model. This 
cross-section is based on an interpretation of data from the Geologi-
cal 3D model (v3.1) and the Hydrogeological 3D model (v2.1) avail-
able on DOV (2024)
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broader Antwerp region, the Miocene aquifer system expe-
riences, thus, significant pumping activity. However, this 
aquifer was not being exploited locally within the area of this 
study’s local model. On the contrary, within the Oligocene 
aquifer, a pumping well in the centre of the local model area 
with an extraction rate of 2,800 m3/year is taken into account 
within the Oligocene aquifer. The layer corresponds to layer 
6 (Lower Oligocene Sandy Aquifer) of the model (Fig. 4). 
Given the limited availability of data on groundwater levels 
and fluxes, calibration of the model and optimization of the 
parameters were considered inappropriate within the scope 

of this research, and the model was mainly constrained by 
boundary conditions. Table 1 provides the values used here, 
derived from the available data.

The geotechnical parameters used in this study were 
derived based on the principles outlined in section ‘Meth-
odology’. In the local model, the assessment of geotechnical 
parameters was based on thorough reviews of geotechnical 
reports and studies. For the shallow layers, tested samples 
from four boreholes, located near the eastern boundary of the 
local model (Geotechnics Department in Flanders 1999) were 
analyzed to derive C and A. For the deeper low-permeability 
layers, comprehensive geomechanical studies conducted in the 
region (i.e. Kallo, Mol, and Essen), together with hydrogeo-
logical reports, have provided CC and CS index values (Deng 
et al. 2011; Nguyen et al. 2014). For the sandy aquifers cor-
responding to layers 4, 6, and 8 (Fig. 4), the same geome-
chanical parameters were used as those of the sandy layer 2, 
a shallow layer for which there was direct borehole data. This 
decision was based on similarities in the lithology between 
them, even though both their depths and thicknesses differed 
significantly. Additionally, it also considered the same param-
eters for layer 5, a deep clay aquitard, as was done for Boom 
Clay (layer 3). For layers 7 and 9, corresponding to the deep 
clay aquitards, characteristics similar to those of the Ieperiaan 
clay (Nguyen et al. 2014) were chosen.

Further, the preconsolidation effective stress (��

max
) for the 

uppermost layer was assumed based on the current poten-
tiometric head at the initial date of simulation, representing 
a normally consolidated state, implying that the uppermost 
layer behaves inelastically as it adjusts to changes in stress. 
For the deeper overconsolidated layers, the preconsolidation 
effective stress is considered the equivalent to the potentio-
metric head of 50 m below the current head in each layer. 
This reflects sedimentary paleo loading and unloading events, 
implying a state of overconsolidation. Consequently, these 

Table 1   Values of vertical and horizontal hydraulic conductivity in 
different layers used for the Antwerp local model, derived from vari-
ous sources including the central Campine model (Verbeiren et  al. 
2006), Brulandkrijt model (Ministerie van de Vlaamse Gemeenschap 
2004), and direct measurements (Vandersteen et al. 2012)

a For model layers that combined two zones with similar lithology, a 
geometric mean of their values was calculated to obtain a single rep-
resentative value for each unified layer. Furthermore, where the litera-
ture provided two calibrated values from different models for the same 
layer, the geometric mean was also calculated. In cases where a range 
of values was provided, the geometric means of these ranges were 
determined

Layer Kh(m∕s) a Kv(m∕s) Kh and Kv source locations

1 1.5 × 10
−5

3.0 × 10
−6 Central Campine model

2 6.5 × 10
−5

1.3 × 10
−6 Central Campine model

3 3.8 × 10
−9

1.7 × 10
−10 Brulandkrijt model and 

Central Campine model
4 2.7 × 10

−5
6.7 × 10

−6 Brulandkrijt model
5 1.8 × 10

−10
5.4 × 10

−11 Measured
6 2.3 × 10

−6
2.3 × 10

−8 Brulandkrijt model
7 1.2 × 10

−11
1.2 × 10

−13 Brulandkrijt model
8 4.1 × 10

−5
1.0 × 10

−5 Brulandkrijt model
9 1.2 × 10

−9
1.2 × 10

−11 Brulandkrijt model

Table 2   Elastic and inelastic skeletal storage coefficients for each 
model layer. These values are calculated from oedometer test results 
conducted on samples from four boreholes on the eastern boundary 

of the local model (Geotechnics Department in Flanders 1999), Essen 
and Mol (Deng et al. 2011), and Kallo (Nguyen et al. 2014)

a For layer 7, data sourced from Ypresian clay samples in Kallo is used because of its lithological similarity and comparable depth characteristics, 
although it is not directly part of the modelled layers

Layer Sske(-) Sskv(-) A and C source locations CS and CC source locations

1 3.0 × 10
−3

2.3 × 10
−2 Eastern boundary boreholes -

2 3.5 × 10
−3

2.1 × 10
−2 Eastern boundary boreholes -

3 3.5 × 10
−2

8.0 × 10
−2 - Essen and Mol

4 9.2 × 10
−4

5.3 × 10
−3 Derived from similar lithology (see layer 2) -

5 2.3 × 10
−3

5.1 × 10
−3 - Derived from similar lithology (see layer 3)

6 8.3 × 10
−4

4.8 × 10
−3 Derived from similar lithology (see layer 2) -

7 1.5 × 10
−2

4.4 × 10
−2 - Similar to Ypresian clay in Kalloa

8 1.1 × 10
−3

6.3 × 10
−3 Derived from similar lithology (see layer 2) -

9 2.7 × 10
−3

8.1 × 10
−3 - Derived from similar lithology (see layer 7)
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deeper layers exhibit elastic behaviour when the effective 
stress is below this historical maximum and inelastic behav-
iour when it exceeds this threshold. In summary, geotechnical 
data from diverse sources with inherent assumptions were 
adopted. Indeed, uncertainties for these values are large as a 
result of data limitations and lithological variability. Table 2 
lists the values for both elastic and inelastic skeletal storage 
coefficients across the layers of the model considered for the 

geomechanical computations. They are the best approxima-
tions based on existing data and limitations.

Layer discretization and delayed consolidation 
response

In most numerical models, the water pressure varia-
tion is assumed linear within one finite element or one 

Fig. 6   3D visualization of the 
hydrogeological model with 
only the main layers (MLs); b 
with the finer discretization in 
sublayers (SLs)
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finite-difference cell. This induces an unrealistic approxi-
mation of the pore pressure in the aquitard compressible 
layers if they are modelled by one layer of cells or elements. 
To obtain a better approximation of the vertical distribu-
tion of the pore pressure, the compressible layers must be 
discretized with finer sublayers. Thus, using MODFLOW, 
the discretization of main layers (MLs) into finer sublayers 
(SLs) enhances the accuracy of simulations, even if these 
SLs are given the same hydrogeological and geomechani-
cal parameters. This finer vertical resolution is particularly 
critical for thick low-permeability layers, which are more 
susceptible to delayed consolidation resulting from slower 
pore-water pressure dissipation in the low-permeability and 
compressible layers. By subdividing layers (i.e., in this case, 
layer 2 into four units, layer 3 into eight, layer 5 into four, 
layer 7 into eight, and layer 9 into four), finer vertical reso-
lution was achieved (Fig. 6). The increased number of SLs 
enables the simulation to approximate the delay in deforma-
tion that is observed in hydrogeological materials exhibiting 
elastic or inelastic characteristics. This discretization cap-
tures the delayed consolidation response: pressure drops in 
low‑permeability sublayers propagate gradually, inducing 
delayed compaction. Without such vertical subdivision, 
in MODFLOW’s finite-difference framework, each cell or 
layer is treated as hydraulically uniform (head changes are 
assumed to be linear and therefore propagate instantaneously 
across the full thickness), so a coarse single‐layer model 
enforces immediate compaction and entirely omits the dif-
fusion-driven delay that is characteristic of low-permeability 
strata. Through this discretized layering, the model can more 
accurately simulate deformation over time in each SL and 
eventually each ML of the local model.

MODFLOW simulations were conducted to compute 
hydraulic head dynamics across these adjusted SLs. The 
simulation spanned from 2007 to 2023, providing temporal 
evolution of the hydraulic head, which is used as input for 
deformation calculations. Hydrogeological and geomechani-
cal parameters were maintained across the SLs, with values 
corresponding to their original ML.

From the pore pressure (and thus the induced effective 
stress) calculated at each time step and in each sublayer, a 
1D vertical geomechanical model is used to simulate the 
deformations. The script developed in this study calcu-
lates incremental deformation (Δb) at each time step, for 
each sublayer, following the rules introduced in section 
‘Methodology’.

The script compares h and hmin at each timestep and deter-
mines the type of deformation (i.e., inelastic or elastic): the 
initial hmin for sublayer 1 was set to the initial head at the start 

of the simulation and for the other layers, an overconsolidation 
corresponding to an equivalent head drop of 50 m below the 
initial head is considered, leading to only elastic deformation.

Results

Land subsidence estimations

The most recent deformation measurements in Antwerp 
were obtained using the Stanford Method for PSs (StaMPS) 
time series analysis software (Hooper et al. 2007; Hooper 
2008). StaMPS integrates the principles of PS-InSAR into its 
methodology. The spatial variability and temporal evolution 
of displacement in the region were determined using data 
from the ERS (1992–2001; Fig. 7a), Envisat (2003–2010, 
Fig. 7b), and Sentinel-1A (2016–2020) satellites (Declercq 
et al. 2021). For this research, the Sentinel-1A data were 
extended to cover up to 2023 (Fig. 7c). Additionally, Ter-
raSAR-X data from 2019 to 2022, processed using the SAR-
PROZ software (Perissin et al. 2011), were also used to com-
plement the analysis. For this study, only the time series of 
deformation from TerraSAR-X data during 2019-2022 were 
used to compare with the results of deformation from the 
geomechanical model. Annual average velocity maps along 
LOS from TerraSAR-X data are not depicted in Fig. 7 and 
will be detailed in a separate study.

For each satellite operational duration, an InSAR time-
series data stack for Antwerp was processed to offer a 
reliable displacement time series spanning 1992–2023. 
In the central region of the Antwerp harbour, measure-
ments integrated over specific periods provided estima-
tions of land subsidence. For the intervals 1992–2001, 
2003–2010, and 2016–2023, the highest estimated aver-
age subsidence located approximately in the middle of the 
harbour was –4.4, –4.1 and –7.4 mm ± 0.49 mm, respec-
tively, along LOS. The city centre of Antwerp, situated on 
the eastern bank of the Scheldt River, exhibited relative 
stability with average displacement rates of 0.2 mm/year 
during 1992–2001, –0.1 mm/year during 2003–2010, and 
0.2 mm/year during 2016–2023. These values are relative 
to a selected reference point, which is crucial for calculat-
ing relative movements, as PS-InSAR measures changes 
in distance between the satellite and the Earth’s surface 
rather than absolute displacements. For the ERS data, a 
different reference point was chosen, located outside the 
Antwerp region, while the reference points for the Envi-
sat and Sentinel stacks were situated closer to the city. 
Despite the differences in their locations, all reference 
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points were geologically selected from areas assumed to 
be stable because of their composition of old, consolidated 
sediments. In summary, various methods have captured 
the Antwerp land subsidence patterns over the years. To 
explain the causes of such displacements, the subsequent 
section will explore the hydrogeological data.

Hydraulic head evolution

A 3D groundwater flow with the hydrogeological setup of 
this study area, which is situated on the southwestern bor-
der of Antwerp, specifically outside the harbour backfill. 
Piezometric heads were monitored from 2007 to 2016 using 

Fig. 7   Annual average velocity map along line of sight (LOS) observed by: a ERS (1992–2001); b ENVISAT (2003–2010) data from (Declercq 
et al. 2021); and c Sentinel (2016-2023) radar data
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observations from three piezometric monitoring wells. At 
the lateral boundaries of the aquifer layers, hydraulic head 
values were prescribed, while for the remaining low-per-
meability boundaries, a no-flow condition was considered. 
Hydrogeological parameters were gathered from past stud-
ies conducted in this part of Flanders, and each layer was 
considered as homogeneous. A regular grid was used in the 
horizontal plane, consisting of 110 × 110 cells, each with an 

area of 10 × 10 m. Along the vertical plane, cell dimensions 
varied based on the thickness of each SL.

To address the delayed responses in deformation, the 
nine main layers (MLs) were subdivided into 32 sublayers 
(SLs). The evolution between 2007 and 2023 of the hydrau-
lic head across SLs corresponding to each ML is illustrated 
through nine subplots (Fig. 8). The uppermost SL (ML 
1), composed of a mix of sand and clay, shows hydraulic 

Fig. 8   Temporal evolution of water head across different sublayers of 3D-flow transient simulation, spanning 2007–2023. The rates of change for 
each layer are indicated in meters per year (m/year)
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head fluctuations similar to those observed in ML 2, which 
includes four SLs classified as an aquifer. This similarity is 
attributed to the identical boundary conditions applied for 
both MLs, an assumption was made because of the lack of 
direct piezometric data for ML 1, assuming that the hydro-
geological influences are comparable to those affecting the 
adjacent aquifer. ML 3, as a low-permeability aquitard, 
reveals stability of the hydraulic heads over time across its 
sublayers (SL 6–13), isolating the overlying aquifer (ML 
2) from deeper hydrogeological influences. The base of 
ML 3 (SL 13) exhibits a minor but consistent decline in 
hydraulic head, decreasing at a rate of –0.03 m/year. This 
subtle change is attributed to the hydraulic gradient induced 
by lower prescribed heads in the adjacent ML 4. ML 4 is 
a dynamic sandy aquifer experiencing the highest change, 
showing a hydraulic head drop at a rate of –0.23 m/year 
linked to groundwater abstractions or natural drainage pro-
cesses within the aquifer.

The influence of the aforementioned dynamic aquifer 
above ML 5, which is an aquitard, begins to be moderated 
as evidenced by the decreasing hydraulic head declines from 
the uppermost SL 15 at –0.17 m/year to deeper SLs, show-
ing reductions to –0.09 and –0.06 m/year, respectively. The 
computed hydraulic head decline in SL 18 to –0.08 m/year, 
reversing the previous downward trend, suggests an influence 
from the aquifer conditions of ML 6 below. In ML 6, the rate 
of decline in the hydraulic head is –0.11 m/year, depicting 
less variation than in the aquifer ML 4. In aquitard ML,7 
hydraulic heads are stable over time across the SLs. The 
hydraulic head increases from higher elevation SLs to lower 
ones (from SL 20 to SL 27) because of the head gradient 

between the adjacent aquifers ML 6 and ML 8. The aquifer 
ML 6 exhibits a decline in hydraulic head (–0.11 m/year), 
creating less downward pressure, while aquifer ML 8, with 
a rising hydraulic head (+0.13 m/year), exerts more upward 
pressure on the lower sublayers of aquitard ML 7. The ris-
ing hydraulic head in ML 8 is likely due to the cessation of 
pumping wells that were active in the past, allowing for the 
recovery of the hydraulic heads. ML 9 (SLs 29–32), as the 
base of the model, is classified as a low-permeability aqui-
tard. The slight increase in hydraulic head (+0.02 m/year) 
observed in the uppermost SL 29 is attributed to the influ-
ence of the aquifer ML 8 above, which imposes an increasing 
head. In contrast, the deeper SLs (SLs 30–32) show almost 
no change because of their depth and the aquitard properties.

Pore pressure distribution across model layers

Figure 9 illustrates the distribution of pore pressure as a func-
tion of depth in one vertical column in the centre of the local 
model. The graph shows the logical pore pressure increase 
with depth. In MLs 1, 2, 3, and 7, pore pressure profiles 
remain stable over time. The last SL of ML 3 shows evolv-
ing lower water pressures with time, reflecting its interaction 
with the aquifer pressures in ML 4. The aquitard ML 5 simi-
larly exhibits evolving lower pressures, indicating significant 
pressure changes driven by lower hydraulic heads in aquifer 
ML6. Because of its position between aquifers ML 4 and ML 
6, a strong hydraulic gradient is created. In contrast, ML 8 
shows a slight increase in pore pressure over time, indicating 
rising hydraulic heads. Stable and consistent pore pressures 
are computed in ML 9, with hardly any variation over time.

Fig. 9   Pore pressure distribu-
tion with depth in a 1D vertical 
column. Each line on the graph 
represents the pore pressure 
profile for a specific year, from 
2007 to 2023
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Computed deformation across model layers

The variations in deformation are linked to the geome-
chanical properties and hydraulic head fluctuations within 
each ML and SL. Figure 10 presents the deformation time 
series computed across the SLs within each ML during 
the simulation period. In ML 1, the deformation rate of 
–0.39 mm/year is significantly high compared to other 
layers, despite only slight hydraulic head variation. This 
shows the effect of the inelastic storage coefficient, which 
is higher than the elastic storage coefficient. As this 

uppermost layer is considered normally consolidated, even 
minor head changes lead to inelastic compaction, result-
ing in disproportionately high deformation compared to 
deeper overconsolidated units.

In contrast, each SL of ML 2 shows a negligible elastic 
deformation of –0.01 mm/year despite a similar hydraulic 
head variation as in ML 1. In ML 2 and deeper, deforma-
tion is only elastic. ML 3 exhibits minimal deformation 
across its sublayers (SL 6–13), except for the sublayer 
closest to ML 4 (SL 13). Very low deformation rates in 
the SLs of ML 3 are consistent with their stable hydraulic 

Fig. 10   Temporal evolution of deformation (in mm/year) across different sublayers of the 1D-geomechanical model, during the 2007–2023 
period
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head over time. In the deeper part of ML 3 (SL 13), a 
slight deformation is computed at a rate of –0.3 mm/year, 
induced by the lower heads in ML 4.

Although this rate of displacement is minimal, the Boom 
clay in this layer has high compressibility and low perme-
ability, making it highly sensitive to even small changes in 
water pressure. This means that a very negligible water pres-
sure drop can result in significant deformation, leading to a 
total displacement of up to 2 mm over the period 2007–2016. 
ML 4 shows the highest rate of deformation, with a deforma-
tion rate of –0.42 mm/year, corresponding to a significant 
rate of hydraulic head decline. This aquifer is primarily com-
posed of sand with shells and glauconite, explaining its com-
paction. In ML 5, deformation rates decrease with depth: 
the uppermost SLs (SL 15) exhibit a rate of –0.19 mm/year, 
reducing to –0.10 mm/year in the middle of ML 5, and fur-
ther to –0.07 mm/year in the deeper SL. The deformation 
rate of –0.09 mm/year in SL 18 illustrates the effects of the 
influence of aquifer ML 6 below. ML 6 shows a moderate 
deformation rate of –0.11 mm/year, as the hydraulic head is 
declining. ML 7, another aquitard, shows no deformation 
across SLs 20–27 because of its stable hydraulic heads over 
time, preventing the experience of deformation. In ML 8, 
rising hydraulic heads at a rate of +0.13 m/year lead to a 
swelling of +0.28 mm/year rather than compaction. Finally, 
ML 9 at the base of the model, shows minimal deformation 
because of its stable hydraulic head over time. While SL 29 
shows a slight swelling of 0.03 mm/year, influenced by the 

upward pressure from the upper ML 8, this deformation is 
too small to be significant. Overall, negligible deformation 
is computed in ML 9.

Comparison between 1D geomechanical results 
with PS‑InSAR estimations

Figure 11 shows a comparison between computed verti-
cal deformation values from the 1D geomechanical model 
sequentially coupled to the 3D groundwater model (specifi-
cally plotted for the central cell of the model) and deforma-
tion values projected onto vertical direction estimated by PS-
InSAR estimations across different periods. The PS-InSAR 
data, extracted from four PS-InSAR data processed in this 
study, SkyGeo, and EGMS, represent the average time series 
of PS points located within the limits of the local model 
area, rather than single PS points. This averaging approach 
ensures a more reliable and representative comparison by 
mitigating the effects of local anomalies and measurement 
noise that could affect individual PS points. The PS-InSAR 
estimations are relative time series of the deformation. For 
visualization purposes, the initial values of the Envisat, Sen-
tinel, and TerraSAR-X time series were aligned with the 
ERS trendline.

Despite the unclear trends of PS-InSAR estimations dur-
ing data gaps, this provides a practical solution for visuali-
zation and allows for simultaneous comparison of deforma-
tion rates across the datasets. Computed deformations in the 

Fig. 11   Comparison between 
PS-InSAR estimations of 
deformation values projected 
onto the vertical direction from 
different datasets, and simu-
lated deformation from the 1D 
geomechanical model sequen-
tially coupled to the groundwa-
ter model
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model were also shifted vertically to allow the comparison. 
PS-InSAR data provide deformation estimations along the 
LOS of the satellite, which were converted to vertical defor-
mation for comparison purposes.

While the ERS data offers historical insight into subsid-
ence from 1992–2000, showing a trend of −1.9 mm/year, it 
does not overlap with the deformation phase simulated in 
the geomechanical model (i.e., post-2007), limiting long-
term comparisons. Similarly, the Envisat data, spanning 
from 2003 to 2010, only have 3 years in common with the 
modelled time series and indicate a rate of –0.3 mm/year, 
which falls within the noise level. The early stage of the 
model, 2007–2009, is not considered reliable as the model 
is too dependent on initial conditions during the first years 
of the simulation. PS-InSAR data were unavailable from 
2010 to 2016. Post-2016, both the model and PS-InSAR 
provide time series, but the model results are based only on 
quite uncertain water pressure induced by a single pumping 
well with a nearly insignificant discharge rate, rather than 
on head values from measured piezometric data, which 
were unfortunately not available during this recent period 
anymore. All these data issues affect the comparison reli-
ability and interpretation. Concerning PS-InSAR data pro-
cessing, the Sentinel data periods are not entirely aligned: 
our processing through ISCE-STAMPS covers 2016–2023 
(green), while SkyGeo and EGMS data span 2017–2022 
and 2019–2023 (purple and orange, respectively). The 
Sentinel data processed by SkyGeo and EGMS exhibit 
low noise and clear deformation rates, complementing the 
results from the processing. Additionally, the processing 
of TerraSAR-X data through SARPROZ for 2019–2022 
shows a rate of –2.43 mm/year similar to those estimated 
by SkyGeo and EGMS.

From 2009 to 2016, the 1D geomechanical model shows 
a rate of –1.78 mm/year, which falls between the vertical 
deformation rates observed from PS-InSAR estimations 
(excluding the nonreliable 2007–2009), closely matching 
the SkyGeo, which shows a slightly higher rate of –2.67 
mm/year and is similar to EGMS data from the same period 
showing –2.78 mm/year. Later, from 2016 to 2023, defor-
mations computed by the model are probably underesti-
mated, as these results are based on incomplete recorded 
pumping data (as mentioned previously). The TerraSAR-X 

data processed in this study, covering 2019–2022, show a 
deformation rate of –2.43 mm/year, which aligns closely 
with the estimates from SkyGeo and EGMS. The Sentinel 
data processed through ISCE-STAMPS, show a lower rate of 
–0.90 mm/year during 2016–2023. These variations can be 
attributed to differences in processing techniques, regional 
factors, and the inherent limitations of InSAR as an estima-
tion method.

To quantitatively assess the match between the modelled 
and estimated PS-InSAR deformation time series, several sta-
tistical evaluation metrics were computed. However, since 
the 1D geomechanical model simulates vertical compaction 
from 2007 to 2023, while PS-InSAR observations begin 
only in 2016, this makes direct comparison challenging. For 
2016, the model likely underestimates deformation because 
of the lack of real prescribed piezometric head and pump-
ing data. Nevertheless, assuming the modelled trend from 
2007 to 2016 continued beyond 2016, metrics were calcu-
lated for the overlapping period, including root mean square 
error (RMSE), R2, mean absolute error (MAE), mean bias 
error (MBE), and Pearson correlation coefficient (r). Table 3 
summarizes these values for each dataset, indicating varying 
levels of agreement, with a particularly strong correlation 
observed between the model and EGMS and TerraSAR-X 
time series. EGMS achieves an RMSE of only 1.26 mm and a 
correlation coefficient of 0.987, reflecting near-perfect align-
ment, while TerraSAR-X shows similarly robust agreement 
(RMSE = 1.29 mm, r = 0.921). Sentinel data processed by 
StaMPS show the poorest agreement, consistent with its 
known underestimation of magnitude in this area.

Validation of PS‑InSAR results

Validation is conducted only during the time span of Senti-
nel and TerraSAR-X data because of the absence of GNSS 
measurements during the ERS and Envisat data, which cover 
earlier periods (1992–2010). However, this limitation does not 
undermine the strength of this study’s conclusions, as the vali-
dated datasets in the more recent years consistently capture 
the relevant deformation trends, which are key for comparison 
with the deformation calculated in the geomechanical model.

To validate the PS-InSAR deformation estimations 
presented in this study, the estimations were compared 

Table 3   Statistical agreement 
metrics between simulated 
deformation from the 1D 
geomechanical model and 
PS‑InSAR deformation time 
series for each dataset

Dataset RMSE (mm) R2 MAE (mm) MBE (mm) Pearson correla-
tion coefficient

EGMS 1.26 mm 0.867 1.01 0.74 0.987
SkyGeo 3.47 0.521 2.65 0.86 0.786
TerraSAR-X 1.29 0.617 0.92 –0.86 0.921
Sentinel processed 

by StaMPS
6.54 –0.581 5.5 4.13 0.392
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with independent data from GNSS station BEZA, located 
approximately 9.8 km from the centre of the local model 
area. Although BEZA is not situated directly within the 
model boundary, it lies within the same radar frame and 
is processed using the same PS-InSAR dataset. Therefore, 
any residual atmospheric or processing noise affecting the 
local model is expected to be similarly present at BEZA.

The GNSS displacement data were taken from BEZA 
into the LOS direction using satellite acquisition geome-
try, after which it was compared to four recent independ-
ent LOS time series derived from InSAR: Sentinel-1 data 
processed using StaMPS, TerraSAR-X processed using 
SARPROZ, Sentinel-1 from the EGMS, and Sentinel-1 
from SkyGeo. All PS-InSAR time series were extracted 
near BEZA to allow direct comparison (Figs. 12). The 
computed linear trends of LOS deformation rates over 
the common period are as follows: BEZA GNSS shows 
–1.30 mm/year, Sentinel processed in StaMPS –0.36 mm/
year, TerraSAR-X processed in SARPROZ –2.26 mm/
year, EGMS –1.50 mm/year, and SkyGeo –1.63 mm/
year. Despite some differences in magnitude, particu-
larly the underestimation by StaMPS, the agreement 
between BEZA, EGMS, SkyGeo, and TerraSAR-X data-
sets strongly supports the reliability of the PS-InSAR 
estimations. This comparison confirms that the observed 
deformation patterns in this study reflect actual ground 
motion trends, reinforcing the validity of the PS-InSAR-
derived results used throughout the study.

Sensitivity analysis of the 1D geomechanical model

To evaluate the sensitivity of the 1D geomechanical model 
to changes in specific storage parameters, ten different sce-
narios were considered with an increase of 100% for the 

inelastic specific storage in ML 1 and the elastic specific 
storage in the rest of the MLs. Computed deformations from 
the 1D geomechanical model under these different scenarios 
compared to the reference scenario are shown in Fig. 13. 
Scenario 10 represents the combined effect of a 100% 
increase in specific storage across all model layers, provid-
ing the overall system sensitivity. The sensitivity analysis 
indicates that a 100% increase in the specific storage of each 
layer results in varying impacts on computed deformations.

For instance, the cumulative deformation at the end of the 
period for scenario 5 is –17.6 mm, compared to –13.6 mm in 
the reference scenario. Results show that ML 4 is the most 
sensitive layer to changes in specific storage values, where 
a 100% change in the parameter results in a 27% change in 
cumulative deformation. For scenario 1 (inelastic specific 
storage increased by 100% in ML 1), an additional deforma-
tion mean rate of 0.44 mm/year during 2009–2016 is com-
puted with respect to the reference scenario. In the case of 
ML 8, where hydraulic heads are rising, a 100% increase in 
elastic specific storage results in a 23% decrease in cumula-
tive deformation compared to the reference scenario. This 
represents the highest swelling from the reference scenario.

On the other hand, MLs 2, 7, and 9 showed the least sen-
sitivity, with an identical cumulative deformation as with 
the reference scenario. This is because there is nearly no 
pressure change over the simulated period in these layers, 
meaning their exact values are less critical and can vary 
without greatly affecting the model results.

For scenario 10, with a 100% increase in specific storage 
across all layers simultaneously, the cumulative deformation 
was significantly different from the reference scenario, indi-
cating the cumulative impact of changes in each layer’s spe-
cific storage on the total deformation. If the parameters were 
chosen incorrectly, even a 100% increase in specific storage 

Fig. 12   Comparison between 
PS-InSAR-derived LOS defor-
mation and GNSS-composed 
line of sight (LOS) displace-
ment at the BEZA station
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(which is a modest change in geotechnical terms) would result 
in a 100% increase in deformation. This highlights the impor-
tance of carefully selecting the parameters, as even modest 
changes can significantly impact the model results.

Discussion

General discussion

In previous studies, it was concluded that the deformation 
observed by InSAR in the Antwerp region was significant 
where backfill is present, mainly within the harbour, and 
that areas without backfill did not experience substantial 
deformation. Therefore, subsidence was attributed solely to 
backfill compaction. This interpretation, however, oversim-
plified the causes of subsidence in the region. By focus-
ing only on backfill compaction, previous studies neglected 
other potential factors contributing to the deformation. In 
this study, it was demonstrated that outside of the backfill 
areas, groundwater abstraction plays a role in subsidence. 
This study also shows the value of a comparison of PS-
InSAR estimation projected onto the vertical direction, with 
vertical deformation calculated by a sequentially coupled 
hydro-geomechanical model.

This is illustrated in a case study near Antwerp. A 
detailed 3D groundwater flow model was developed using 
MODFLOW, and a customized code was used to execute 
a 1D geomechanical model based on the same geome-
chanical equations as the SUB package of MODFLOW 
(Hoffmann et al. 2003). By dividing the nine MLs into 32 
SLs, delay effects for the water pressure propagation in the 

low-permeability layers was able to be considered. For the 
study case, the significant hydraulic head declines in the 
Ruisbroek-Berg Aquifer (ML 4) and the Lower Oligocene 
Aquifer System (ML 6), lead to notable compaction, whereas 
the increase in hydraulic head in the Wemmel-Lede Aquifer 
(ML 8) results in swelling. This swelling compensates for 
a part of the total compaction, leading to less resulting land 
subsidence. Additionally, relatively stable hydraulic heads 
over time in aquitards resulted in minimal deformation, 
except in ML 5 (Tongeren Aquitard) and its SLs, influenced 
by the declining hydraulic heads in ML 4 and ML 6. In the 
polder deposits (ML 1) and Pleistocene and Pliocene Aqui-
fer System (ML 2), the hydraulic heads are only slightly 
decreasing; however, because of the inelastic deformation 
in ML 1, slight deformations are computed. No deformation 
is computed in ML 2, despite experiencing the same neg-
ligible hydraulic head decline. The period 2007–2009 was 
not considered in calculating the rate because of the model 
dependency on initial conditions, resulting in a slight uplift 
and unreliable results. During 2009–2016, the maximum 
deformation was simulated, primarily because this period 
had the most significant changes in hydraulic heads. After 
2016, because of the lack of measured piezometric data, 
the model output relied only on pumping data from a sin-
gle well. This is probably quite incomplete, as it may not 
account for all groundwater abstraction activities of unau-
thorized pumping in the area, resulting in underestimating 
deformation after 2016.

This study aligned PS-InSAR datasets (ERS, Envisat, 
TerraSAR-X, and Sentinel) for visualization purposes. LOS 
deformation estimations from PS-InSAR were projected in a 
vertical direction. The ERS data from 1992–2000 indicated 

Fig. 13   Comparison of defor-
mations from the 1D geome-
chanical model under different 
scenarios, showing the sensitiv-
ity to a 100% increase of the 
inelastic (scenario 1) and elastic 
(scenarios 2–9) specific storage 
parameters, and the combined 
effect (scenario 10)
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a subsidence trend of –1.9 mm/year, though it did not over-
lap with the post-2007 deformation phase simulated in 
the geomechanical model. The Envisat data from 2003 to 
2010 showed a rate of –0.3 mm/year within the noise level, 
with only 3 years overlapping with the model time series. 
The early stage of the model (2007–2009) can be consid-
ered unreliable because of the influence of initial values, 
and the lack of PS-InSAR data from 2010 to 2016 further 
complicated comparisons. Post-2016, both the model and 
PS-InSAR data provided time series, but model results were 
based on incomplete pumping data. The 1D geomechani-
cal model rate of –1.78 mm/year during 2009–2016 closely 
matches the SkyGeo, EGMS, and TerraSAR-X rates of 
–2.67, –2.78, and –2.43 mm/year, respectively.

Considering that in PS-InSAR, detecting small-scale 
deformations in the millimeter range is challenging because 
of several inherent limitations, the deformation rates 
obtained from the different PS-InSAR datasets of SkyGeo, 
EGMS, and this study’s Sentinel processing (all Sentinel 
based), along with the results of TerraSAR-X, are remarka-
bly consistent. This consistency is a significant achievement, 
considering the various uncertainties and limitations in the 
PS-InSAR process, especially the challenge of selecting a 
stable reference point, which can introduce biases if the ref-
erence itself is subject to any movement. On the other side, 
the 1D geomechanical model sequentially coupled to the 3D 
hydrogeological model also carries its own set of uncertain-
ties. The model is sensitive to key geomechanical parameters 
and the accuracy of these parameters directly impacts the 
deformation simulations. Despite these uncertainties, the 
model produced a deformation rate of –1.78 mm/year for 
the 2009–2016 period, which is closely aligned with the 
deformation rates from the PS-InSAR datasets. This con-
vergence between the model simulation and the PS-InSAR 
estimations demonstrates a high level of agreement between 
independent approaches, suggesting that both the model 
and the satellite-based observations have captured the main 
mechanisms driving subsidence in the Antwerp local model.

This emphasizes the model’s effectiveness in capturing 
subsidence mechanisms, though comprehensive data inte-
gration is crucial for reliable subsidence assessment. The 
pore pressure profiles have indicated hydrostatic pressure 
evolution with depth and time, influencing subsidence, and 
highlighting differences in response between aquifers and 
aquitards. The sensitivity analysis has shown that changes 
in specific storage parameters can significantly impact the 
model results, particularly for some layers such as layers 
4 and 5. Despite uncertainties and assumptions in param-
eter estimation, the combined use of PS-InSAR data and 
sequentially coupled hydro-geomechanical models provided 
valuable insights into subsidence mechanisms and driving 
factors. Future work could specifically focus on obtaining 
more detailed geomechanical parameters, and also detailed 

hydrogeological parameters like hydraulic conductivity and 
specific storage coefficient. However, acquiring more com-
prehensive and detailed datasets of stress factors, including 
actual data on groundwater abstraction rates and other tran-
sient influences, appears to be crucial. Thus, more exten-
sive and detailed datasets of historical data concerning water 
pressure changes and pumping changes would significantly 
enhance the accuracy of subsidence predictions and the 
overall reliability of the models.

Impact of data scarcity on modelling

The scarcity of piezometric modelledon the border of the 
local model induced an unknown uncertainty for prescribing 
boundary conditions that must be acknowledged. A limited 
number of piezometers were available near the model bor-
ders, and all the aquifers considered in the model have not 
been surveyed. Furthermore, scarce hydrogeological and 
geomechanical parameter modelledfor several layers com-
pelled the adoption of sample values from nearby regions or 
from other calibrated models. Another significant issue was 
the limited amount of modelledabout pumping: until 2016, 
prescribed piezometric heads could be used; however, there-
after, the model depends solely on a single low-rate pumping 
well, leading probably to underestimated head declines and 
deformations post-2016. This constraint reduces the over-
lap with PS-InSAR observations, which resume in 2016 and 
extend to 2023. On the other hand, the initial period of the 
model (2007–2009) was characterized by unstable model 
conditions resulting from the model starting from an equi-
librium state. Therefore, to provide a meaningful compari-
son, the modelled deformation rate from the robust period 
(2009–2016) had to be used as a proxy when comparing 
with PS-InSAR-derived rates post-2016. Despite all these 
challenges, the close match between the modelled deforma-
tion rate over 2009–2016, and the PS-InSAR–derived rates 
for 2016–2023, provides a validation of the approach used 
here, while underlining the need for more comprehensive 
long-term piezometric and pumping monitoring and detailed 
parameter measurements.

Impact of reference point selection on PS‑InSAR 
estimations

One of the critical factors influencing the accuracy of PS-
InSAR measurements is the selection and interpretation of 
the reference point. In this study, it was assumed that the 
reference points for all missions (ERS, Envisat, Sentinel, 
TerraSAR-X, SkyGeo, and EGMS) were stable. Although 
this assumption is reasonable based on prior knowledge of 
the physical characteristics of the area, high coherency of 
the selected point, and geological stability, any slight move-
ment of the reference point could introduce bias into the 
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displacement calculations. To further mitigate this potential 
source of error, future research should incorporate the use 
of geodetic tools such as GPS-equipped corner reflectors, 
which would provide independent validation of the reference 
point and enhance the reliability of PS-InSAR estimations.

Conclusions

This study demonstrates that groundwater‐induced consolida-
tion contributes to land subsidence in Antwerp. By focusing 
the modelling on an area beyond the harbour’s backfill depos-
its, thus excluding any backfill-related consolidation, the sole 
impact of pore-pressure changes on surface deformation was 
isolated and quantified. With a sequentially coupled 3D-MOD-
FLOW and 1D geomechanical model, a modelled compaction 
rate of –1.78 mm/year over 2009–2016, which closely matches 
PS-InSAR estimates of –2.67 mm/year (SkyGeo), –2.39 mm/
year (EGMS), and –2.43 mm/year (TerraSAR-X), was quanti-
fied. Validation of PS-InSAR datasets against the GNSS station 
BEZA confirmed the EGMS product as the best fit. It should 
be mentioned that there was virtually no direct temporal over-
lap between the robust model period (2009–2016) and the PS-
InSAR observations (2016–2023). Consequently, the model-
derived subsidence rate from 2009 to 2016 was compared with 
the PS-InSAR–derived rates from 2016 to 2023, and a close 
correspondence was still observed. When the 2009–2016 model 
rate beyond 2016 was linearly projected, this extrapolated trend 
aligned with the PS-InSAR subsidence rates, thereby validating 
the magnitude of the modelled rate itself.

These findings reveal that even in the absence of backfill 
consolidation, possible regional groundwater withdrawals 
play a measurable role in subsidence and must be accounted 
for in urban planning. While facing modelledscarcity, the 
close match between modelled and PS-InSAR deformation 
affirms the validity of this study’s conclusions. Future work 
should focus on:

1.	 Extending piezometric and well-pumping monitoring to 
longer time series;

2.	 Obtaining detailed in situ geomechanical tests to refine 
specific storage and conductivity values;

3.	 Incorporating seasonal head fluctuations in a fully cou-
pled poro-elastic framework; and

4.	 Applying this workflow at a regional scale.

These advances will further improve subsidence predic-
tion and support sustainable management of groundwater 
resources.
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