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A B S T R A C T

Determining the structure and evolution of landslides is crucial for geophysical hazard assessment. In this study, 
we employed an approach integrating the methodologies of multi-channel analysis of surface waves (MASW) and 
electrical conductivity to image temporal and spatial changes within a landslide in southern Poland. The area, 
located in the Outer Carpathians, experiences significant climate fluctuations, compounded by anthropogenic 
activities such as recreational skiing requiring artificial snow.

Our combined seismic and electrical methods techniques reveal the landslide’s susceptibility to environmental 
factors on both annual and seasonal scales. Additional analysis, including data clustering and remote sensing, 
identifies three distinct landslide zones with varying vulnerability to natural and anthropogenic influences.

While focusing on a specific area, our approach has global applicability to similar mass movements. This 
research addresses a gap in understanding time-dependent geophysical observations of moisture-driven land
slides, providing valuable insights for hazard identification and mitigation strategies.

1. Introduction

Landslides, as geohazards, represent complex systems requiring 
comprehensive understanding and monitoring, especially considering 
their susceptibility to external influences (Arbanas and Arbanas, 2014; 
Uhlemann et al., 2017). This vulnerability encompasses both natural 
factors, including alterations in precipitation patterns (Villacorta et al., 
2015), and anthropogenic impacts associated with land use change and 
development (Anbalagan et al., 2008).

A particular case highlighting anthropogenic factors is landsliding 
associated with ski slopes in mountainous environments, as considered 
in this study. Due to their unique characteristics, these slopes exhibit 
significant differences compared to their surrounding environments (de 
Jong et al., 2015). These changes are a result of terrain modifications, 

such as slope inclination, widening of trails, grading work, as well as the 
utilization of machinery such as grooming machines and snowmakers. 
Such factors impact not only the condition of the soil and snow cover but 
also hydrological and ecological processes within the slope. Under
standing the interplay of these diverse factors and their implications for 
landslides is crucial, especially as part of efforts to mitigate natural 
hazards (United Nations, 2015).

The issue of studying landslides triggered by human involvement is 
particularly challenging. This problem has been widely examined in the 
context of densely populated areas (Knapen et al., 2006; Sabatakakis 
et al., 2005; Vranken et al., 2015). Growing numbers of studies are now 
addressing this geohazard within the framework of increasing urbani
zation in mountainous regions (Anbalagan et al., 2008; Ding et al., 2023; 
Keiler et al., 2023). Landslides are becoming more prevalent in 

Abbreviation: FDEM, frequency domain electromagnetic method; EM, electromagnetic; MASW, multichannel analysis of surface waves; QC, quality control; RMS, 
root mean square; VS, shear wave velocities.
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mountainous areas worldwide, yet the complex geological terrain and 
the interplay of various influencing drivers hinder the availability of 
landslide-related data in these areas, thereby complicating accurate 
prediction and monitoring efforts (Aslan et al., 2020; Keiler et al., 2023; 
Li et al., 2023). Simultaneously, the need to recognize spatial patterns of 
landslide activity at the local scale is emphasized (Wistuba et al., 2024). 
In addressing these issues, resilient and cost-effective integrated systems 
deployable on vulnerable slopes prove helpful. Geophysical imaging 
significantly enhances these local landslide early warning systems, 
refining their design and monitoring with improved spatial and tem
poral resolutions (Whiteley et al., 2021a, 2021b).

Geophysical investigation of landslides has been an ongoing area of 
interest (Flores Orozco et al., 2018). Surface and seismological moni
toring are the most commonly utilized methods (Amatya et al., 2021; Le 
Breton et al., 2021; Smail et al., 2022). Among geophysical imaging 
techniques, seismic tomography (Whiteley et al., 2020), electrical re
sistivity (Crawford et al., 2018; Jongmans et al., 2000; Kamiński et al., 
2021; Lapenna et al., 2005), or their combinations (Godio et al., 2006; 
Hussain et al., 2020; Marciniak et al., 2021; Pazzi et al., 2019) are 
frequently employed. Particularly applicable to understanding shallow 
landslide conditions are methods such as multichannel analysis of sur
face waves (MASW) and frequency domain electromagnetic method 
(FDEM), which results show good consistency with landslide mass 

structure identified by other approaches (Furuya et al., 2013; Marciniak 
et al., 2021). MASW, despite increasing uncertainty in the results with 
depth (Wood and Cox, 2012), offers valuable insights into the horizontal 
and temporal variability of landslides, while the electromagnetic survey 
can provide complementary data, enhancing the overall understanding 
of the internal structure and allowing monitoring of changes in moisture 
content (Altdorff et al., 2018).

Recent trends indicate a shift towards adopting a multi-method 
approach (Bichler et al., 2004; Gallardo and Meju, 2004; Lu et al., 
2024; Pistillo et al., 2024; Wróbel et al., 2023). Notably, studies holis
tically integrating the aforementioned techniques in a time-lapse 
scheme are relatively unexplored (Lapenna and Perrone, 2022; Leb
ourg et al., 2010; Wilkinson et al., 2010). Such integration necessitates a 
specialized approach to analysing the uncertainty of results obtained 
from each method (Hasan and Shang, 2022; Marciniak et al., 2019). This 
issue is increasingly recognized but remains relatively under-discussed 
in geophysics, particularly in the context of landslide zone imaging 
(Whiteley et al., 2021b).

The topic presented in this paper, determining changes in parameters 
in the near-surface zone, is considered relevant to the description of 
mass movement occurrences. The research presents findings from a 4- 
year investigation of a landslide located in the village of Cisiec, within 
the Żywiec district of the Silesian province, Poland. The study area is 

Fig. 1. Tectonic sketch map of the Polish Carpathians (according to Oszczypko et al., 2008, modified). The red arrow indicates the approximate location of the study. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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susceptible to both changing climatic conditions and human influence in 
the form of ski slope management, particularly snowmaking. This ac
tivity is aimed at counteracting the natural evolution of the environ
ment, in which precipitation characteristics change towards longer 
rainfall, intense foehn winds and longer periods with positive temper
atures. On the other hand, human activity leads to additional stress on 
the landslide-prone slope in the form of a large mass of heavy artificial 
snow, amplified effects in the form of freeze-thaw and subsequent hy
drological changes including increased water saturation of the massif 
during the snowmelt period as a result of the differences between man- 
made and natural snow (Rixen et al., 2003). The combination of natural 
and dependent anthropogenic factors of varying seasonal intensity 
manifested in the form of the investigated landslide. The development of 
research methods for such landslide-prone areas is an urgent matter, 
specifically in the context of infrastructure construction in increasingly 
vulnerable terrains and expanding urbanization. From this perspective, 
the Cisiec study area can be treated as a full-scale landslide model, in 
which anthropogenic and natural factors are known, and their impact 
can be demonstrated using time-lapse geophysical monitoring. 
Geophysical techniques, including active seismic and electrical con
ductivity measurements, were employed. These were complemented by 
surface observations facilitated through laser scanning.

The susceptibility of the initial meters of the rock mass to environ
mental and anthropogenic factors ultimately controls the overall 
response of a landslide, regardless of the depth of its slip zone. In this 
instance, the zone within the first 15 m emerges as the most sensitive 
area, where numerous processes occur, including increased surface 
stresses and ground freezing during winter. Hence, it is imperative to 
enhance our understanding of the phenomena occurring in the context 
of geoengineering techniques employed for landslide stabilization, as 
well as in the domain of construction activities in analogous terrains.

The key novelty of this study lies in the integration of a time-lapse 
MASW survey with conductometry and remote sensing techniques 
applied to a landslide influenced by significant human factors. Our re
sults demonstrate the potential for improving the interpretation of mass 
movement development through the utilization of a multi-method 
approach, observations over a several-year period and machine 
learning-assisted interpretation considering various parameters.

2. Study site

2.1. Geological context

The landslide examined in this study is located in southern Poland, 
specifically in the village of Cisiec near Węgierska Górka, within the 
Silesian Voivodeship. The study area lies in the Outer Western Carpa
thians (Fig. 1), within the Beskidy Mountains, and is part of the Silesian 
nappe, which is subdivided into the lower Cieszyn unit and the upper 
Godula unit (Paul et al., 1996).

The research site is characterized by the presence of Hieroglyphic 
beds and variegated shales. The Hieroglyphic beds consist of thin- 
bedded, fine-grained sandstones and grey, black, or dark green shales 
dating back to the Eocene. The thickness of the entire complex may 
reach up to 150 m (Golonka and Waśkowska-Oliwa, 2007).

The variegated shales formed under similar tranquil sedimentation 
conditions during the middle and late Eocene, and their thickness is 
approximately 70 m. These lithostratigraphic units overlap with each 
other. The Hieroglyphic beds lie on the Ciężkowice sandstones or var
iegated shales and beneath menilite shales. The Ciężkowice sandstones 
of the Eocene age are thick-bedded, fine-grained sandstones with 
irregular fractional layering (Ryłko, 2013). The variegated shale lies on 
top of the Istebna layers and underneath the Hieroglyphic or menilite 
beds. The thickness of the entire unit may reach up to 200 m (Golonka 
and Waśkowska-Oliwa, 2007). The youngest (Holocene) sediments in 
this area are colluvial clays, clays with rock debris, boulders and blocks 
(packets of flysch) and alluvial sediments in the river valley (Fig. 2). 
These complex geological conditions contribute to increased suscepti
bility to mass movements.

The active landslide is located on the northeastern slope. The site 
occupies a clearing surrounded by forest and spans the central part of the 
meadow. The direction of movement of the landslide is east-northeast, 
and the height difference is about 100 m. The slope of the concave 
type on which the landslide is located is inclined at an angle of 12 de
grees. The area of the landslide is estimated at 3.77 ha (Kucharska and 
Kamiński, 2008). It is initially estimated to be about 456 m long and 130 
m wide.

The bedrock of the landslide consists of the shale and sandstone 

Fig. 2. Geological map of the study area (according to PGI-NRI, 2023, modified).
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described above, and the colluvial material consists of detrital-block 
components. The thickness of the landslide decreases in a northerly di
rection, with preliminary geophysical analysis (Marciniak et al., 2021) 
identifying the depth of the main slip surface in the range of 16 to 36 m 
(no borehole data available from this area). There are secondary scarps 
within the landslide. Additionally, watercourses along the northern and 
southern sides, as well as subsurface flows, are present along the slope.

Although the original trigger of landslide movement was described 
as being related to complex geology and rainwater infiltration 
(Kucharska and Kamiński, 2008), the construction of a ski lift on the 
Cisiec slope in 2011–2013 led to deforestation and extended snow cover, 
contributing to increased intensity of landslide movements.

2.2. Fieldwork

The fieldwork was conducted in October 2018, 2019, 2021, and June 
2022 for the MASW survey, and October 2022 for electrical conductivity 
measurements (Fig. 3). The laser scanning data was collected in May 
2019. Such a scheme allowed for the monitoring of yearly as well as 
seasonal changes in the subsurface with data for correlation of surface 
and subsurface observations.

During the first two years of observations, a shorter 230 m line was 
deployed for seismic investigations across the main part of the sliding 
body (Fig. 4). In later years, the observations were extended, with the 
use of denser 1 m geophone spacing for high-resolution data acquisition. 
During the years 2018–2022, the weather conditions remained similar, 
providing unbiased registration in terms of surface water flows caused 

Fig. 3. The study site with located seismic lines across the sliding structure marked as green (2018, 2019) and blue (2021 and 2022) with FDEM profiles marked in 
red as CMD points. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 4. The fieldwork scheme used for seismic data acquisition. Red dashed lines mark the common profile section for all four years. In 2021 and 2022, denser 1 m 
geophone spacing was deployed, with profile margins for the best possible data coverage. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)
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by rainfall. The data gathered in 2022 was recorded after the snowmelt 
period.

Similarly to previous data gatherings, the surface was dry, and no 
rainfall occurred during the fieldwork period. In all cases, an 8 kg 
sledgehammer with strikes into steel plate repeated three times for each 
shot point was used. The geophones used had a natural frequency of 4.5 
Hz in all cases and were recording vertical component of ground motion. 
Acquisitions were made using ABEM Teraloc PRO cable instrumentation 
(Guideline Geo, 2022) in 2018 and 2019 and Omnirecs DATA-CUBE 
(DiGOS, 2024) standalone stations in 2021 and 2022. This approach 
allowed for the removal of non-linear noise from the raw data in the 
later vertical stacking process.

The study site was also investigated using a shallow electromagnetic 
survey and monitoring. The Frequency Domain Electromagnetic Method 
(FDEM) is an electromagnetic technique that uses its own electromag
netic (EM) source to measure the resulting EM field close to the ground 
(Tabbagh, 1986). Measurements were carried out once in 2022, utilising 
the CMD-MiniExplorer 6L equipment from the Czech company GF In
struments (GF Instruments, 2024). This device allows for the simulta
neous measurement of apparent electrical conductivity at six different 
depths, ranging approximately from 0.25 m to 2.3 m below the ground 
surface.

The FDEM measurement system comprises both a transmitter and 
receiver coil. Both coils lie on the same plane and have identical align
ments, which can be either vertical or horizontal. The coils are 

positioned at a set distance apart, known as spacing. The transmitter coil 
produces a primary magnetic field that induces eddy currents in the 
ground. These eddy currents, in turn, create a secondary magnetic field. 
The receiver coil detects this secondary field. The strength of the 
detected signal is indicative of the average electrical conductivity (or 
electrical resistivity) of the medium the secondary field passes through. 
Therefore, the recorded data provides valuable information about the 
subsurface electrical conductivity (Kamm et al., 2013; McNeill, 1980). A 
survey grid was designed for dense coverage of the slope, featuring 
parallel profiles that spanned the landslide. These profiles varied in 
length and were spaced at distances ranging from 4 to 6 m. We adopted 
the CMD-MiniExplorer 6L’s VD variant for our study, a device celebrated 
for its distinctive ability to facilitate concurrent measurements with six 
distinct depths of investigation. These depths, specifically 25, 50, 80, 
110, 160, and 230 cm, were deliberately selected based on in-depth 
geological considerations. This type of device is called a multilevel 
conductivity meter (Beamish, 2011). A continuous mode was employed 
for the measurement process, operating with a time step of just one 
second. Alongside this, positioning was achieved through a GPS an
tenna, ensuring a positioning accuracy of approximately 1 m. To opti
mise data collection, the marching time was calibrated so that the 
measurement interval along the profile was consistent at about 1m.

The survey covered the entire slope area, excluding only its highest 
part near the buildings, which was omitted due to strong interference 
present in that area (Fig. 3). The rest of the slope was surveyed using 

Fig. 5. Example of raw data (a, d) for positions 17 and 417 of 2021, with marked 60 m analysis window and 10 m offset from the shot point (red window). The 
dominance of lower-frequency Rayleigh waves can be seen in the data from position 417 m (d). Examples of the obtained dispersion curves reveal different 
characteristics for the upper and lower parts of the landslide (b, e). Data from each measurement point were picked three times and then averaged. This approach 
made it possible to estimate the uncertainty of the picking, which is low as presented by the visible error bars (e, f). (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.)
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densely spaced profiles. Locally, the measurement grid was intensified 
with perpendicular profiles along the slope, especially in the central part 
where a landslide niche was present and in areas where surface water 
appeared at the bottom of the slope. The measurement step on the 
profiles was approximately 1 m, while the distance between profiles did 
not exceed 4 m. The measurement grid was established using surveying 

rods, and the position of the measurement points was further deter
mined using the device’s built-in GPS antenna with a precision of less 
than 10 cm on average both for coordinates and elevation.

Terrestrial laser scanning was performed using the RIEGL VZ 6000 
(RIEGL, 2022) at four points to cover the entire sliding zone. Each scan 
operated at an effective rate of 222,000 measurements per second, with 

Fig. 6. Comparison of MASW results and observed soil movement in years 2018–2019. The dispersion characteristics are changed and shifted towards higher 
frequencies in later data. The best models are marked with solid black lines.
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an accuracy of 15 mm and precision of 10 mm. The Leica Viva GPS RTK 
system, connected to the GNSS reference ASG-EUPOS station in Żywiec, 
Poland, measured the position of each TLS point, reducing positioning 
errors to less than 10 cm. This setup facilitated the creation of detailed 
DTM models with a resolution of at least 0.1 m.

3. Data processing

3.1. Multichannel analysis of surface waves

The method employed enabled the identification of the shallowest 
zone, including residual zones and low-velocity layers. To effectively 
determine dispersion curves in a reproducible manner, data from four 
years of observations were pre-processed consistently. In each case, 
manual excision of the refraction data (front mute) and bandpass 
filtering in the range of 2–4–60-62 Hz were applied. The seismic records 
were normalised in terms of amplitude, and individual shots were cut 
from common seg-y files and separated into individual shot gathers. The 
interpretation of the data was conducted using the Geopsy package 
(Version 3.4.2) (Wathelet et al., 2020). Since the purpose of using 
MASW analysis was to show both horizontal and temporal variability of 
the landslide, it was necessary to select an interpretation window with 
optimal dimensions. This aimed to maintain a reasonable depth range 
for geophysical reconnaissance while minimizing areas along the profile 
lacking geophysical information. The final shot offset was 10 m, which 
eliminated near-field effects. Each 1D model was based on 60 m seg
ments cut from individual excitation records to obtain homogeneous 
profiles that could be assembled into a 2D image over the depth range of 
interest. This means that in the case of the 2018 and 2019 data, an area 
containing 12 geophones at each excitation point was interpreted, and in 
the case of the 2021 and 2022 data, 60. In addition, the signal time 
window was limited to 800 ms, which, in combination with the spatial 
interpretation window, allowed the elimination of far-field effects. As a 
result, consistent dispersion curves were obtained for individual exci
tations from each year, where the surface wave was well-developed and 
undisturbed by natural low-frequency seismic noise. Also, the number of 
1D curves that were used to generate 2D models is optimally large, 
providing good interpolation results for one-dimensional models. Since 
the 2018 and 2019 data were excited every 5 m, and the 2021 and 2022 
data were excited every 2 m, a significant compaction of the number of 
1D models and, ultimately, the overall resolution of the data from the 
last two years is evident.

The generation of curves in Geopsy is based on the use of F-K 
transformations. Each curve was manually picked three times and 
averaged (Fig. 5). In this way, ranges of quilting inaccuracies were 
determined due to the precision of the person interpreting the data. This 
allowed this error to be taken into account during the inversion process. 

Fig. 7. Data points for the interpolation, after the rejection of high error values for the 2021 dataset.

Table 1 
The key seismic data processing steps.

Number Procedure Parameters Purpose

1
Pre-stack data 
quality control 
(QC)

Root mean square 
(RMS) > 1000 and 
manual data correction

Removal of bad data 
points across whole 
datasets

2 Vertical 
stacking

Diversity stack
Attenuation of random 
noise. Enhancing S/N 
ratio.

3
Post-stack data 
QC Manual data correction

Removal of remaining 
bad traces from data

4 Geometry 
Building

SEG-Y headers filling 
and manipulation based 
on shot and receiver 
naming scheme. 
Merging data with GPS 
information

Correct shot-receiver 
positions across the 
gathering lines

5 Geometry QC
Manual QC of field data 
and SEG-Y headers

Removal of mistakes 
from GPS and geodetic 
calculations

6 Data filtration Butterworth filtration 
(2–4–60-62 Hz)

Removal of refracted 
waves from data. 
General data filtration 
in expected frequency.

7 Front mute Manually chosen date 
range

Removal of non-linear 
noise from P-wave first 
arrivals.

8 Data 
normalisation

Automatic gain control Normalisation of the 
amplitudes

9 Dispersion 
curve modelling

60 m window and 10 m 
offset for each shot. F-K 
transformation 
technique for dispersion 
curves generation.

Visualisation of 
dispersion phenomena

10
Dispersion 
curves picking

3 times picking and 
averaging each 
dispersion curve

Obtaining precise and 
well-parametrized 
dispersion curves

11
Picked curves 
inversion

Inversion of dispersion 
curves, using general 
starting data for whole 
datasets. 50 Monte Carlo 
and 10,000 Nearest- 
neighbourhood models 
considered in the 
combined inversion 
approach.

Set of 1D models, 
processed using the 
same starting model so 
as not to bias the 
outcome – estimated 
uncertainty 
parameters.

12
Result 
interpolation 
into 2D model

A linear algorithm for 
interpolation and data 
regularisation across the 
0.2 m vertical and 0.5 m 
horizontal scale grid. 
Rejection of high 
uncertainty 1D profiles.

2D profiles of the 
landslide near-surface 
zone
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The inversion itself was performed in the Dinver package, using a 
combination of Monte Carlo and nearest neighbour algorithms. After the 
inversion, the 1D profiles were evaluated in terms of data quality 
(Fig. 6). The average misfit values for all 1D profiles were: 2018–0.063; 
2019–0.070; 2021–0.071; 2022–0.078. The dominant value was 0.06 
for the best-fitting model for all years. As shown in Fig. 6, the theoretical 
dispersion curves follow the real ones across the frequency spectrum. 
The 1D curves with anomalous RMS values were rejected (Fig. 7). The 
final step was interpolation and normalisation of the data to prepare 2D 
cross-sections of the study site. Detailed information about processing 
steps and parameters is presented in Tables 1 and 2.

3.2. Unsupervised machine learning for MASW data

Unsupervised machine learning methods in near-surface geophysics 
applications can be used to assess the condition of subsurface structures, 
including grouping data (Russo and Athanasopoulos-Zekkos, 2024), 
detecting zones with common features (Ward et al., 2014) or facilitating 
identification of changes (Delforge et al., 2021). Compared to supervised 
methods, unsupervised algorithms, such as K-means clustering, are a 
more realistic alternative when labelled seismic data are limited. 
Additionally, these methods are less dependent on the quality of labelled 
data, making them an efficient tool for quickly tagging and analysing 
geophysical data. However, K-means clustering has limitations, 
including its reliance on the assumption of Gaussian distribution of data 
and its sensitivity to noise. The method also requires the number of 
clusters to be pre-defined, which can be subjective and vary based on 
data complexity (Xia et al., 2018).

The K-Means algorithm employed clusterization to integrate multi
ple data from each MASW result that normally are omitted. Information 
on shear wave velocities (VS), and uncertainties of depth and velocities, 
as well as picking precision, was integrated for enhancing 2D models. 
The integration of data through clustering yields more precise and 
numerically consistent outcomes (Merghadi et al., 2020; Whiteley et al., 
2021b). The K-means algorithm iteratively aims to divide the dataset 
into K pre-defined, separate subgroups, ensuring each data point belongs 
to only one cluster. Its objective is to maximise the similarity of data 
points within each cluster while minimizing the dissimilarity between 
them. This is achieved by assigning data points to clusters in a manner 
that minimises the sum of squared distances between the data points and 
their respective cluster centroids. The clustering process was executed 
using the SciKit Learn package (Pedregosa et al., 2011) in the Python 
programming language. The initial number of clusters was set to 5, 
based on the prior data from initial studies (Marciniak et al., 2021) and 
information from MASW outcomes. After testing multiple algorithms, 
the K-means approach proved to be most useful in the presented case 
study, enhancing the visibility of changes in zones, where on the surface 
largest variations are observed.

3.3. Frequency domain electromagnetic method

We embarked on a meticulous sorting and filtering methodology 
during a phase in which the gathered data underwent a thorough and 
systematic review, crucial for isolating and eliminating anomalies, 

especially individual spikes (Table 3). This ensured that the subsequent 
analyses were conducted with the most reliable data set possible. After 
this rigorous refinement, the data were subjected to a 1D inversion 
process using the Occam algorithm (Constable et al., 1987), known for 
its efficiency in addressing complex geophysical inversion tasks 
(Klityński et al., 2019, 2020). The objective was to apply qualitative 
interpretation foundations to the data management and analysis 
processes.

During the inversion process, a nuanced approach was taken where 
each data point was given its due attention. Instead of bundling them 
together as a collective set, every point was processed as a standalone 
sounding. This methodology underscores each data fragment’s inherent 
value and distinct significance. Once this inversion stage was completed, 
a methodical interpolation of the data followed. This step was funda
mental in facilitating the generation of detailed resistivity distribution 
maps. It is worth noting that these maps were meticulously fashioned to 
be consistent with the sounding depths that were previously employed 
to measure apparent conductivity.

The verification of faulty data for the FDEM (Frequency-Domain 
Electromagnetic Method) was conducted in two stages: the first step 
involved identifying and removing measurement points where negative 
conductivities were observed or points exhibiting extremely high con
ductivity values on a single channel without a preceding gradual in
crease. During the second stage, if the fit during the 1D inversion process 
did not meet the RMS (Root Mean Square) criterion of less than 5 %, the 
individual measurement point was removed from further processing. 
These steps aimed to improve data quality and ensure that only reliable 
measurement points were used in further analyses.

Table 2 
Inversion parameters for MASW data for all years based on preliminary tests and 
results of previous studies.

Layer No. VS range [m/ 
s]

Thickness Assumed VS faster than the 
previous layer

Layer 1 50–400 1–3 No
Layer 2 50–500 1–6 No
Layer 3 200–1000 1–10 No
Layer 4 400–2000 1–30 No
Layer 5 (Half- 

Space)
1000–3500 Infinity Yes

Table 3 
Interpretation scheme for EM data.

Number Procedure Parameters Purpose

1 Selection of 
soundings

Multiple 
measurements in 
one place 
Strong interference

Rejection of those soundings 
that were strongly disturbed 
or sharply deviated from the 
trend at all depths. In 
addition, single soundings in 
larger groupings were 
selected.

2 1-D Occam 
Inversion

Starting model: 
Homogeneous 
halfspace with 100 
Ωm 
Number of layers: 
30 
Minimum Depth: 
0.1 m 
Maximum Depth: 5 
m 
Number of 
iterations: 30

A 1D model was calculated for 
each survey point using the 
Occam algorithm. The final 
result is a smooth model that 
corresponds to the 
measurement curve. Most of 
the obtained models were 
fitted with an RMS of less than 
5 %. Those curves for which a 
fit with an RMS of less than 
10 % was obtained were 
discarded from further 
analysis.

3 Depth 
selection

Selected depths: 
30 cm, 50 cm, 
80 cm, 110 cm, 
160 cm, 230 cm

From the resulting 1D models 
for each measurement point, 
the values of the calculated 
resistivities for the depths 
corresponding to the obtained 
apparent conductivities 
during the measurement were 
cut out.

4 Interpolation
Kriging with linear 
variogram

Kriging is a geostatistical 
method for spatial 
interpolation, predicting 
values at unmeasured 
locations using spatial 
correlation among data 
points.

5
Map 
presentation Colour relief map

Colour relief maps are raster- 
based and utilise grid files to 
depict Z values, such as 
resistivities, using colours 
chosen by the user.
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4. Results and discussion

As a result of MASW and electrical conductivity data analysis, it was 
possible to identify several structures close to the surface. This finding 
holds particular significance when compared to previous studies, where 
the slip plane was depicted without distinction of the exact changes 
occurring within the landslide body (Marciniak et al., 2021; Wróbel 
et al., 2023). Since in the cited example, the shallow layer somehow 
determines the response of the entire medium to conditions occurring at 
depth, understanding its evolution is critical in the case under study with 
a large anthropogenic influence. The surface layer is pivotal in regu
lating the infiltration of water, particularly rainwater, into the deeper 
layers of the landslide. A highly permeable surface layer would facilitate 
rapid saturation of the slope. To better understand the changes in the 
landslide, remote sensing observations (DEM from May 2019) were 
correlated with geophysical data, specifically from the MASW method. 
This shows several blocks in colluvium with recognized slipping surfaces 
between them, that are visible at the surface as discontinuities.

4.1. Multichannel analysis of seismic waves

Integrating single dispersion curves (Fig. 8) in 2D profiles using 
linear interpolation revealed a series of discontinuities that overlap 
block-wise.

These structures correlate well with observations on the surface 
(Fig. 9), enabling recognition of subblocks and confirming their occur
rence in real structures. Due to measurement differences in the first two 
years of monitoring, not all discontinuities can be identified throughout 
the study period.

As with single curve observations, three zones along the profile can 
be highlighted. These are, in turn: 

• 0–150 m – the zone in which we track the variation of the structure in 
the form of a single area of reduced velocity relative to the following 
year. This highlights the seasonal change in stress and the influence 
of artificial snow that caused an increase in ground compaction in 

this area during the winter, which explains the lack of visibility of 
this detachment in the June 2022 data. It cannot be ruled out that 
there was a shift and discharge of accumulated stresses in this area.

• 150–350 m – the main colluvium of the landslide, where we distin
guish several discontinuities and rock blocks. A gradual pattern of 
soil compaction is observed here, as well as a change in the shape of 
the discontinuity. This zone illustrates the greatest time-dependent 
variability in the study area. From the data in the work of Wróbel 
et al. (Wróbel et al., 2023), surface observations of the ground 
indicate up to 2 m, year-to-year shifts in the study area. Since the 
structures are preserved, it should be assumed that the movement in 
the described zone is homogeneous, to which the effect of ground 
freezing and the mass of corrugated snow contributes. As the annual 
snow cover is 1 m at this location, this puts considerable pressure on 
this zone, which is not very compact due to movement-related 
ground disturbance. In addition, the extended retention period of 
snow, due to its stockpile, causes longer effects of the frost effect, and 
thus hydrological changes in the form of increased surface runoff 
along the ground surface have also been observed.

• 350–470 m of profile – a zone of relatively consistent structure, with 
changes resulting from soil moisture. The geological system is rela
tively unchanged in this area, especially at 450 m of the profile. 
However, changes in the parameters of the contact zone are notice
able. Since there is increased surface waterlogging in this area, which 
is also evident from the electrical conductivity data, this seems to 
indicate that the landslide formation has breached the boundary of 
the impermeable layers. The soil outflow occurring in this area is 
along the slip zone, starting at 320 m in the profile and extending to 
the surface for about 400 m. At the surface, this area is highly eroded 
by surface runoff.

Changes in S-wave velocities are observed in the central area, which 
is particularly evident in the contrast between velocities in 2018 and 
2019. This suggests the strong dynamics in this area, which is under
going increasing compaction due to the pressure of the above layers on 
the area that has previously shifted.

Fig. 8. Dispersion curve characteristic changes across the profile. The time-lapse comparison reveals strong spatial and time changes in the dispersion curve pattern.
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To better illustrate the changes in the landslide, data clustering was 
performed using the K-means algorithm (Fig. 10). For this purpose, a 
series of data on measurement uncertainty, the uncertainty of deter
mining individual boundaries, the uncertainty of velocity estimation, as 
well as the resultant values themselves were utilized to enhance imaging 
quality by incorporating additional parameters. Since not only the result 
parameters but also the intermediate values describing them are 
dependent on the studied structure and its variability over time, their 
use represents an increase in the data density and type on which the 
interpretation model is based. This approach highlights the variability, 
especially in the area below the overlying near-surface zone. The 
detailed interpretation is visible in Table 4.

The largest changes are observed between the years 2018 and 2019, 
where the area of cluster number 3 increases. The area closest to the 
surface is relatively unchanged over time, with a similar pattern from 
year to year. However, large changes can be seen for the 50–150 m zone 
in 2021–2022, where in 2021, the boundary between cluster 0 and 
clusters 2, 3 and 4 is very heterogeneous. It indicates a very high vari
ability of parameters in this zone, which was also noted in the data for 
the S-wave velocity speed itself. The clustering result also illustrates the 
slight variability of the area between 320 and 450 m of the profile. The 

result in Fig. 8 highlights the variability below the overlap zone (the 
near-surface zone with cluster number 0) in a much larger way while 
preserving the shape followed by the movement in the described area. 
Analysis of the seismic data, both in the form of images of individual 
curves, as well as 2D cross sections and clustering results, emphasizes 
significant variation in the landslide colluvium. Previous studies indi
cate that the slip zone is located at a depth of 35 m (Marciniak et al., 
2021). The presented results supplement this knowledge with informa
tion about the movement of individual blocks. The imaged velocity 
values over the entire length of the profile indicate a homogeneous 
structure of the shallowest layer (0–10 m) and deeper rock structures. 
However, the variability of layers below 10 m depth in the form of 
increased ground compaction as a result of sliding of ground masses in 
particular years is apparent, which is also evident in the comparison of 
the course of sliding, especially on the long profiles from 2021 to 2022.

4.2. Frequency domain electromagnetic method

To compare the results obtained by the FDEM method to the seismic 
results, a resistivity profile was produced for the first 3 m below the 
surface. The data were treated with a 1D inversion, prior to which it was 

Fig. 9. The 2D seismic profile. The geophysical boundary shapes are relatively similar, however, there is a clear difference in observed VS velocity values. White 
dashed lines mark the main discontinuities visible over the years. Due to survey geometry and interpretation schemes, grey polygons mark areas lacking data. The red 
dots indicate the discontinuities visible on the surface (DEM). (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)
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necessary to convert conductivity to resistivity, hence the presentation 
of the results on a resistivity scale. This profile (Fig. 11) was obtained by 
interpolating the 1D inversion results for measurement points on or near 
the seismic profile. The depth scale is overlain ten times, with the 
elevation scale on the left and the actual depth scale on the left.

There is a marked difference in resistivity between the upper and 
lower parts of the slope, which was expected. However, the local re
ductions in resistivity in the upper and middle parts of the studied slope, 
around 150 and 200 m of the profile, are much more interesting. The 
shallowest layer (approximately 20 cm below the ground surface) is 
highlighted in red. Since the measurements were taken when it was very 
dry, it can be assumed that the pore space is filled with air. Hence, the 
high resistivities of the first layer strongly affect the shape of the model.

Resistivity distribution maps are shown for the six specific probing 
depths (Fig. 12). Two distinct zones are apparent in the electrical con
ductivity measurement results. Firstly, a noticeable zone of higher re
sistivity is situated in the western part of the study area, which 
corresponds to the upper region of the slope. Secondly, the opposite can 
be observed in the lower section of the slope, specifically in the eastern 
section of our study area, where there is a pronounced zone of lower 
resistivity. Furthermore, a corridor of exceptionally low resistivity can 
be distinctly seen extending across the study region from northwest to 
southeast, becoming particularly conspicuous at greater depths. At 
depth, the contrast between these two zones becomes even more pro
nounced, suggesting variations in the subsurface materials and struc
tures. The distribution of highly electrically conductive materials in the 
lower slope segment is a hallmark of colluvium deposits. Regrettably, 
the method’s depth limitations prevent us from precisely determining 
the parameters associated with potential landslides. However, this 
methodology does provide the capability to correlate shallow layers 
with the ERT method. The considerable depth of the aeration zone may 
be responsible for the extremely high resistivity of the near-surface 
layers. Measurements were made under dry conditions. It is also 
important not to overlook other factors that could contribute to the high 
resistance in the shallow zone, including fissuring, ground disturbance, 
increased porosity, and a decrease in compaction, among others. 
Nevertheless, locating the most waterlogged area along which rainwater 

Fig. 10. The 2D result of the ML approach using the K-means algorithm. In comparison to the standalone approach, where the model is based only on a single 
parameter, adding information about uncertainties significantly enhances the visibility of zones with the largest changes. Based on the observed changes, three zones 
with different characteristics were distinguished (orange dashed lines).

Table 4 
Qualitative analysis and interpretation of clustered data.

Cluster Number Compaction Water saturation Geological composition

0 Very low High Sands, gravels and clays mix
1 Low Very high Clays
2 Medium Low Shales
3 High Low Sandstone complex
4 Very high Low Sandstone complex
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transports was most likely possible. This is a clearly visible zone of 
extremely low resistivity.

Moreover, we also present data regarding the normalised in-phase 
parameter. This parameter is graphically represented in (Fig. 13). 
Peak values are predominantly clustered in the northern segment of the 
study area and strongly correlate with the zones marked by extremely 
low resistivity. When observing the in-phase distribution maps, partic
ularly for the deeper depth ranges, it’s evident that the highest values of 
this parameter predominantly dictate the overall distribution pattern. 
An intriguing finding is that elevated in-phase values might directly 
correlate with the infrastructure related to an active ski slope. While the 
measurements under discussion were procured during the summer 
months – a period when the ski slope remains dormant – the infra
structure associated with the ski operations remains fully intact and in 
place. This infrastructure could potentially play a role in influencing the 
observed values, thus warranting further investigation.

In analysing the resistivity distribution image and in-phase, the 
existing ski infrastructure on the slope should be kept in mind. It can be 
concluded with a high degree of probability that the linear anomaly in 
the southern part of the study area is related to the presence of a small 
ski lift. Similarly, there is a strong local anomaly in the northern part of 
the area, which can be related to the metal poles supporting the lift. The 
dominance of anomalies related to ski infrastructure in the resistivity 
picture cannot be ruled out. Still, a two-zone pattern is nevertheless 
apparent – clearly high resistivity at the top of the slope and low re
sistivity at the bottom.

4.3. General overview

The analysis of data obtained through different methodologies re
veals a noticeable relationship between very slow velocities in the 
shallow layers at the bottom of the slope and areas of low electrical 
resistivity spanning almost the entire depth investigated by the GCM 
survey. While it is somewhat more challenging to draw comparisons for 
the upper slope region, it is noted that higher resistivity levels are 
prevalent in layers extending from the surface down to 230 cm. Addi
tionally, a comparatively thinner layer of low resistivity is observed in 
the upper section of the slope, highlighting the complex interplay be
tween geological features and their electrical properties across different 
depths. The electrically low resistive and slow VS characterized the area 
in the eastern part, which can be identified as having the greatest 

thickness colluvium with very high water content and shallow water 
table. In this part, there is even subsurface water flow periodically 
breaking to the surface. Furthermore, the study also uncovers a distinct 
correlation between the ‘in-phase’ parameter and geological character
istics in the lower segment of the slope. Here, its higher values coincide 
with zones of low resistivity and areas exhibiting slow seismic velocities, 
underscoring a pronounced low resistivity anomaly. This anomaly is 
strongly associated with the presence of substantial water volumes, 
suggesting a substantial hydrological influence. Notably, the elevated 
‘in-phase’ values are likely to be linked to the ski infrastructure in the 
northern part of the slope. Despite the distance from these facilities at 
which the measurements were conducted, the potential impact of the ski 
infrastructure is evident in the presented maps, indicating its non- 
negligible effect on the area’s geophysical properties. Correlating the 
geophysical data with geological information and observations from 
previous work (Marciniak et al., 2021; Wróbel et al., 2023), a clear di
vision between the sandstone layers near the surface and the shale and 
sandstone complex forming the colluvium becomes apparent in the S- 
waves velocity profiles. This is reflected in the elevated resistivity values 
in the upper section of the landslide, compared to much lower values in 
its lower part. In addition, this is also demonstrated in the variable 
thickness of the low-velocity near-surface layer in the MASW results. 
The observed picture, alongside reduced compaction and variable water 
saturation of the massif, is influenced by the uniform structure of the 
upper part of the landslide, which has not yet undergone mass move
ments. Accordingly, the near-surface layer of sandstones has not been 
significantly affected, being characterized by high compactness and low 
porosity.

5. Conclusions

As one of the key geohazards in southern Poland, landslides repre
sent a significant research focus, given their complex genesis and sus
ceptibility to external factors, particularly amidst increasing 
urbanization and climate change. Understanding the triggering mecha
nisms is crucial in this context, especially as traditional approaches 
relying only on remote sensing and surface observations may no longer 
suffice in an era of advancing geohazard prediction and modelling 
capabilities.

Our findings demonstrate the possibility of improving the analysis of 
the variability of the zone most susceptible to natural and anthropogenic 

Fig. 11. Map of Resistivity Distribution along the seismic profile. The orange dashed line presents the border between different zones, which were distinguished 
based on VS (Fig. 9) and clustered data (Fig. 10). The resistivity distribution confirms zone differentiation, with noticeably different values across each zone at the 
depth below 
1 m.
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Fig. 12. Map of Resistivity Distribution at six different depths. Depth cross sections obtained from the conductivity method highlight the different distribution of 
geophysical parameters (electrical resistivity) for different parts of the study area. The course of the seismic profiles is marked with a dashed line along with the 
corresponding length.
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Fig. 13. Map of In-Phase Distribution at six different depths. The red line indicates the electrical infrastructure associated with the operation of the ski slope. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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factors. In this area, notable changes in the form of ground freezing and 
fluctuating water saturation, exacerbated by the use of the area as a ski 
slope loaded with artificial snow, are observed.

This is especially evident in the velocity of S-type seismic waves, 
which are susceptible to settlement, specifically in response to alter
ations in ground compaction. Complementing this information is data 
from the conductivity method, which illustrates spatial changes in 
ground conductivity within the first 2 m. This elucidates the spatial 
distribution of the landslide and the differing interactions of natural and 
anthropogenic factors with the studied area.

The final interpretation, aided by integrating the results using un
supervised machine learning, reveals a homogeneous structure of the 
shallowest geological layer and its boundary, but with significant vari
ability in individual parameters along the length of the profile. Seasonal 
variations further underscore the dominant influence of anthropogenic 
factors in the landslide’s evolution.

This research is a unique example and one of the few such experi
ments that attempted to determine the impact of natural and anthro
pogenic factors on the area of ski slopes. Such findings serve as a 
valuable reference for understanding the anticipated changes in slope 
loading, particularly in the context of ongoing urbanization and devel
opment. Thus, this study serves as a meaningful large-scale model, of
fering insights into the potential outcomes of similar geoengineering 
applications.
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