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The study presents an integrated approach to karst susceptibility assessment using
Geographic Information Systems (GIS) and Remote Sensing (RS) data for sinkhole
mapping and spatial analysis. The approach enables rapid and reliable karst
susceptibility assessment in areas where linear infrastructure has been designed
within the Pivovarovo karst area (Vladimir Region, Russia). The research highlights
the advantages of automated zoning along the construction route based on both
sinkhole distribution and environmental conditions. A significant methodological
contribution to the assessment of karst susceptibility is the development of a custom
Python-based tool for the automated morphometric analysis of sinkholes, including
diameter measurement and orientation assessment. This approach provides an
effective solution for karst susceptibility assessment, because it enables the rapid
processing of large datasets, producing high-quality results that can support

Karst engineering design decisions.

Karst susceptibility
Remote sensing data

Sinkhole

1. Introduction

The presence of dangerous geotechnical
processes in  built-up areas significantly
complicates engineering surveys. In karst regions,
it is imperative to accurately assess karst hazards to
ensure the safe operation of engineering
infrastructure. Karst landscapes are typified by the
pervasive presence of closed depressions, which
vary in size [1]. Depending on their genesis, these
depressions are classified as dolines or sinkholes.
A doline is defined as any topographical depression
in karst terrain that functions as a funnel, thereby
channeling rainfall and surface runoff vertically to
recharge the karst aquifer. Conversely, the term
«sinkhole» is generally employed to denote a
collapsed or covered doline [2].

Collapsed sinkholes often form spontaneously,
posing significant economic, environmental, and
social risks. A key feature of karst is that new
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sinkholes emerge in proximity to pre-existing ones,
where conditions conducive to sinkhole formation
are already in place. This pattern underscores the
relevance of detailed studies of surface karst for
comprehensive hazard prediction.

Short timeframes for engineering surveys
frequently result in an incomplete understanding of
karst dynamics within a project area. However,
contemporary spatial analysis techniques in
Geographic Information Systems (GIS), in
conjunction with the accessibility of Remote
Sensing (RS) data and a comprehensive array of
spatial data analysis tools, now facilitate
expeditious and exhaustive karst investigation [3].

The potential of GIS and RS extends far beyond
the scope of karst studies, with critical applications
in the assessment of a wide spectrum of
environmental risks. A compelling example of this
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is wildfire management, where these technologies
are indispensable for modelling fire probability. As
demonstrated in a study of the protected areas of
Mayurbhanj District (India), an integrated
approach using multi-criteria decision models
(AHP/FAHP) with variables such as vegetation
type, climate, topography, road buffer and
historical MODIS fire data can accurately delineate
high-risk zones [4].

Geospatial technologies demonstrate universal
applicability —across diverse environmental
domains. For instance, a Punjab groundwater study
used 26-year data to reveal a dramatic water table
decline from 3.6 to 30.7 meters, enabling precise
drought risk zoning [5].

In the scientific community, advanced statistical
and machine learning techniques — including
frequency ratio, logistic regression, and artificial
neural networks — are now considered standard
practice for modelling landslide susceptibility.
These methods leverage geospatial data, including
digital elevation models, lithology, and land use, to
effectively identify high-risk areas based on critical
conditioning factors such as slope, aspect, and
geology [6]. To illustrate this point, consider the
example of a landslide risk assessment in Lahaul
and Spiti, India, which employed multiple machine
learning models. In this instance, the Random
Forest model was identified as the most effective
model (AUC = 0.954). The study revealed high-
risk zones, primarily due to slope and river
proximity, providing critical data for infrastructure
protection [7]. To further illustrate this point, a
landslide susceptibility study in Spiti Valley, India,
demonstrated that advanced machine learning and
new sampling procedures (Buffer Zone Safe Points
and Slope Buffer Safe Points) may improve the
accuracy of landslide susceptibility mapping and
reliability in high-risk zones. In order to facilitate a
comprehensive comparison of their predictive
capabilities, detailed landslide susceptibility
zonation maps were generated using three
advanced machine learning techniques. The
following machine learning algorithms were
employed: extreme gradient boosting (XGBoost),
random forest (RF), and K-nearest neighbors
(KNN) [8, 9, 10]. Another notable example is that
of landslide susceptibility mapping in the
Himalayas, where Frequency Ratio and
Information Value models achieved high predictive
accuracy (AUC = 0.84). The study, which was
validated against over 1,000 landslide events,
successfully classified terrain into five risk
categories. This demonstrates the practical value of
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geospatial analysis for infrastructure protection and
disaster preparedness in mountainous regions [11].

A final compelling illustration of the universal
applicability of geospatial technologies is found in
the management of urban air quality. Research in
Delhi (2018-2023) used GIS-based Kriging
interpolation and statistical analysis to model the
spatial and temporal dynamics of major pollutants,
effectively quantifying the drastic reduction in
major pollutants during the lockdown imposed due
to the global pandemic, known as «Coronavirus
Disease 2019» (Covid-19). This approach
facilitated the generation of a high-resolution
visualization of pollution patterns, thereby directly
correlating emission sources with air quality
impacts and providing a data-driven foundation for
the development of public health policy. The
efficacy of this methodology in a complex urban
environment underscores a critical paradigm: the
integration of spatial interpolation, time-series
analysis, and statistical validation within a GIS
framework provides a powerful, transferable model
for environmental assessment [12]. This reinforces
the broader perspective that advanced geospatial
analytics — whether applied to atmospheric
pollution, wildfires, landslides, or karst — represent
a unified and indispensable toolkit for modern
environmental risk assessment and sustainable
territorial planning.

The article is to address significant aspects of
enhancing surface karst investigation in areas,
where linear infrastructure designed. The primary
objective of this study is to automate the process of
surface karst analysis with a view to improving the
accuracy of karst susceptibility assessment and
optimizing the time required for its execution. The
demonstration is provided of the use of remote
sensing data and modern spatial analysis tools,
including automated procedures developed in
Python for GIS, to improve the quality and
efficiency of karst research. This integrated
approach facilitates rapid and accurate analysis of
the karst process, enabling the measurement of
karst forms and zoning territory. Consequently, it
supports strategic planning and risk mitigation for
engineering projects in karst terrain.

The research focuses on the Pivovarovo karst
area in the Vladimir Region of Russia. The
Pivovarovo karst area is distinguished by a
significant development of sinkholes. The
occurrence of sinkholes in this region has been
thoroughly documented and verified through field
research. This prior validation enables a robust
assessment of the proposed methodology, allowing
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for direct comparison between remote sensing and
GIS-based evaluations and established field data.

2. Sinkhole identification and mapping

A conventional methodology for the evaluation
of surface karst typically entails the use of satellite
imagery for the identification and mapping of
sinkholes, followed by the compilation of a
comprehensive catalogue. Such a catalogue
contains parameters for each form, including
spatial location, dimensions (length, width, area,
radius, depth), temporal changes (if monitoring
data are available), date of formation (if known),
and other parameters specific to the research
objectives. The mapping and vectorization of karst
sinkholes using panchromatic and multispectral
satellite imagery is still predominantly performed
manually [13].

The use of remote sensing data for the
identification of sinkholes is an established
practice. For instance, a study collated a catalogue
of sinkholes across an area exceeding 5 million
hectares using remote sensing data. In this
research, 398 potential karst forms were identified
on a section of the Central Anatolian Plateau in
Turkey. The identification process involved the use
of high-resolution satellite imagery, aerial
photographs, and a Digital Elevation Model
(DEM). A further 100 karst forms were
documented on the basis of archival materials and
published literature. The location and geometry of
these forms were subsequently verified using GPS
and total stations, confirming 283 sinkholes in the
study area. The development of a dedicated
application for field verification of forms identified
through satellite imagery interpretation proved to
be a highly valuable addition to the research
methodology [14].

The use of remote sensing data in karst studies
has expanded beyond the confines of traditional
satellite imagery analysis. Researchers now
routinely employ DEMs to identify local
depressions, enabling semi-automated
interpretation of satellite data within GIS
environments. In karst terrains, where groundwater
interacts closely with surface water through
specific  hydrological and geomorphological
features, DEMs have proven particularly valuable.
This relationship has facilitated the creation of
aquifer vulnerability maps [15] based on DEMs
and surface karst distribution patterns.
Furthermore, DEMSs provide critical data for
hydrological modelling of surface runoff and
groundwater recharge [15], delineation of
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protection zones for wells and springs [17], and
modelling of pollution pathways [18, 19]. A
significant methodological advancement pertains
to the hydrological correction of DEMs for
sinkhole identification, wherein researchers detect
negative, closed, rounded relief features -
specifically drainless depressions genetically
linked to karst [19, 20, 21].

Building on these advancements, several
authors have proposed semi-automated methods
for karst sinkhole detection using digital elevation
models derived from interferometric synthetic
aperture radar (IFSAR-DEM). These approaches
generally incorporate hydrological modelling
techniques — including watershed delineation and
sink-fill algorithms — to identify depression
features and measure sink depths. The detected
depressions are subsequently classified and
validated using supplementary data sources such as
Google hyperspectral imagery and contemporary
DEMs [22].

In recent years, there has been considerable
progress in the development of automatic detection
methodologies for various types of Kkarst
depression, employing a range of digital elevation
model. Research indicates that laser scanning data
(LiDAR) is particularly efficacious for the
automated identification of karst depressions due to
its high spatial resolution and capacity to penetrate
vegetation cover [22, 23, 24, 25].

To streamline the manual digitization of
depressions from DEMs, researchers employed the
Red Relief Image Map (RRIM) visualization
technique. The integration of three topographic
parameters — slope, positive openness, and negative
openness — serves to accentuate elevations and
depressions, respectively. The input data, supplied
by the Turkish General Directorate of Mapping,
comprised the following: aerial photographs,
satellite imagery, a 10-m contour interval
topographic map, and a 5-m resolution DEM. The
positive and negative openness layers were
processed using SAGA GIS and subsequently
utilized to compute the Ridge and Valley Index
(RVID). The final RRIM output is effectively
represented by the combination of this index and
topographic slope data, whereby topographic
convexities and concavities are represented as
elevations and depressions, respectively. This
methodology enhances manual identification of
karst depressions by shading side slopes while
highlighting karst form boundaries [26].

A comparable approach was applied to airborne
LiDAR-derived digital terrain models in Austria.
Despite the study's primary focus on the
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visualization of digital terrain models for
archaeological feature mapping, the author
emphasized its efficacy in differentiating
topographic elements, including elevations and
depressions [27].

In addition to the manual digitization of
sinkholes, the delineation of such features can be
enhanced by the use of indirect indicators. For
instance, the use of spectral vegetation indices has
been demonstrated to be effective in this regard,
particularly when capitalizing on the characteristic
shrub cover typically found on the slopes and
bottoms of karst sinkholes [28].

The resulting sinkhole dataset is used as
fundamental input for various spatial analyses.
These include density-based territorial zoning, as
well as the construction of histograms for sinkhole
diameters or environmental factor distributions.
These analyses are of crucial importance in the
development and validation of predictive karst
models [29, 30]. A pertinent example is a study in
which a karst hazard map was generated using
subsurface karst data combined with the thickness
and lithology of overlying soils. The study area was
classified into three hazard classes, and subsequent
validation against known sinkhole locations
revealed an absence of sinkholes in low-hazard
class territory, thus confirming the accuracy of the
karst hazard delineation criteria [31].

The practical utility of surface karst mapping
thus lies in its dual efficiency for both karst hazard
assessment and environmental zoning. This is of
particular concern given that karst formations
frequently act as direct conduits for pollutants into
underground aquifers [19].

3. Sinkhole diameter measurement

The measurement of sinkhole diameter can be
achieved through a variety of methodologies,
including manual, semi-automated, and automated
approaches. The utilization of high-resolution
satellite imagery or digital elevation models
facilitates the identification of sinkholes.

The Manual Method. Popular mapping services
such as Yandex Maps, 2GIS, and Google Maps
provide access to high-resolution satellite imagery
with built-in surface distance measurement tools.
These platforms have been found to be suitable for
preliminary surface karst analysis, allowing users
to determine sinkhole diameters, distances from
objects of interest, and mutual locations. The
primary benefits of these tools are twofold: firstly,
they can be accessed without the need for
additional software installation, and secondly, they
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are compatible with mobile devices. However, the
system is not without its limitations, which include
the absence of built-in tables for saving results, the
inability to perform statistical analysis, and
impracticality for large-area measurements.
Google Earth Pro offers enhanced functionality by
enabling high-resolution image viewing, manual
sinkhole delineation, and saving digitization results
in vector formats (e.g., KMZ) for subsequent GIS-
based size measurements.

The Semi-Automated Method. This approach
employs standard GIS software (e.g., QGIS,
ArcMap, NextGIS) in a step-by-step manner to
create, edit and visualize geospatial information.
The software provides extensive tools for the
processing of both vector and raster data. The
method involves the generation of a minimum
bounding surface, where the width corresponds to
the maximum sinkhole diameter, and the length
corresponds to the minimum sinkhole diameter.
The surface typically forms a rectangle with an
inscribed circular or elliptical shape — sinkhole.
While this method 1is efficient for rapid
measurement of multiple sinkholes, it lacks high
accuracy, as the rectangle's orientation may not
align with the sinkhole's major axis, especially for
irregularly shaped features. Nevertheless, the
length of the bounding rectangle may serve as an
indicator of sinkhole orientation. This method
successfully circumvents the limitations of manual
approaches. It has been effectively employed, for
instance, in measuring depression sizes of various
origins in the Araguaia Plain (Brazil) [32].

The Automated Method. In GIS environments,
multiple analytical steps can be integrated into a
command chain using Model Builder, allowing full
execution with different input datasets at a later
stage. Irrespective of the complexity or number of
steps, the model functions as a unified algorithm,
thus saving time and effort while minimizing errors
resulting from repeated user intervention.
Consequently, the sequential construction of
bounding shapes and parameter calculations can be
consolidated into a single tool. Users are required
to provide sinkholes as input vector data, and in
return they receive output with diameter values for
circular shapes or major/minor axis values for
elliptical shapes. This process serves to streamline
the measurement process as a whole.

4. Research area

The study focuses on the Pivovarovo karst area
in the Vladimir region of Russia. Despite the
considerable depth of the roof of the soluble rocks,
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karst processes are still active and are accompanied
by the formation of sinkholes of varying diameters.
The research area is characterized by a covered
sulfate-carbonate karst type, as determined by the
lithological composition of the soluble rocks and
the thickness and lithology of the overlying soils.

One of the largest documented sinkhole
collapse events occurred in 1959 on the
northeastern side of a pre-existing ancient sinkhole.
The initial diameter of the sinkhole was 18 meters
(Figure 1); it has since expanded to 75 meters in
diameter and 22 meters in depth [33]. Furthermore,
reactivation of karst at the periphery of the ancient
sinkhole was also observed in 2016 (Figure 2).
Another sinkhole formed in the Pivovarovskoye
karst field in 2016, approximately 1.5 km
northwest of the previously described sinkholes
(Figure 3). The recent sinkhole first appeared in
November 2015. Its dimensions are 18.0 x 22.4 m
in diameter, and it is 20 m deep. The sinkhole has
precipitous, undrained slopes that expose clays
from the Urzhumian stage of the Biarmian division
(Permian system).

The Pivovarovskoe karst area is located in a
sparsely populated area; therefore, the formation of

Figure 1. Archive image of the sinkhole [33]
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sinkholes has posed limited societal or economic
risk. Nevertheless, the prevalence of surface karst
features has been demonstrated to engender
considerable complexity with respect to the
economic  development of the region.
Consequently, it was necessary to design a linear
infrastructure route that bypasses the Pivovarovsky
area to avoid substantial damage during both
construction and operation.

In terms of its structural-tectonic position, the
territory is situated within the Oksko-Tsinskiy
Swell, classified as a fourth-order tectonic
structure, and the Moscow Syncline, categorized as
a third-order tectonic structure. The Pivovarovsky
karst area lies within the pre-glacial Oksko-Tsinsky
swell, a region characterized by gently undulating
topography. Overlying this landscape are glacial
sediments from the Dnieper glaciation, which have
been subsequently modified through denudation
processes. These processes are associated with the
Suvoroshch River, which flows northeast of the
site, and its tributaries particularly the Sukhodol
River.
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Figure 2. Reactivation of karst at the periphery of the
ancient sinkhole
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Figure 3. Karst sinkhole (a) and typical geological section of the research area (b)
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The geological structure comprises Quaternary,
Triassic, and Permian deposits. The Permian
stratigraphic system includes gypsum, anhydrite,
limestone, and dolomite, with interlayers of clay
and siltstone, dipping northeast. Overlying these
are Triassic terrigenous sediments, which are
widespread in the northeastern part of the study
area. The uppermost part of the geological section
consists of Quaternary deposits of predominantly
fluvioglacial, glacial, and alluvial origin, with less
common bog deposits and peats, mainly composed
of sands and loams.

Karst are active within the Permian sulfate
deposits. The majority of surface karst forms are
cover-collapse sinkholes, with fewer occurrences
of cover-subsidence and suffusion sinkholes. The
formation of cover-collapse sinkholes in the area is
the result of the sudden gravitational displacement
of overlying terrigenous sediments into cavities
within the Permian gypsum.

Morphometric analysis has revealed distinct
characteristics for different sinkhole types and
ages. Ancient cover-collapse sinkholes range in
diameter from 5.1 to 97.4 meters (average: 25.5 m)
with depths of 1-15 meters, while young cover-
collapse sinkholes measure 2.5-61.5 meters in
diameter (average: 18.9 m) with depths of 0.5-20
meters.  Cover-subsidence  sinkholes  are
characterized by smaller dimensions, with ancient
features ranging from 2.5 to 60.1 meters in
diameter (average: 14.2 m) and depths of 0.2-4.5
meters. In contrast, young features measure 2.5-12
meters in diameter (average: 4.6 m) and have
depths of 0.5-3 meters. Suffusion sinkholes, which
are less common, appear as closed depressions
ranging from half a meter to several meters in
diameter.

The vector dataset of karst sinkholes was
compiled from multiple data sources. The
identification and mapping of sinkholes was
facilitated by the use of high-resolution satellite
imagery, complemented by multispectral data
analysis. In this analysis, spectral indices proved
instrumental in the detection of indirect indicators
of sinkhole distribution. The analysis was further
enriched by the incorporation of archival and field
karst survey data.
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5. The surface karst assessment

The foundation for quantitative Kkarst
assessment was laid in the 1980s, when V.V.
Tolmachev proposed a statistically-based method
for estimating karst risk during engineering surveys
and design. This approach is dependent on the
Poisson distribution in order to calculate the
probability of a specific number of sinkholes
forming within a fixed time frame. This is based on
the assumption that events occur at a known
constant rate and independently of one another. The
key parameter in this model is the intensity of
sinkhole formation, which determines the number
of sinkholes formed per unit area in one hundred
years. Tolmachev emphasised the necessity of
contemplating the service life of engineering
structures when employing this statistical method
[34,35]. It is generally accepted that the service life
ofthe item is 100 years. S.G. Gordienko and Yu.Yu.
Savelyeva have built upon this foundation and used
long-term monitoring data to apply and refine this
approach [36]. Selina Z.V. and Kovaleva T.G.
employed the approach to forecast sinkhole
formation probabilities [37].

Quantitative evaluation of karst hazard typically
relies on metrics such as sinkhole density and the
sinkhole area coefficient [38]. The calculation of
these parameters, which are essential for
engineering design, requires accurate data on the
number and size of sinkholes within the research
area.

The most straightforward method of visualizing
the spatial distribution of sinkholes is to create a
density map, illustrating the number of sinkholes
per unit area. The present study generated such a
map using the «Kernel Density» tool in ArcMap 10
(see Figure 4). This technique, which is
occasionally classified in literature as a semi-
quantitative or hybrid method [39], calculates point
density around each cell of an output raster within
a specified search radius, thereby effectively
implementing a moving window algorithm. An
alternative methodology involves the overlaying of
a grid of a predetermined size onto the study area,
the counting of sinkholes within each grid cell, the
interpolation of values between grid cell centroids,
and the normalization of the results by the area of
each cell to produce a continuous density surface.
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5.1. Two types of zoning of the linear
construction territory and its automatization

The zoning of linear construction projects in
karst regions can be categorized into two primary
types. The first type is predicated on the spatial
relationship between the construction and existing
karst sinkholes. This zoning type is designated as
«automated zoning based on sinkhole proximity».
The second type is concerned with the
environmental conditions of the territory that
influence karst process development. This latter
approach delineates conditionally homogeneous
areas where karst activity takes place uniformly
and sinkholes form through coherent mechanisms.
This zoning type is designated as «automated
zoning based on environmental conditions.

5.1.1. Automated zoning based on sinkhole
proximity
A review of historical observations indicates a

tendency for sinkholes to cluster in specific areas,
known as karst fields. Furthermore, sinkhole

density has been shown to decrease as distance
from existing sinkholes increases [40]. This
principle has been used by Russian scientists to
forecast karst hazards in areas adjacent to known
sinkholes [41], and was once incorporated into
regulatory standards [42].

The distance-based assessment is implemented
through the use of buffer zones of specified
dimensions, generated from sinkhole edges or
centroids. The buffer radii are generally established
as multiples of a modular distance that is
determined by mapping scale [40]. The present
study employed a custom GIS tool developed for
ArcMap 10 to perform karst hazard zoning along
linear construction routes using this proximity-
based methodology. The tool under consideration
is employed to construct buffers from sinkhole
edges, thereby facilitating the execution of hazard
zoning along the pipeline route. The result is the
identification of various categories, with different
degrees of karst hazard, as demonstrated by Figure
5.
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Figure 5. Karst hazard zoning map of the linear construction site based on sinkhole proximity

The zoning categories were established in
accordance with the classical recommendations of
Savarensky [40]. Consequently, Category I
designates areas where the construction route
directly intersects sinkholes. The second category
is comprised of areas within a radius of 0-20
meters from sinkholes, which correspond to the
minimum diameter of sinkholes classified within
the highest risk category [42]. Category III
encompasses distances of 20—50 meters, Category
IV 50-100 meters, and Category V extends beyond
100 meters from sinkholes.

Application of the zoning tool revealed that the
majority of the planned linear construction route

falls within Category V, indicating relatively low
susceptibility to new sinkhole formation. In
contrast, categories IV through II demonstrate
significantly higher karst susceptibility, as
evidenced by the frequent development of new
sinkholes within or in the vicinity of karst fields.
This phenomenon is indicative of the presence of
all necessary conditions for sinkhole formation in
these zones, where karst forms enhance surface
water permeability and promote karst activity. The
distribution of the linear construction length across
these karst susceptibility categories is detailed in
Table 1.

Table 1. Areas of the linear construction territory depending on sinkhole proximity

Karst susceptibility Category description Lengths of linear [.)art of engineering
category construction, meter
1 the linear construction crosses a sinkhole 354.8
11 the linear construction is 0—20 meters away from a sinkhole 206.2
11 the linear construction is 20—50 meters away from a sinkhole 677.5
v the linear construction is 50—100 meters away from a sinkhole 1647.7
\ the linear construction is 100 meters and more away from a sinkhole 169377.5
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The integration of spatial analysis and process
automation facilitates rapid karst susceptibility
zoning while minimizing errors associated with
manual methods. Furthermore, the application of
remote sensing data interpretation or archival
analysis during the planning phase enables a
preliminary karst assessment, providing crucial
insights for potential modifications to the project.

5.1.2.  Automated zoning  based on
environmental conditions

In the context of large linear infrastructure
projects, it is imperative to undertake a definitive
assessment of karst susceptibility, taking into
account the inherent heterogeneity of karst massifs.
The delineation of homogeneous zones is based on
environmental conditions, with key factors
influencing  karst  development, including
geomorphological and geological parameters [43].
This approach enables the unambiguous
determination of the prevailing sinkhole formation
mechanisms within each delineated zone.

The implementation of environmental factor-
based karst zoning has been noted by many
scientists as having been successful. To illustrate
this point, one may consider the application of
machine learning algorithms in generating a karst
susceptibility map for northern Guangxi, China, a
map which incorporates multiple
geomorphological and geological factors [44]. In a
similar manner, a karst ground subsidence
susceptibility map for Wuhan City was developed
using the AHP—-Comprehensive Index Method,
integrating karst characteristics, overburden
properties, and hydrodynamic conditions [45].
Comparable methodological approaches are
effectively applied in assessing other geological
hazards, such as landslide susceptibility, where
specific combinations of natural factors determine
hazard distribution [46].

The conceptual framework underpinning our
karst zoning methodology draws upon the
theoretical frameworks of engineering geological
zoning that were established in the mid-20th
century in Russia. The conventional taxonomy
recognizes three zoning types: regional,
typological, and mixed. The concept of regional
zoning involves the application of hierarchical
taxonomic units, which are categorized into
regions, districts and sites. These units are
distinguished by structural-tectonic  criteria,
characterized by the homogeneity of geological
structures and the intensity of exogenous
processes, respectively [47]. Typological zoning is
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predicated on the identification of characteristic
settings based on predominant engineering
geological features, while mixed zoning
incorporates elements of both approaches [48].

Furthermore, a comparative-evaluative
approach is employed, taking into account
environmental  conditions and  hierarchical
taximetrics units. The classification of karst areas
represents a specialized type of geological zoning
that exceeds the limitations of conventional
classification schemes. Whilst the research is most
closely aligned with the comparative-evaluative
approach, it incorporates elements of both regional
and typological zoning. This constitutes a distinct
form of prognostic evaluation specifically adapted
for karst susceptibility assessment [49].

In the research, multifactorial zoning has been
implemented, incorporating the following factors:

v’ Tectonic unit and neotectonics factors, such
as lineament density and lineament
intersections, which have been identified as
indicators of zones with enhanced fracturing
[50].

v Geological setting, including the depth to
soluble deposits and the lithological
composition of overlying soils and soluble
rocks.

v" Geomorphological setting, that
characterized by confinement to specific
geomorphological elements.

The research area was systematically zoned
through a hierarchical approach using ArcMap 10,
in accordance with the methodological principles
outlined above. The classification system is
divided into three levels:

v’ Region, that based on the tectonic unit and
neotectonics factors;

v' District, that defined by the geological
setting;

v' Area, that determined by  the
geomorphological setting.

This multi-level zoning system enabled a
comprehensive assessment of karst susceptibility
across different spatial scales while maintaining
consistency with theoretical foundations of
engineering geological zoning.

The use of environmental factors was not
employed directly in the determination of karst
susceptibility; rather, they were utilized for the
identification of quasi-homogeneous areas, the
surface karst susceptibility of which was
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subsequently assessed. The specific environmental
factors applied in the delineation of these
homogeneous karst terrain units are outlined in

quasi-homogeneous  with
environmental factors were identified (Figure 6).
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Table 2. Consequently, karst terrains that were
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Table 2. Factors for identification of homogeneous Kkarst terrain units

Environmental conditions

Hydrogeological conditions

];ict:(i):lc Geology setting Depth to the water table, meter
g Depth of water table stabilization, meter
= o Karst
E 'E £ Overlying Overlying  Bedrock clay Geomorphological setting terrain
5 5 5 soils soils (indurated)  Soluble rocks Quaternary Bedrock clay Karst
s g 2 li thickness, thickness, lithology aquifer aquifer aquifer
g 2°F ithology meter meter
4
=
Watershed between the Suvoroshch and Tara Rivers (right
low Limestone No aquifer 30-32 tributaries of the Klyazma River, Oka River basin). Elevations: No1
30-32 20-23 and dolomite recslent 1o data 110-135 meters
di Sand with (P1-P2) P Valley of the Tetrukh River (left tributary of the Kolp River, No 2
medium a{l wit Oka River basin). Elevations: 96-130 meters 0
low . toe{)m 4 Watershed between the Suvoroshch River and its right No 3
° m (e(r))-e s tributary, the Sukhodol River. Elevations: 110-135 meters
— . > 7-20 24-60 Right bank of the Suvoroshch River, upstream of the Sukhodol
2 high I;iur?ft,j;i 24-32 21-30 7-20 7-28 River confluence. Elevations: 95-120 meters Nos
ﬁ & Y No aquifer Right bank of the Suvoroshch River, downstream of the No 8
“é fedium Limest present Sukhodol River confluence. Elevations: 93-144 meters 0
imestone i i
‘g . : . ) 34-46 34-46 Right bank of the Sukhodol River, downstream of the Sukhodol
HT high 42-54 40-51 an((i}gl 0;01)1-11te 21-26 21-26 River confluence. Elevations: 100-138 meters No 6
S low Indurated G s:nlz (,Pl) No aquifer 2426 Left bank of the Tetrukh River. Elevations: 105-144 meters No 4
£ . 24-26 24-26 P T — Watershed between the Tetrukh and Sukhodol Rivers.
O medium clay (P2) present no data . No 7
Elevations: 123-150 meters
L it Right bank of the Suvoroshch River, upstream of the
medium 92 W! 7-8 70-73 Tyuryakha River confluence (left tributary of the Suvoroshch No 9
sand 40-42 36-38 ! Lo
interbed: 7-8 9-10 River). Elevations: 103-150 meters
low m (e(r))-e s Valley of the Suvoroshch River. Elevations: 120-150 m No 10
> . . . Right bank of the Suvoroshch River, watershed between the
medium Indurated 60-90 25-90 Dolomite (P1); 313 38-66 No aquifer Suvoroshch River and its tributary, the Tyuryakha River. No 11
clay (P2) Gypsum (P1) 3-13 no data present

Elevations: 89-120 meters
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The delineated karst terrains exhibit distinct
levels of karst susceptibility. The highest sinkhole
density (21.2 per km2) was demonstrated within
karst terrain No. 6, while the lowest (0.3 per km2)
was demonstrated within karst terrain No. 3. The
occurrence of concentrated sinkholes within karst
terrain No. 6 is attributable to a number of
interacting factors. These include the presence of
well-developed horizontal and vertical relief
dissection in the southwestern vault section of the
structural element, a phenomenon which facilitates
karst aquifer recharge. This is complemented by
the northeastern dip of strata of soluble rocks,

Journal of Mining & Environment, Published online

which provides natural drainage towards the
Suvoroshch River valley.

In order to facilitate the zoning of linear
infrastructure, the authors developed a specialized
tool that rapidly identifies boundary stations
(pickets), thus eliminating human error. The output
comprises a comprehensive table correlating each
karst terrain with corresponding linear construction
segments and their respective stationing (pickets,
Table 3). This rapid route segmentation capability
significantly simplifies the design of karst
protection, whose cost and specifications are
directly determined by localized environmental
conditions along the route.

Table 3. Areas of the linear construction territory depending on environmental conditions

Karst terrain

Lengths of linear part of engineering

number construction, meter Karst sinkholes density, pcs/km? Pikets
1 2398.7 0.4 2824+74.3-2848+73.0
4 4879.2 1.5 2848+73.0-2897+60.4
6 3323.4 21.2 2897+60.4-2930+72.5
8 4485.8 0.8 2930+72.5-2975+55.1
10 463.9 1.3 3036+56.5-3041+18.2
11 6104.7 1.4 2975+55.1-3036+56.5

5.2. Automation of sinkhole diameter estimation

The diameter is a pivotal morphological
parameter of sinkholes, which has traditionally
been measured manually, particularly in the case of
irregularly shaped features. In this study, the
authors employed an automated approach to
measure circular sinkhole diameters and the major
and minor axes of elongated sinkholes, while also
determining the orientation of the major axis for
elongated ones.

The focus on elongated sinkhole orientation is
methodologically justified, as sinkholes are often
structurally controlled by fracture zones and
concentrated within lineament axial parts. A
predominant orientation trend of sinkholes enables
the general fracturing direction within the karst
massif to be inferred.

Lineament analysis in the Perm Krai karst area
— encompassing both sulfate (Kungur, Polazna
settlement) and carbonate (Kizelovskaya anticline,
Ufimskoe plateau) rock terrains — has demonstrated
that surface and subsurface karst forms correlate
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with lineament axial zones. These zones exhibit
elevated fracturing and permeability, whereas karst
form density is minimal in massive, low-fracture
rock units [51, 52].

For the purpose of automated sinkhole diameter
estimation, the authors developed a specialized
calculation tool that integrates a custom algorithm
developed in the Python programming language.
The tool operates as a «black box», performing
intermediate  calculations  transparently and
presenting users with the final results. The
algorithm identifies the geometric centroid of each
sinkhole polygon and measures ray lengths from
the centroid to the polygon edge at 1-degree
intervals clockwise from north. The maximum and
minimum radii are determined through a
comparison of sequential ray lengths (Figure 7),
with the corresponding values and axis azimuths
automatically recorded in the attribute table. This
automated approach has been shown to
significantly reduce processing time, enhance
measurement accuracy, and support efficient,
repeatable analysis of large sinkhole datasets.
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A key step in the calculation
algorithm in Python:
rmax =
for ri in all_radii:
if ri > rmax:
rmax =

Figure 7. The algorithm operation diagram: rm.. — the maximum radius of sinkhole, r; — particular value of
sinkhole radius, ro — first measured value of sinkhole radius, NV — the direction to the north (for first
measurement), all_radii — all measured sinkhole radii

The automated sinkhole  morphometry
assessment generates a detailed catalogue of
sinkholes. Following the implementation of zoning
based on environmental conditions, histograms
depicting the distribution of sinkhole diameters
(Figure 8) and rose diagrams illustrating the
orientation of sinkhole axes (Figure 9) were
generated for karst terrains.

The tool demonstrates a high degree of
accuracy, as evidenced by a comparison with field
karst survey data. The calculated values for the
major axis demonstrated an 85-97% match with
field measurements, while the minor axis exhibited
an 80-100% match. The deviation from field-
measured values did not exceed three meters in
total.

The distribution of sinkholes by average
diameter serves as a highly informative
characteristic for each karst terrain. Given the
influence of multiple factors on sinkhole sizes, the
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diameter distribution within a specific karst terrain
enables the determination of their normative
values. These are defined as the most
representative  sinkhole diameters that are
characteristic of that particular karst area.

The analysis of chart data indicates that the
majority of sinkholes are located within the 10-20-
meter diameter range. Additionally, there is a
notable presence of sinkholes in the 0—10-meter
and 20-30-meter diameter ranges. In general, the
distribution pattern of karst terrain No. 6 (Figure
8b) is similar to that of the entire Pivovarovsky
karst area (Figure 8a). This is because it contains
the largest number of sinkholes and serves as the
reference dataset for constructing distribution
histograms across the entire study area. However, a
comparative analysis reveals an asymmetry
towards smaller diameters throughout the
Pivovarovsky karst area as a whole.
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Figure 8. Distribution of sinkholes by their diameters: for the Pivovarovsky karst area (a), for karst terrain No. 6
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The use of automated calculation techniques
offers many advantages, including the ability to
estimate diameter with great precision and speed
up the processing of large sinkhole datasets.
Analysis of the Pivovarovsky karst area, which
comprises 507 sinkholes, revealed a morphological
classification based on major-to-minor axis ratio.
Sinkholes with ratios below 1.2 were categorized
as round (approximately 75%), while those with
ratios of 1.2 or greater were classified as oval.

This automated methodology allows for the
incorporation of a novel parameter in surface karst
assessment: sinkhole orientation. The alignment of
major axes has been demonstrated to indicate the
direction of sinkhole elongation, which may reflect
the principal fracturing orientation within the karst

N/S
NW/SE L75 NE/SW
75
R 75
25 125 50
(a)

massif. The efficacy of rose diagrams in visualizing
directional patterns has been demonstrated, as
illustrated for both the entire Pivovarovsky karst
area and the karst terrain No. 6 (Figure 9).

It is noteworthy that the orientation of sinkholes
in karst terrain No. 6 is aligned with the course of
the Suvoroshch River, which is the region's
primary waterway. This correlation suggests that
fracture patterns influencing sinkhole formation
may parallel structural features expressed in the
landscape. Furthermore, the northeastern dip of the
soluble rock strata could reveal fracture systems
oriented perpendicular to the dip direction,
analogous to stress-release joints commonly
observed in modern valley slopes (Figure 6).
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. [ u5
s |25 / 0
W T 50 o
(b)

Figure 9. Rose diagram of karst sinkhole orientation: for the Pivovarovsky karst area (a), for karst terrain No. 6

(b)
6. Discussion

The objective of this study was to develop an
automated approach for karst susceptibility
assessment, with a view to addressing several key
challenges in the field of engineering geology and
karst hazard forecasting. However, the successful
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application of this methodology
consideration of several key conditions.

A primary challenge in karst assessment using
remote sensing is the limitation imposed by data
resolution, which can hinder the detection of
smaller karst forms. The present study addressed

requires
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this issue by wusing high-resolution satellite
imagery, which allows for the identification and
mapping of even minor karst features with
sufficient accuracy for regional analysis.

Furthermore, accurate karst hazard zoning
along linear infrastructure requires precise
geolocation  of all mapped  sinkholes.
Consequently, the judicious selection of an
appropriate coordinate system is imperative. A
common methodological challenge in zoning by
environmental conditions is the potential
introduction of subjective judgement. In order to
mitigate the potential consequences of this
phenomenon, a strict set of zoning criteria was
established and adhered to, with these criteria being
tailored to the specific environmental factors of the
region. The implementation of this objective
framework was instrumental in ensuring the
reproducibility of the zoning results, thereby
minimizing the impact of analyst bias.

A significant concern when employing
automated morphometric calculations on remote
sensing-derived data is the need for robust result
validation. This challenge was resolved by
employing a study area (the Pivovarovo karst
region) with a pre-existing, field-verified catalogue
of karst forms. This facilitated direct comparison,
during which our tool exhibited high accuracy, with
calculated values for the major and minor axes
demonstrating an 85-97% and 99-100% match with
field measurements, respectively, and overall
deviations not exceeding three meters.

The implementation of an automated approach
has been demonstrated to yield substantial
advantages. The automated zoning of the linear
construction corridor in relation to sinkhole
proximity provides an immediate visual indication
of sectors susceptible to karst. Analyses of this
nature, conducted at the planning stage, facilitate
the expeditious implementation of design
modifications. For instance, they may result in the
recommendation of re-routing to circumvent the
most hazardous karst areas.
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Moreover, the zoning of the territory according
to environmental conditions identifies
homogenous areas where karst activity takes place
uniformly and sinkholes are formed by analogous
mechanisms. The accuracy of predictions of karst
susceptibility within such zones is enhanced by the
consideration of the heterogeneity of the karst
massif. Consequently, normative estimates of karst
sinkhole sizes are more reliable when constrained
within these karst zonation taxa — individual karst
terrains.

In areas where sinkholes are present in high
numbers, manual measurement of diameters —
whether conducted in situ or from imagery — is a
laborious and time-consuming process. The
custom-built instrument has been developed for the
purpose of calculating the diameters of all karst
sinkholes, which are identified through a
combination of remote sensing interpretation and
field observations. The instrument has been
demonstrated to achieve this with a high degree of
accuracy, and in a significantly reduced time frame.
Beyond efficiency, automation ensures high
precision in diameter estimation and enables the
rapid processing of large datasets.

A further significant outcome of this study is the
ability to determine the orientation of the major
axis of sinkholes. The prevailing orientation
pattern within a conditionally homogeneous area
can be used to infer the direction of fracturing in
the karst massif. It is imperative to comprehend the
mechanisms governing this structural control, as
fracture zones frequently delineate the emergence
of new sinkholes. This understanding facilitates the
identification of regions exhibiting a high
susceptibility to sinkhole formation.

The methodology for surface karst research,
integrating  remote  sensing data, field
measurements and spatial analysis, is delineated in
the flowchart (Figure 10). The diagram delineates
the key procedural steps, from initial data
collection to the final karst hazard zoning, thereby
providing a clear overview of the methodological
workflow.
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Figure 10. Research workflow flowchart

7. Conclusions

The study demonstrates that the application of
standard geoinformation system tools, enhanced
with custom ones, significantly advances karst
susceptibility assessment for linear infrastructure.
The approach is centred on a custom-developed
Python algorithm for GIS that automates the
morphometric analysis of karst forms. This tool
efficiently calculates key parameters, including
maximum and minimum diameters and the
orientation of sinkholes, by processing a large
number of input objects with high speed and
accuracy, as validated by field data.

The integration of remote sensing data and
geoinformation tools creates a powerful framework
for advanced karst susceptibility assessment,
enabling rapid and precise zoning of territories
relative to sinkhole locations and zoning according
to environmental conditions. The developed
methodology is designed for transferability and can
be implemented effectively in any karst region
where clearly identifiable sinkholes are present.
The integration of remote sensing data and field
research geolocated data enhances the applicability
of the approach in regions characterized by
variable data availability and sinkhole sizes. The
approach enables rapid, data-driven analysis,
facilitating decision-making during the planning
and design stages of engineering projects. This, in
turn, facilitates the optimization of designed routes
and the mitigation of karst-related risks.
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