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Abstract: The determination of swelling/shrinking phenomena, from natural and anthropogenic activity, is
examined in this study through the synergy of various remote sensing methodologies. For the period of
2016-2022, a time-series INSAR analysis of Sentinel-1 satellite images, with a

Coherent Change Detection procedure, was conducted to calculate the Normalized Coherence Difference.
These were combined with Sentinel-2 multispectral data by exploiting the Normalized Difference Vegetation
Index to create multi-temporal image composites. In addition, ALOS-Palsar DEM derivatives highlighted the
geomorphological characteristics, which, in conjunction with the satellite imagery outcomes and other
auxiliary spatial datasets, were embedded within a MultiCriteria Decision Analysis (MCDA) model. The
synergy of the remote sensing and GIS techniques’ applicability within the MCDA model highlighted the zones
undergoing seasonal swelling/shrinking processes in Pyrgos—Parekklisia and Moni regions in Cyprus. The
accuracy assessment of the produced final MCDA outcome provided an overall accuracy of 72.4%, with the
Kappa statistic being 0.66, indicating substantial agreement of the MCDA outcome with the results from a
Persistent Scatterer Interferometry analysis and ground-truth observations. Thus, this study offers
decisionmakers a powerful procedure to monitor longer- and shorter-term swelling/shrinking phenomena.

Keywords: data fusion; optical; SAR; geohazards observatory; multi-criteria decision analysis

the correlation between infrastructure damage and the moisture content beneath various
geological formations, particularly expansive clays [1-4]. Remote sensing stands as a pivotal
approach, providing extensive coverage and indispensable insights for assessing slope failure,
stability, and the consequent occurrence of landslides and subsidence [5-7]. However, there
remains a scarcity of studies employing interdisciplinary Earth Observation

(EO) technologies to evaluate swelling and shrinkage effects in conjunction with ground
movements [8,9].

1. Introduction

Surface deformation represents a significant geohazard with far-reaching implications worldwide. The deformation
of the Earth’s surface can cause a multitude of short- and long-term effects on ecosystems, infrastructure, and human
populations. It often arises from natural phenomena like earthquakes or human-induced activities such as mining and
groundwater extraction. Despite this, there are many cases where the causal factor of surface deformation, such as
subsidence and sinking of the ground, is soil saturation by water, which leads to the loss of structural integrity and slope
failure. There are numerous studies worldwide—both numerical and experimental—endeavoring to discern
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Consequently, there exists an opportunity for a comprehensive evaluation of available EO
technologies and their amalgamation to enable decision-makers to advance and devise a robust
methodological framework for elucidating the intricate interplay between ground moisture and
seasonal swelling and shrinking effects. INSAR radar satellite datasets have emerged as a prevalent
tool for evaluating ground movements in relation to urbanization, land-use patterns, and
geotechnical considerations [10-12]. The Coherent Change Detection (CCD) technique is widely
used for the identification and analysis of fast-moving land displacement events through radar
satellite images, since the information related to the changes in topography between two or more
images over time is considered crucial. The coherence variable describes and measures the quality
of each produced interferogram in the INSAR methodology [13].

A range of applications have proven the potential of the CCD methodology to verify the
detection of rapid displacement phenomena due to natural hazards [14], such as earthquakes
[15,16] and landslides [17]. Also, SAR interferometry is widely used in a variety of natural [18-29]
and human-induced [30-35] surface displacement detection and monitoring applications. Slow-
moving deformation phenomena can be detected by InSAR time-series, which aim to detect
coherent stable scatterers over time through diverse techniques, such as Persistent Scatterer
Interferometry (PSI) [36] and Small Baseline Subset (SBAS) [37]. Based on these techniques,
various studies have identified and determined diverse types of ground deformation, including
landslides, ground water extraction, and volcanic and tectonic activity [38-40].

Furthermore, complementary to EO technologies, geoinformatics methodologies are used
extensively to analyze diverse factors directly or indirectly associated with swelling and shrinking
phenomena by assessing various geomorphometric characteristics [41-43]. These characteristics
serve to elucidate the interconnectedness of geological formations, soil properties, and
hydrological processes, thereby offering valuable insights into their relationship with ground
movements, soil moisture, and swelling/shrinking effects. Moreover, geoinformatics enables the
examination of diverse spatial decision problems through Multi-Criteria Decision Analysis (MCDA)
[44,45]. By integrating geographical datasets, these approaches facilitate informed judgments to
attain a comprehensive assessment of decision criteria [46]. Consequently, decision-makers can
leverage MCDA to devise geospatial solutions for issues contingent upon multiple criteria [47,48].

Understanding the causes, impacts, and risks associated with surface deformation is crucial
for effective hazard mitigation, land-use planning, and disaster resilience efforts globally and in
regions like Cyprus, where geohazards pose significant challenges and risks. Cyprus is located in a
seismically active region experiencing surface deformation from natural processes but also by
subsidence phenomena, especially in coastal areas, related to groundwater extraction for
agriculture and urban development, leading to land subsidence, saltwater intrusion, and coastal
erosion. The Coherent Change Detection (CCD) technique has been applied successfully in multiple
case studies in Cyprus [49-51].

The present study aims to highlight the efficiency of integrating the aforementioned diverse
methods within a multidisciplinary approach, by combining EO and geoinformatics to be applied
throughout the Area of Interest (Aol) of Pyrgos—Parekklisia and to identify specific problematic
areas related to swelling/shrinking phenomena [52] (Figure 1) and investigate the capability of an
efficient risk management system in Cyprus.
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Figure 1. The Pyrgos—Parekklisia, Moni, and Monagroulli deforming sites in Limassol, Cyprus.

The villages of Pyrgos and Parekklisia are located in Limassol District, in the south of the
Republic of Cyprus, and more specifically on the eastern outskirts of Limassol city. They are
situated, respectively, at an altitude of 75 m and 120 m above mean sea level, on weathered upper
and lower pillow lavas alternating to the zeolitic phase (bentonitic clays with silt and radiolarite
intercalations) [53,54]. These are the bentonitic clays from the Kathikas, Moni, Kannaviou, and
Pera Pedi geological formations (Figure 2). These soils, especially from Kannaviou and Moni
formations, are characterized by high plasticity, and thus, high potential for swelling/shrinking

occurrence that can affect all of the above structures [55].

Figure 2. The Pyrgos Lemesou—Parekklisia and Moni—Monagroulli geology.
2. Materials and Methods

This study utilized both radar and optical satellite imagery to analyze surface deformation
phenomena, using free, open-source software, such as SNAP 9.0, QGIS 3.34.4, and Google Earth
Engine (GEE). In addition to these primary datasets, various auxiliary datasets were incorporated

Alluvium - Colluvium

Gabbro

. Harzburgite and Serpentinite

Kalavaso and Pachna
Formations

Kathikas, Moni, Kannaviou
and Pera Pedi Formations
Lefkara, Kalogrea-Ardana and
Lapithos Formations
Pyroxenite, Wehrlite and
Dunite

Sheeted Dykes (Diabase)

Upper and Lower Pillow
Lavas and Basal Group




to provide comprehensive insights into the factors influencing surface deformation. These
auxiliary datasets encompassed a range of geospatial information, including geomorphological
features, morphotectonic characteristics, soil properties, and hydro-lithological attributes. By
integrating these diverse datasets, this study aimed to capture the complex interplay between
geological, hydrological, and environmental factors contributing to surface deformation
processes, especially due to the swelling and shrinking effect. All the datasets were considered as
factors which are related indirectly or directly to the deformation and motion of the ground. Thus,
examining their interrelationships within a GIS environment can highlight aspects of hazardous
landscape deformation zones.

2.1. Coherent Change Detection

A Sentinel-1 Single-Look Complex (SLC) dataset was used for the Coherent Change Detection
(CCD) analysis, comprising 136 ascending and 136 descending satellite images obtained during
the period 2016-2022 (Figure 3).

Figure 3. Sentinel-1 satellite passes in ascending and descending tracks and satellite image details.

The CCD processing was carried out using the Sentinel Application Platform (SNAP) software
(Version 8.0). As presented in Figure 4, the processing methodology was divided into two different
sections. The first section concerned the pre-processing of the used dataset. Initially, the selection
of the master and the slave images was carried out, as well as the splitting of both images in the
respective Area of Interest (Aol). This step was followed by the application of their orbital
information. Following the preprocessing section, the second section included several steps for
the estimation of the coherence variable. It is noted that the SRTM-1Sec DEM was used for the
steps of Back-Geocoding and Terrain Correction [56]. Finally, every result of the processed pairs
of images, including the coherence variable, was exported as a GeoTiff file for further analysis. It
is also noted that the CCD workflow methodology was used for both ascending and descending
datasets.
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Figure 4. The Coherent Change Detection workflow methodology. The step that provides the coherence
values is marked in red.

The creation of the coherence images was followed by a post-processing procedure that was
implemented in R software (version 4.3.0) to generate the Coherence Difference and the
Normalized Coherence difference. This process utilizes the “rgdal” package and other packages
such as “terra”, “sp”, “dplyr”, and “matrixstats”. Firstly, the shapefiles of the Aols were defined in
the same coordinate system as the raster files (coherence images), ensuring spatial alignment
between the shapefiles and the images. Next, each coherence image was resampled using the
nearest neighbour method to match the extent and resolution of the other images. This procedure
ensured consistency in the images’ spatial properties. Subsequently, a mask was created to crop
all the images based on the boundaries of the
Aols for both satellite passes (ascending and descending). Then, the coherence difference and the
normalized coherence difference were calculated from Equations (1) and (2), where X1and Xz are
the coherence values of the first and second image pairs, respectively.

AX=X2—- X1 (1)

Normalized AX = X2~ X1

X2+ X1

(2)

Furthermore, a classification scheme to categorize areas/pixels based on their coherence
values and confidence levels was applied. The classification was performed utilizing deviations
from the mean values of the coherence data. First, areas/pixels with coherence values below the
lower confidence limit (i.e., three standard deviations from the mean) were identified as areas
with a very high probability of changes occurring. Next, the normalized coherence difference
values within the range of two to three standard deviations from the mean were classified as
“High”-probability areas, indicating a high likelihood of land change occurrence. The “Medium—
Low” class included values falling between one and two standard deviations from the mean.
Values within one standard deviation, both positive and negative, from the mean value were
classified as “Very Low—None”. This class contained areas with no possibility of land change or any
other natural change, as well as positive values indicating a coherence increase. The conditions
utilized to classify all values are presented in Equation (3) below, where p is the mean value and o
is the standard deviation of each dataset.

“Very High” <pu- 30< “High” <u- 20< “Medium—Low” <u- 10< “Very Low—None” (3)

An aspect map was generated from the ALOSPalsar Digital Elevation Models (DEMs) (12.5 m
spatial resolution) that focuses solely on the aspect directions SE, E, and NE (22.5-157.5 degrees)
and SW, W, and NW (202.5-337.5 degrees) within the study area. These specific aspect directions
align with SAR images acquired from descending and ascending orbits, respectively, resulting in
the retention of only the non-shaded areas, which correspond to the selected aspects for the
analysis, while all other aspects were masked out.



2.2. Optical Data

This section aims to utilize multispectral Sentinel-2 imagery with a spatial resolution of 10 m,
and the computational power of the GEE platform. Specifically, Sentinel-2 level-2A cloud-free
satellite data were utilized, covering the period 2017-2022, to create seasonal image composites
per year. Furthermore, for all image composites, the Normalized Difference Vegetation Index
(NDVI) was calculated and added as a new band to the image composites. The NDVI was
calculated, as it is one of the most common vegetation indices that have been used in the wider
literature and identifies vegetation changes [57,58]. The values range from —1 to +1, where higher
values indicate healthier vegetation and lower values indicate no vegetated features, such as
barren surfaces (rock and soil), water, snow, ice, and clouds. The NDVI was proposed by Tucker
[59] and is calculated based on Equation (4) below.

NIR - RED
NDVI = (4) NIR + RED

NIR refers to the near-infrared band, whereas RED refers to the red band (central wavelength
for Sentinel-2: 0.842 um). Regarding swelling phenomena, these are often associated with changes
in soil moisture [60], which can also affect the growth of vegetation [61]. Based on annual
temporal Sentinel-2 satellite images, the Normalized Difference Vegetation
Index (NDVI) was computed to eliminate the impact of vegetation on phase decorrelation
(coherence loss), as estimated in Section 2.2. Within the Geographic Information System (GIS)
environment, an NDVI mask was created, and a threshold of 0.2 was applied to ensure that any
areas with an NDVI = 0.2 were excluded from additional investigation. The coherence values,
which were determined after the application of this mask, were unaffected by the presence of
vegetation.

2.3. Precipitation

Rainfall can alter the moisture content of soil, causing surface deformation such as
subsidence or lateral movement of the ground and affecting the soil’s ability to swell and shrink.
Intense precipitation, which enables the soil to absorb water, resulting in the swelling of expansive
soils like clay, may accelerate subsidence by compressing the earth under the pressure of the
structures above it. On the other hand, as the soil dries up, it might cause subsidence due to
shrinkage. Infrastructure and built-up areas can be seriously endangered by surface deformation
in regions with expansive soils and variable moisture levels. Rainfall level datasets were retrieved
from 24 weather stations at different elevation levels by the Department of Meteorology,
adequately covering our study area (Table 1).

Table 1. Datasets used and their linkage to hazardous deformation/motion zones.

Datasets Source Description Information
Time-series of the SAR scenes to
Sentinel-1 Copernicus Dataspace Browser SLC/IW determine
subsidence/uplift phenomena.
One of the most widely used
) . vegetation indicators that provide
Sentinel-2 Copernicus Dataspace Browser NDVI . . . .
information on vegetation condition.
Department of Meteorology Measurements of precipitation data

Precipitation

Rainfall datasets from meteorological stations.

Information about the spatial

Soil map Geological Survey Department Soil properties distribution of different soil types
and properties.
Table 1. Cont.
Datasets Source Description Information




A geomorphometric index that

Topographic Wetness highlights areas that are

Index . .
accumulating moisture.
G hological ALOSPalsar DEM
eomOt.‘p ? ogica (https://search.asf.alaska.edu/#/ A geomorphometric index that can
derivatives (accessed on 4 June 2024)) Topographic determine the landform types that
Position Index could be related to valleys and
landform classification plains and, by extension, associated
with moisture accumulation.
. Geological formations were
) Hydrogeological .
Hydrogeology Geological Survey Department processed to retrieve

formations -
permeability levels.

2.4. Soil Properties

The phenomena of swelling, shrinking, and surface deformation are significantly influenced
by soil properties. The way soil reacts in response to moisture variations is greatly influenced by
its mineral composition, texture, and structure. Expansive soils, including clay-rich soils, are more
likely to swell and shrink because of their high concentration of clay and small particle size. Due to
the high capacity of clay minerals to absorb water, when soil moisture levels increase, soils swell.
On the contrary, as water evaporates from the soil substrate during dry periods or when moisture
content decreases, clay soils shrink. Significant variations in soil volume due to swelling and/or
shrinking may cause lateral displacement, uplift, or subsidence, among other surface
deformations. Soil properties were obtained by the Geological Survey Department with a 100 m
spatial resolution, including information such as geology and soil texture (Table 1). These soil
properties were processed, classifying them based on their swelling or shrinking properties
(Appendix A, Table A1).

2.5. Geomorphological Derivatives

Landform derivatives and a variety of geomorphometric analyses were carefully determined
using sophisticated methods. The ALOSPalsar DEMs served as the basis of the input data for this
analysis. Thus, terrain characteristics may be precisely mapped, leading to better knowledge of
how vulnerable the landscape can be to surface deformation phenomena by offering insightful
information about the terrain morphology.

The Topographic Wetness Index (TWI) assesses the spatial distribution of soil moisture and
surface saturation in relation to topography, utilizing DEMs as described by [62] (Table 1). This
index correlates with slope gradients, as water tends to be collected at the base of slopes. Relative
soil moisture is influenced by the steepness of the nearby slopes and the drainage patterns. Low
TWI values indicate high slope gradients and minimal streamflow accumulation, while high TWI
values indicate gentle slope surfaces with significant moisture retention and areas with alluvial
depositions [63—65]. Given that topography profoundly influences hydrological processes, TWI
serves as a representation of water distribution influenced by terrain [66].

Topographic Position Index (TPI) landform classification consists of 10 landform classes:
streams, mid-slope drainage, local ridges, valleys, plains, foot slopes, upper slopes, upland
drainage, mid-slope ridges, and high ridges (Table 1). The combination of two distinct
neighborhood sizes improves the delineation of complex geomorphological aspects by identifying
complicated landscape elements [67]. When one neighborhood size is used, it usually provides
only a limited amount of information on the overall structure of the landscape. This
comprehensive approach is particularly valuable in understanding surface deformation and
swelling phenomena, as it provides detailed information on terrain characteristics, such as slope
gradients and drainage patterns, which can influence the susceptibility of landscapes to
deformation processes.

2.6. Hydrogeology

The movement and distribution of groundwater within the subsurface can significantly
influence soil moisture levels, thereby affecting soil behavior. Expanding soils tend to swell in areas
with high groundwater tables or substantial water penetration due to a soil moisture content
increase. Swelling occurs because soil particles accumulate water and expand, which may cause
the ground to rise. In contrast, soil may shrink as moisture is lost during times of low groundwater
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levels or decreased water infiltration, leading to soil consolidation and compaction. As a result,
the earth surface may settle or subside.

The hydrogeological map was retrieved by processing the geological maps acquired by the
Geological Survey Department with a 100 m spatial resolution containing geological information,
which were converted to hydrogeological formations based on their permeability levels (Table 1).
Then, these were reclassified based on their swelling effect (Appendix A, Table A2).

2.7. GIS-Based Multi-Criteria Decision Analysis (MICDA)

The integration of GIS-based MCDA provides a robust framework to assess and manage the
swelling and shrinking effects that significantly impact ground stability. This comprehensive
analysis involved the consideration of multiple factors, including soil properties, precipitation,
geomorphological derivatives, hydrogeology, and remote sensing data. The outcomes of the
diverse methodological approaches described earlier in conjunction with the auxiliary datasets,
presented in Table 1, were implemented within an MCDA procedure.

All factors were considered to be a set of alternatives, which are assessed based on several
evaluation criteria that may conflict or have varying importance [68]. The MCDA steps followed
were based on previous GIS-based MCDA studies integrating geographical data and assessing their
importance to retrieve the overall decision criteria assessment [69,70].

However, there are certain constraints in the use of GIS-based MCDA procedures [71]. AHP
is a structured decision-making approach that can effectively address issues associated with
conflicting criteria, varying importance, and subjective judgments for diverse decisionmaking
problems [72]. The process involves constructing a hierarchy of criteria, assigning weights to these
criteria based on pairwise comparisons, and then synthesizing the results to determine the overall
rankings of the alternatives [73].

Moreover, a Consistency Ratio (CR) was used to check the results’ consistency, with CR < 0.1
indicating a reasonable level of consistency in the pairwise comparison, while CR > 0.1 requires
revision of the judgements for acceptable inconsistency. This hierarchical structure allows for a
clear understanding of the influence of each criterion and the relative importance of alternatives.
The combination of weighted criteria, derived from the AHP in this study, allowed an analysis of
the relationships between the various factors affecting ground stability.

The final step was to synthesize these weighted criteria to produce a composite score for
each alternative, providing a clear and justifiable assessment of phenomena related to ground
displacement [42,74]. This comprehensive AHP-based MCDA approach resulted in standardized
scores that can be used to prioritize and address issues associated with ground stability in
relation to swelling and shrinking effects [44,75].

2.8. Accuracy Assessment

To evaluate the performance of the MCDA outcome, an accuracy assessment and validation
procedure was conducted. This procedure was based on the acknowledgement of ground-truth
observations and the outcomes of Persistent Scatterer Interferometry (PSI) following the recent
study of [53]. In the present study, PSI analysis was applied to 139 images of the descending track
167. InSAR time-series analysis on images obtained from 2016 to 2022 was performed to assess
Line of Sight ground displacements. Sentinel-1 data, covering Cyprus, were downloaded from the
Hellenic Mirror Site and the Sentinel Greek Copernicus Data Hubs (https://sentinels.space.noa.gr
(accessed on 20 June 2024)).

The scene of 12 April 2019 was used as the primary image for the PSI analysis, based on the
minimum spatial and temporal decorrelation of the interferometric stack of Sentinell images. The
P-PSI [76,77] processing chain, a fully automated, parallelized version of PSI that is developed and
operates at the Operational Unit BEYOND Centre for Earth
Observation Research and Satellite Remote Sensing of the Institute for Astronomy and
Astrophysics, Space Applications and Remote Sensing of the National Observatory of
Athens, was employed for PSl analysis. Line of Sight displacements were estimated using the open-
source software ISCE [78] to create an interferometric stack and StaMPS [79] for the PSI analysis.
Finally, atmospheric corrections were applied using the open-source Toolbox for Reducing
Atmospheric InSAR Noise (TRAIN) [80]. More detailed information on the methodological
workflow and stages can be found in [65].


https://sentinels.space.noa.gr/

The overall assessment of agreement between the MCDA and PSI (LOS displacements were
interpolated using the Inverse Distance Weighting (IDW) algorithm) outcomes involved a total
number of 75 random points, consisting of 15 sample points for each class of the MCDA outcome.
Then, based on stratified random selection, 40% from the total random points were used for
validation and accuracy assessment, allowing us to measure the level of agreement between
MCDA and PSI ranking classes using overall accuracy (OA) and Kappa statistics [81]. In addition,
ground-truth validation observations took place to detect deformed/affected structures in the
broader area of Pyrgos and Parekklisia in Cyprus.

3. Results

The results of the various methodological steps, presented previously in detail, are included
in this section.

3.1. Coherent Change Detection (CCD)

The CCD data analysis revealed significant noise in the coherence difference data, rendering
them unsuitable for further analysis. However, the normalized coherence difference proved
effective in significantly reducing the “noise” in most cases, resulting in a classification based on
each image’s mean value and standard deviation.

Figure 5 shows the results for the ascending and descending satellite images from Pyrgos—
Parekklisia area, whereas Figure 6 shows the results for the ascending and descending satellite
images from the Moni—Monagroulli area, indicating a notable difference between the Coherence
Difference (Figure 6a,c) and the Normalized Coherence difference (Figure 6b,d) in each case.

The NDVI was computed using the optical Sentinel-2 images to eliminate the impact of
vegetation on phase decorrelation (coherence loss). Any areas with an NDVI = 0.2 were excluded
from additional investigation, as shown in Figure 7 below. Thus, only coherence values
unaffected by the presence of vegetation were used in the following calculations.

The classification utilizing the deviations from the mean values of the coherence data was
applied to all the images for the Aol within a GIS environment, creating a single image for the Aol
for all the examined years revealing all the changes that occurred in this time period (Figure 8).



Figure 5. Pyrgos—Parekklisia area. (a) Coherence difference and (b) Normalized Coherence difference from
descending Sentinel-1 satellite images during 12 February 2021-8 March 2021. (c) Coherence difference and
(d) Normalized Coherence difference from ascending Sentinel-1 satellite images during 23 February 2021-7
March 2021.



Figure 6. Moni—Monagroulli area. (a) Coherence difference and (b) Normalized Coherence difference from
descending Sentinel-1 satellite images during 12 February 2021-8 March 2021. (c) Coherence difference and
(d) Normalized Coherence difference from ascending Sentinel-1 satellite images during 23 February 20217
March 2021.



Figure 7. Annual NDVI variations and corresponding masked areas excluded from further analysis.
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Figure 8. CCD of the Area of Interest showing the changes that occurred between 2016 and 2022.

3.2. Geomorphological Derivatives

The TWI derived from the analysis emphasized the areas of moisture accumulation within
the Aol, as depicted in Figure 9. Notably, high levels of moisture accumulation are apparent to
the west and southeast of Pyrgos, and to the south of Moni village, coinciding with the presence
of Moni formations and olivine-phyric pillow lavas.

Figure 9. The TWI with dark bluish hues highlighting the high moisture accumulation.

Interestingly, these areas exhibit increased levels of moisture accumulation extending
beyond the stream network and valleys. These regions, based on derived landform types, are
primarily characterized by plains and semi-mountainous areas (Figure 10).



Figure 10. Landform type classification, showing valleys, semi-mountainous, and mountainous zones.

3.3. Precipitation
The precipitation distribution, as derived from 24 weather stations of the Department of
Meteorology from different elevations, was determined, as shown in Figure 11 below.

Figure 11. The determined precipitation derived from the weather stations.
3.4. Soil Properties

The soil texture map generated was reclassified to delineate zones based on their swelling
potential. Regions exhibiting moderate to high levels of swelling and shrinking effect are observed
around Parekklisia, extending westward and southward from Pyrgos, and southward from Moni
village. These areas are predominantly characterized by clay and loam texture properties, as
presented below in Figure 12. The soil texture map was reclassified to highlight their
swelling/shrinking effect (Figure 13).



Figure 12. The soil texture map of the Aol.

Figure 13. The reclassified soil texture map, highlighting the degree of the swelling/shrinking effect.

3.5. Hydrogeology

The hydrogeological map, which was derived from the geological map, was reclassified to
emphasize the extent of swelling, as depicted in Figure 14. High levels of swelling are notably
observed, in conjunction with areas of high TWI moisture accumulation, to the west and
southeast of Pyrgos, as well as in the southern vicinity of Moni village.



Figure 14. The reclassified hydrogeological map highlights the swelling degree.

3.6. GIS-Based MCDA to Assess Swelling and Shrinking Effect

The application of the GIS-based MCDA, using AHP, revealed significant spatial variability in
the swelling and shrinking potential across the study area. The weights of the individual factors
are presented below in Table 2, while the CR was 0.98, indicating acceptable inconsistency.

Table 2. The individual factors’ weights determined within the MCDA procedure, with a CR < 0.1, indicating
an acceptable inconsistency level.

Factors Weights
CCD 0.499
Soil texture 0.177
Hydrogeology 0.137
TWI 0.073
Rainfall 0.073
Landforms 0.041
Consistency ratio (CR) 0.098

High-risk zones were identified primarily in regions with clay-rich soils, flat terrain, high TWI
values with high moisture accumulation, and significant rainfall variations. These areas correspond
to the weathered pillow lavas and bentonitic clays of the Kannaviou and Moni formations,
particularly around the Pyrgos and Parekklisia villages.

The spatial distribution of swelling and shrinking risk, as depicted in the resulting maps
(Figure 15), underscores the importance of integrating multiple data sources and analytical
techniques. The final outcome can serve as a valuable tool for decision-makers, enabling targeted
interventions and informed land-use planning. By prioritizing high-risk zones, mitigation measures
such as soil stabilization, improved drainage systems, and controlled land-use practices can be
effectively implemented to reduce the adverse impacts of ground deformation.



Figure 15. The GIS-based MCDA swelling and shrinking effect outcome based on the acknowledged variables
of CCD, soil texture, hydrogeology, TWI, landforms, and rainfall. High-risk zones are presented in orange and
very high-risk zones in red.

3.7. Accuracy Assessment

In the accuracy assessment and validation process, the outcomes of the LOS displacements
(Figure 16) in Pyrgos and Parekklisia were estimated and acknowledged with the implementation
of Persistent Scatterer Interferometry on Sentinel-1 images of a descending satellite pass. A
positive displacement trend dominates in the broader area, with a maximum value of 10 mm/y.
For a more accurate integration of InSAR and optical data, the LOS displacements were
interpolated to have the same pixel size as the CCD results.



09TE 331020°E

LOS displacements

. 10mm/y

0mm/y

LOS displacements in
Pyrgos-Parekklisia

33°12E 33°15°E

(a) (b)

Figure 16. (a) Sentinel-1 LoS displacements in Pyrgos—Parekklisia for descending satellite pass and (b)
interpolated Sentinel-1 LOS displacements in Pyrgos—Parekklisia for descending satellite pass.

The IDW interpolation provided the optimal result, as the deforming areas were preserved
without compromising the quality of the final product. Figure 16 presents the interpolated
Sentinel-1 LOS displacements as estimated for Pyrgos and Parekklisia. The correlation of the uplift
phenomenon identified in the Pyrgos—Parekklisia villages and extreme precipitation events was
also studied by using PSI on ascending Sentinel-1 data and ERA-5 precipitation data [53].

In the accuracy assessment procedure, the overall accuracy (OA) reached a percentage of
72.4%, with the Kappa statistic being 0.66, indicating substantial agreement between the MCDA
and the PSI products. The individual ranking classes of the 75 random points selected for the
accuracy assessment (Appendix A, Figure A1) between the two products (predicted and actual
values) are shown on a confusion matrix heatmap highlighting the similar classes among the
datasets (Appendix A, Table A3).

The locations of the ten ground-truth observations, where verified deformed structures were
observed around the Pyrgos and Parekklisia villages, coincide within the moderateto very high-risk
zones of the produced MCDA spatial map. It is noteworthy that the locations, i.e., coordinates, of
the ground-truth observations were obtained from a mobile phone at the time of photo
acquisition; thus, some minimal errors were introduced in terms of determining the actual position
of the deformed structures presented here below.

Of the ten ground-truth locations, two are located within the very high-risk zone, seven are
within the high-risk zone, and one is located within the moderate-risk zone. The locations of the
ground-truth observations, superimposed on the MCDA swelling/shrinking risk assessment
classes, are presented in Figure 17, along with some photographs from the site visit, taken to verify
and validate the findings from the MCDA.



Figure 17. The MCDA swelling and shrinking effect outcome with the overlaid ground-truth locations with
verified deformed structures, indicated with red arrows, from ground-truth surveys.

4. Discussion

Ground displacement, which includes events like landslides and ground movements
(swelling/shrinking) could have an impact on infrastructure, ecosystems, and human populations.
Effective hazard reduction and disaster resilience measures need to be implemented to tackle
surface deformation processes, especially in the case of Cyprus, a region notable for its geological
diversity and susceptibility to geohazards.

Currently, conventional site investigations using boreholes, wells, and inclinometers are
used to study such phenomena by the GSD in Cyprus, the national agency and state consultant
for geological matters responsible for the investigation and assessment of the geological
environment and geohazards, the monitoring and assessment of seismicity, and the assessment
of the geological suitability. In fact, some of the data used in the MCDA were kindly provided by
the GSD.

The monitoring and evaluation of ground displacement processes is greatly aided by remote
sensing techniques, particularly space-based EO technologies. Radar and optical satellite imagery
can be used to identify and track ground displacements over large spatial scales and extended
times. The freely available Sentinel satellite images, provided by the European Space Agency
through the Copernicus program, facilitate the systematic monitoring of large areas irrespective
of weather conditions and time during the day, at the same time overcoming inaccessibility
limitations that conventional methods encounter. Moreover, remote sensing techniques allow for
the study of large areas, reduce processing times and data collection costs, and provide critical
information on time to decision and policy makers, as well as other stakeholders and end users.

This study used CCD to evaluate ground displacement in Cyprus. While CCD analysis made it
easier to identify sudden land displacement events like earthquakes and landslides, PSI analysis,
acknowledged in the validation stage, offered insightful information about long-term ground
displacement trends. CCD was used as a single parameter in the MCDA, whereas PSI was used as
a means of validation/accuracy assessment of the results, followed by ground-truth observations
via site visits carried out in the Aol. Our comprehension of the temporal evolution and spatial
distribution of surface deformation features has been improved by the integration of these
remote sensing techniques with geomorphological derivatives.



The integration of auxiliary datasets, such as information on soil properties, hydrogeological
data, and precipitation, facilitated an in-depth assessment of the factors driving surface
deformation processes in Cyprus. Expandable soils with a high percentage of clay are more likely
to expand and contract in response to variations in the moisture content of the soil. The
correlation between rainfall patterns and soil moisture content emphasizes the role that
precipitation plays in triggering surface deformation processes. Strong rainfall events can cause
soil swelling in areas with expansive soils, whereas extended dry spells can cause soil shrinkage
and sinking. Through the integration of soil characteristics and precipitation information into our
research, we were able to clarify the intricate relationship between surface deformation
dynamics and hydrological processes in Cyprus.

Additionally, the use of MCDA offered a methodological framework for evaluating the
consequences of swelling and shrinking in accordance with different assessment criteria. Decision-
makers can reduce the risks associated with surface deformation hazards by prioritizing mitigation
actions and land-use planning strategies via the integration of geographical datasets within a GIS-
based framework. Because MCDA is spatially explicit, high-risk locations can be identified, and
targeted actions can be implemented to improve resilience and lower vulnerability to surface
deformation hazards. This is also enhanced by the PSI outcomes in the validation process, which
indicate a maximum 10 mm/y displacement rate. These rates are not as high as those observed in
the Nicosia (Cyprus) expansive marl formations (seasonal fluctuations around 30-35 mm) [82], but
are similar to those of other regions, like in France, with a few tens of millimeters [8,9], all related
to swelling effects.

To facilitate the verification of our results, and the complementarity of the CCD and PSI
techniques, satellite images acquired during the same period were used in the PSI and CCD
analyses carried out in the present study, as well as in a previous study [56] in the same area, as
described earlier. Different components of the SAR images were used in the two methodologies,
with phase being used in the case of PSI, whereas amplitude/intensity being used in the case of
the CCD methodology, enabling us to obtain different attributes and information from these two
distinct methodologies. Ground truthing was also carried out through site visits and visual
inspections of several locations to verify the obtained results.

An important step forward in geohazard monitoring and risk management has been made
with the thorough assessment of the existing space-based EO technologies and their incorporation
into a systematic framework for examining surface displacement processes in Cyprus. This study
provides improved knowledge of the variables affecting ground displacement, soil moisture
dynamics, and swelling/shrinking impacts by utilizing a variety of datasets and approaches.

In Cyprus and other geohazard-prone areas across the world, future research and monitoring
activities are essential for creating reliable techniques and mitigation strategies for reducing the
effects of surface deformation on ecosystems, infrastructure, and human populations. In the face
of changing ground displacement hazards, cooperation between researchers, governmental
organizations, and local populations is crucial for hazard reduction and disaster resilience
initiatives.

5. Conclusions

To conclude, the present study shows that the determination of swelling/shrinking processes
in Cyprus can be effectively assessed by combining remote sensing methods, geospatial data, and
GIS-based spatial analysis. This study offers new knowledge of the variables affecting ground
motions, soil moisture dynamics, and swelling/shrinking impacts by utilizing a variety of spatial
datasets and approaches.

Our results highlight how crucial it is to take geological, hydrological, and environmental
elements into account when assessing natural hazards and managing risks. In Cyprus and other
geohazard-prone areas across the world, future research and monitoring activities are essential
for creating reliable techniques and mitigation plans to lessen the effects of surface deformation
on ecosystems, infrastructure, and human populations.

In the near future, there are plans to include additional spatial data in the MCDA
methodological framework, and also very high-spatial-resolution remote sensing data, such as
those of PlanetScope (Planet Labs, Berlin, Germany) optical satellite images and COSMO-SkyMed
SAR (ASI, Rome, Italy) satellite images, to validate the results obtained through the processing of



the free but coarser spatial resolution data provided by the Sentinel satellites. Moreover,
decomposition of the PSI results in up—down and east—west components is planned to study the
complexity of such phenomena. Last but not least, ways to integrate such results into the MCDA
and other machine learning frameworks will be studied further.
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Appendix A

Table A1. The soil texture properties and their ranking with regard to their relevance to the swelling/shrinking
effect.

Soil Texture Water Content Infiltration Rate Swelling/Shrinking Effect Ranking

Sand Very high Low
Loamy sand High Low
Sandy loam Moderate to high Low

Loam Low to moderate Moderate
Clay loam Moderate High
Clay Very low High
Gravelly sand Very high Low

Rock Low Very Low

Table A2. The hydrological formations and their ranking with regard to their relevance to the
swelling/shrinking effect.

Hydrogeological Formation Swelling Effect Ranking
Plutonic rocks Very low
Heavily fractured intrusive rocks Very low

Unconfined water in marine and terrestrial fanglomerate and terrace

. Low
formations

Unconfined water generally at shallow depth in connection with

riverbeds, deltaic gravel-sand deposits, and estuarine deposits Low



http://www.excelsior2020.eu/

Unconfined ground water in aquifers of secondary importance of mainly

high retentive chalk Moderate
Ground water in highly retentive rocks, such as chalk interbedded
with marls Moderate
Mamonia complex, including serpentine High
Volcanics with dominantly submarine pillow lavas, and occasional High

pockets of highly saline water

Table A3. The ranking of classes between the predicted (MCDA) values and the actual observed (PSI) ones
(Class 1is ‘Very low’, Class 2 is ‘Low’, Class 3 is ‘Moderate’, Class 4 is ‘High’, and Class 5 is ‘Very high’. An
accompanying confusion matrix heat map highlights the number of similar classes between the two
datasets. Darker blue matrix cells indicate a higher number of similar classes, whereas lighter blue matrix
cells indicate a lower number of similar classes.

MCDA Ranking PSI Ranking
Longitude (WGS 1984) Latitude (WGS 1984) (Predicted Value) (Actual Value)
33.162 34.718 1 1
33.174 34.718 1 1
33.224 34.721 2 2
33.222 34.722 1 1
33.173 34.722 2 2
33.162 34.723 2 2
33.186 34.723 2 2
33.203 34.726 3 3
33.180 34.726 1 1
33.221 34.727 2 2
33.197 34.728 5 1
33.215 34.728 2 2
33.191 34.729 4 4
33.153 34.729 2 2
33.159 34.731 3 1
33.180 34.734 5 2
33.223 34.734 3 3
33.197 34.734 5 5
33.168 34.735 3 1
33.191 34.735 4 1
33.218 34.735 4 4
33.204 34.735 3 3
33.228 34.735 5 1
33.221 34.736 4 4
33.166 34.737 3 3
33.183 34.737 4 4
33.209 34.738 5 5
33.197 34.738 4 4
33.196 34.740 3 3
33.204 34.740 5 5
33.197 34.740 4 4
33.215 34.741 5 5
33.194 34.741 3 3
33.229 34.741 3 3
33.176 34.741 4 2
33.182 34.742 4 1
Table A3. Cont.
MCDA Ranking PSI Ranking
Longitude (WGS 1984) Latitude (WGS 1984) (Predicted Value) (Actual Value)
33.165 34.742 5 2
33.224 34.742 3 1
33.201 34.742 5 5
33.211 34.743 3 3
33.203 34.743 3 3
33.176 34.744 4 1
33.228 34.744 3 3



33.154 34.744 2 2
33.158 34.745 5 2
33.198 34.745 3 3
33.178 34.746 3 3
33.219 34.746 4 2
33.218 34.748 4 4
33.224 34.748 5 5
33.182 34.748 4 4
33.212 34.749 3 3
33.217 34.750 3 3
33.217 34.752 4 4
33.221 34.757 2 2
33.145 34.759 2 2
33.139 34.760 1 1
33.160 34.762 2 2
33.222 34.763 5 2
33.190 34.764 5 5
33.218 34.765 1 1
33.200 34.767 2 2
33.138 34.767 1 1
33.226 34.768 4 1
33.209 34.770 1 3
33.158 34.772 1 1
33.174 34.773 2 2
33.215 34.774 1 1
33.188 34.775 1 1
33.203 34.775 1 1
33.178 34.776 2 2
33.187 34.778 1 1
33.161 34.779 2 2
33.210 34.779 1 1
33.150 34.781 1 1
Confusion Matrix Heatmap

Actual (PSI)
Class 3 Class 2 Class 1

Class 4

Class 5

Class 3 Class 4 Class 5

Predicted (MCDA)

Class 1 Class 2
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outcome.
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