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Abstract

E-mail: Rapid and reliable methodologies for identifying areas susceptible to rainfall-
iskotarid@civil.auth.gr induced water accumulation are necessitated by frequent flood events in
downstream regions. These techniques are especially vital where such zones
intersect with critical infrastructure. For that purpose, remote sensing,
Geographic Information Systems (GIS), and topographical analysis are usually
integrated within a methodological framework to detect flood-prone areas.
This research focuses on the man-made environment of Kassandra, Greece,
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while emphasizing road infrastructure. Sentinel-2A satellite imagery was
utilized by Object-Based Image Analysis (OBIA) and Support Vector Machine
(SVM) algorithms for land cover classification. An overall land cover
classification accuracy of 84% was obtained. The Topographic Wetness Index
(TWI) was calculated from ALOS digital elevation model data to identify areas
with high water accumulation potential, and values exceeding 9 were classified
as critical. A negative correlation (-0.24) between the Normalized Difference

Keywords: Water Tillage Index (NDTI) and TWI was revealed by statistical analysis. This result

accumulation, Man-made
environment, Topographic
Wetness Index, Image
segmentation

confirmed that areas with elevated water accumulation potential correspond to
man-made surfaces. The results showed that approximately 19.5% of the total
man-made environment and 21% of the road network are located within zones
susceptible to water accumulation. Spatial analysis identified critical
intersections between road segments and stream networks, which provides

actionable intelligence for flood risk mitigation. However, digital elevation
model resolution limits the accuracy of the methodology. Thus, future risk
assessment would benefit from the integration of additional hydrological
variables.

1. Introduction

Downstream regions often experience inundation as a direct consequence of high-intensity precipitation within a
drainage basin. This frequent natural disaster occurs when the terrestrial surface is overwhelmed by overland flow.
Significant damage to both the natural and man-made landscapes typically follows such events [1-3]. Specifically, the
destruction of property, loss of life, and the failure of essential utilities like bridges, power grids, and road networks
often result from water overflow in populated zones. Recognition of sites with a high capacity for water storage is
therefore essential for disaster mitigation. This prioritization is especially critical when these locations intersect with
human infrastructure.

Catastrophic consequences for transportation and road infrastructure networks often follow periods of heavy
precipitation. This vulnerability remains a primary concern because rural road designs frequently lack the capacity to
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withstand the sudden onset of flash floods. Such events arise rapidly from excessive rainfall volumes. The assessment
of regional flood risk requires the synthesis of multiple environmental variables. Specifically, researchers must
integrate data regarding soil composition, land cover, and topography [4]. Resilience within the infrastructure
network is a high priority because these systems represent a vital component of the man-made environment [5].

Emergency responsiveness improves when authorities plan in advance for socioeconomic and environmental impacts.
Potential harm to infrastructure, natural resources, and agriculture decreases significantly through the
implementation of prevention and mitigation strategies. Consequently, effective management policies depend on the
rigorous identification of regions susceptible to water collection [2]. Flood management benefits from recent
technological progress in geographic information system (GIS) and remote sensing. These tools support diverse tasks
such as damage assessment, prevention, preparation, and prediction [1]. Researchers utilize GIS for data manipulation
and spatial analysis. Meanwhile, remote sensing offers radar imagery capable of day, night, and all-weather operation,
alongside optical data.

Object-Based Image Analysis (OBIA) divides remote sensing imagery into meaningful image objects (in contrast to
individual pixels) in an effort to overcome the limitations of traditional pixel-based methods that merely evaluate
their spectral characteristics to obtain valuable thematic information [6-12]. A process resembling visual perception is
facilitated by the OBIA workflow. Despite these functional similarities, the nuanced sophistication of human cognition
is not replicated by such algorithms [13]. The creation of fundamental OBIA elements begins with image segmentation
[14]. This process divides imagery into regions that are spatially adjoining and relatively homogenous. These
segments serve as the essential groundwork for supplementary analysis [13][15]. Researchers often find that the
specific goals of a study dictate the choice of segmentation method. A single, perfect technique for every satellite
image remains elusive, according to common academic consensus [16].

Remote sensing studies have developed and implemented various image segmentation methods over the past several
decades. However, selecting appropriate segmentation parameter values remains a significant challenge for
researchers, as no definitive guide currently exists to assist in extracting segments that satisfy specific study
requirements [14]. Traditional classification systems split image segmentation methods into two primary categories.
Spectrally-based approaches encompass algorithms cantered on feature space clustering and thresholding.
Conversely, spatially-based approaches consist of graph-based, region-based, and edge-based algorithms. A
breakthrough in the semantic segmentation of remote sensing imagery was triggered by Deep Learning (DL)
architectures in recent years [17]. Two principal procedures, image segmentation and object classification, generally
constitute the OBIA workflow. Object classification is usually used to extract real-world objects [14]. Image
classification studies have employed a wide variety of classifiers, among which Support Vector Machine (SVM) and
Random Forest (RF) have demonstrated exceptional performance [18-20].

Hydrologically-based topographic indices are established on the conception that a terrain profile controls the
distribution of water. Topographic Wetness Index (TWI) is a morphometric index that shows the impact of local
topography on runoff flow direction and accumulation [21-23]. This index can provide valuable information for the
identification of rainfall runoff patterns, regions of probable increased soil moisture, and ponding regions. These
outputs can be produced at a low cost compared to in-depth hydrologic and hydraulic studies. Land use planners and
drainage engineers need, among other valuable information, an intuitive map that defines areas adversely affected by
flash flooding and ponding caused by rainfall events in order to approve residential development. To conclude, TWI
can comprise a complementary and cost-effective source of information to conventional hydrological approaches [21].

Several researchers have employed satellite data and implemented remote sensing methods to identify areas
susceptible to flooding. In particular, Pourali et al. [24] described an application of TWI to map regions subject to
flood. Nandi et al. [25] implemented a GIS-based multicriteria statistical analysis to map flood hazard in Jamaica. For
this purpose, the researchers employed several factors, including TWI. Similarly, Motevalli et al. [26] used a
probabilistic approach to map flood hazard and investigated the contribution of TWI in hazard zoning. Koriche et al.
[27] produced a flood index map by utilizing satellite remote sensing data and hydrological modelling, combining the
Standard Precipitation Index (SPI) and Topographic Wetness Index (TWI). Aksoy et al. [28] calculated TWI in a flood
susceptibility assessment procedure at a regional scale to prioritize the potential flood prone regions, considering the
importance of the assets at risk.
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The need for a rapid, reliable, and easily implementable method to identify flood-prone areas is paramount for
protecting both communities and critical infrastructure. This study was therefore motivated by the necessity to move
beyond traditional, time-intensive hydrological models and leverage widely available geospatial data to support local
planning and emergency response efforts. The principal objective of this study is to provide an efficient
methodological framework for the rapid and accurate extraction of regions prone to rainfall water accumulation in
built-up environments of varying population density in Kassandra, Greece, with a special focus on major road
infrastructure.

2. Material and Methods

2.1. Study area

The region selected for this study covers an
area of 49.4 km? located in Kassandra, the
westernmost peninsula of the Regional Unit
of Chalkidiki, Greece. The geological
substrate is mostly composed of alluvial
deposits in valleys, plains, and coastal areas
[29]. The study region includes resort areas
and three developed settlements,
Polychrono, Chaniotis, and Pefkochori (Fig.
1). Therefore, the region under investigation
represents a coastal area where several
natural, social and economic features
intersect. These intersections are
accentuated by the demographic
concentration. Given the history of flood
events in the wider area [30], identifying
zones with high flood risk is essential to
prevent damage to infrastructure, property,
and loss of life. In this context, water
accumulation susceptibility maps can play a
critical role.

2.2. Satellite and elevation data

The investigation employed Sentinel-2A
Level-2A (Bottom-Of-Atmosphere) corrected
reflectance imagery with an acquisition date A
of August 31, 2020. Superior data quality and 0 05 1 2 3km
minimal cloud interference guided the =
selection of this specific scene. Furthermore,  Figure 1. Study area location in Greece and the Sentinel-2 subset image
a digital elevation model (DEM) offered a

detailed representation of the land surface in order to derive essential terrain attributes such as slope, aspect, and
elevation. The Alaska Satellite Facility (ASF) Distributed Active Archive Center (DAAC) provided the ALOS DEM data.
This dataset maintained a spatial resolution of 12.5 m x 12.5 m per cell.

The movement of water across the terrestrial surface is governed by slope. This variable remains a critical factor in
hydrological processes. High slope or steep terrain promotes streamflow. Conversely, a higher potential for water
ponding exists in flat terrain with a low slope. Slope direction is indicated by aspect (Fig. 2). Both variables appear
simultaneously in this visualization where hue represents aspect categories and saturation defines the various slope
classes.
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Figure 2. Elevation (A) and Aspect-slope (B) maps of the study area. The digits in Aspect-slope map relate to the slope
magnitude (Where values <21 correspond to flat areas, 21-30 stand for low slope, 31-40 for medium slope, and >41 for
high slope areas), while the directions relate to the aspect orientation.

2.3. Methodological procedure

The methodology implemented to detect and extract regions prone to rainfall water accumulation is presented in

Figure 3.
Road network
(OSM)

Sentinel-2A
imagery

Topographic Wetness Index
TWI

Initial processing NDTI calculation

Image segmentation

Identification of
critical segments
on road
infrastructure

NDTI and TWI
correlation

Classification

Integration of road
network from
OpenStreetMap
(OSM)

Extraction of man-made
environment

Identification of
critical areas

Figure 3. Schematic diagram of the proposed methodological framework.
The number indicates the sequence of generated results.

2.3.1. Tools

QGIS served as the primary tool for this study. It is a free and open-source Geographic Information System that
supports the creation, editing, visualization, and publication of geospatial data [31]. Specifically, it was used for digital
processing of the Sentinel-2 imagery and the DEM. In addition, the System for Automated Geoscientific Analyses
(SAGA), a cross-platform open-source GIS software, was utilized for topographic index calculations. The Orfeo Toolbox
(OTB), an open-source project designed for processing remote sensing data [32], was employed for image
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classification. Python was used for statistical analysis. Finally, spatial analysis, accuracy assessment, and visualization
were also carried out in QGIS.

2.3.2. Calculation of indices and statistical analysis
NDTI calculation

Normalized Difference Tillage Index (NDTI) is a spectral index that can effectively highlight man-made surfaces and
distinguish them from bare land [33]. In order to calculate NDTI, the SWIR sentinel-2 spectral bands (SWIR 1 and
SWIR 2) were exploited [33][34]. The mathematical formula related to NDTI is the following:

SWIR1 — SWIR 2

NDTI = SWIRT + SWIR 2

NDTI values close to zero correspond to man-made surfaces (Fig. 4 A). This observation led to the exploitation of this
specific feature to investigate the relationship between NDTI and TWI.

Figure 4. NDTI (A) and TWI (B) maps of the study area.
Man-made surfaces can be distinguished by the dark tone in NDTI map.

TWI calculation

A map presenting the distribution of TWI is a key element for spatially identifying areas with increased potential to
generate surface runoff [27]. Initially, sinks were filled to eliminate areas of artificial depressions. This is a common
procedure to perform any hydrological procedures. The depressionless DEM was used as input to compute the flow
accumulation map. This comprises the total catchment area (TCA). Subsequently, the specific catchment area (SCA)
was computed using the filled DEM and the TCA as input and considering the slope map of the studied area (In order
to avoid errors, the unit of slope was set in radians). SCA and slope maps were used as input to calculate the TWI map.
The exact methodological framework is presented in Figure 5.

Slope
{Least Squares Fitted Plane)

Figure 5. TWI calculation workflow in SAGA GIS

247



DYSONA — Applied Science 7 (2026) 243-254 Kotaridis

The generated TWI is a raster layer that depicts areas with drainage depressions where water is likely to accumulate.
TWI values are relative within the specific study area and cannot be compared with a different study area or when
alternate datasets are utilized. Low TWI values are associated with areas of steep slope and indicate decreased
potential for ponding development; high values are encountered in places with gentle local slope, where greater
upslope areas are drained and there is increased runoff potential [21][23][25]. TWI values are non-dimensional and
differentiate on the basis of the topographic profile of the area and the resolution of DEM. Common TWI values range
from -3 to 30. The threshold value of TWI that discriminates low-risk from high-risk areas is determined manually by
the user [21]. In this study, the threshold value was set by reviewing the histogram of TWI values and their
relationship to the local topography. In order to avoid the scenario when single “wet” pixels are surrounded by “dry”
areas, a smoothing procedure was carried out. The Gaussian filter from SAGA GIS was applied to make the final
product easier to interpret. TWI values ranged from 3.3 to 17.4 (Fig. 4 B). Following a comprehensive review of TWI,
the threshold value was set to 9. Thus, areas with TWI values greater than 9 were characterized as critical.

NDTI and TWI correlation

In some cases, investigating the
relationship between two raster
datasets may provide valuable
information. For this reason, the
relationship between NDTI and TWI
was investigated. In order to achieve
that, the TWI raster layer was
resampled to adjust its spatial 1
resolution. Next, the correlation matrix C
was computed, which depicts the
values of the correlation coefficients.
The correlation between two raster
layers comprises a measure of
dependency between the layers. A
negative correlation value (-0.24) was :
calculated. This means that TWI ' % 2 7 TWiso (Threshold value)
changes inversely to NDTL In other :
words, low NDTI values (man-made
environment) correspond to high TWI
values (areas prone to water
accumulation).

2500

2000

1500

1000

500

-0.1 0.0 0.1 0.2 0.3 0.4 0.5 0.6
_ NDTI
Subsequently, a raveling procedure
. Figure 6. NDTI (A) and TWI (B) histograms, and the scatter plot of NDTI and
was carried out to produce one- TWI ()

dimensional arrays with a length of
columns times rows. Ensuring that the raster data have the same number of columns and rows, prevents the
extraction of incorrect results. Finally, the histograms (Fig. 6 A and B) and a scatter plot (Fig. 6 C) of the raveled data
were produced. High NDTI values mainly correspond to low TWI values, while in the upper left part of the graph a
significant number of points with low NDTI values (man-made environment) and high TWI vales (areas prone to
water accumulation) can be identified. These observations highlight the need for spatial detection of areas prone to
water accumulation.
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3. Results

3.1. Satellite imagery processing

Initial processing of Sentinel-2A imagery includes resampling the 20 m bands to 10 m, clipping the scene to the
boundaries of the area of interest and concatenating the spectral bands to produce a single stacked image.

The raster file generated from the initial processing of
the Sentinel-2 imagery was used as input for the
segmentation procedure. Image segmentation was
performed using the Terminus QGIS plugin [35], a fast
and straightforward tool that enables image
segmentation on remote sensing data.

For the purpose of this study, the Felzenszwalb image
segmentation algorithm was employed. In addition,
mean and standard deviation statistics were included in
the attribute table of the output vector file. Given that
the aim of image segmentation is to extract internally
homogeneous regions, the acceptance criterion for the
segmentation results was the achievement of low
standard deviation values. The segmentation process
resulted in slight over-segmentation, which is preferable
to under-segmentation, as splitting segments posteriori
is more complex than merging them (Fig. 7).

Figure 7. Segmentation results (scale: 10, sigma: 0.2,

accumulation events, as natural and man-made land min_size: 30). The boundaries of segments are depicted with
’ blue color.

Land cover is a key factor associated with water

cover types differ significantly in terms of infiltration

capacity. To produce a land cover map, object-based classification was carried out, with the aim of assigning a class
label to each segment. The mean and standard deviation statistics served as optimal indicators for extracting land
cover information and were therefore utilized throughout the classification process.

In this study, the Support Vector Machine (SVM) classification algorithm, available in the Orfeo ToolBox (OTB), was
employed. SVM has demonstrated its effectiveness in numerous remote sensing studies [36]. As a supervised machine
learning algorithm, it has been tested and compared against various classification approaches, and the results
consistently show that it produces enhanced classification outputs with higher accuracy. Thus, it represents a robust
methodological choice [16][37].

To train the SVM classifier, three fundamental thematic land cover classes were defined a priori: forest and vegetated
areas, agricultural areas, and the man-made environment. This class scheme was adopted due to the study's primary
focus on extracting the man-made environment. It should be noted that the narrow strip of sand adjacent to inhabited
areas was integrated into the man-made environment class, given its limited width and spectral characteristics, which
make discrimination difficult in Sentinel-2 imagery.

Several representative samples of confirmed land cover were selected from across the entire scene to train the
classifier. The selection of training areas for each land cover class was based on personal knowledge of the study area
and visual interpretation using fine spatial resolution satellite base maps. Following the application of the SVM
classifier, a dissolve algorithm was implemented to merge features sharing the same classified value (i.e., belonging to
the same class) and the final land cover map was obtained (Fig. 8 A).
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Figure 8. Maps of the study area showing: land cover overlaid on a hill-shade relief map (A); the final layer representing
the man-made environment (B); areas of the man-made environment susceptible to water accumulation, shown on
Sentinel-2 satellite imagery (C); and intersections between roads and major streams, with the upslope contributing area
for each intersection displayed both graphically and in tabular form (D).

Quantitative accuracy assessment of the obtained classification results was carried out in AcATaMa QGIS plugin to
investigate the validity of results. First, a simple random probability sampling design was implemented to estimate
overall accuracy, user's accuracy (commission error), and producer's accuracy (omission error) and summarize them
in a form of an error matrix. The sampling strategy was based on samples count and minimum distance between
samples. Overall, 100 random samples were generated with a minimum distance of 50 m. Simple random selection is
the proposed approach when working with imagery as a source of reference data or the sample size will need to be
adjusted during the process of accuracy assessment [38]. The sources of reference data for this study were fine spatial
resolution satellite base-maps that ensure the high

quality of samples. The classification is excellent at Table 1. Error Matrix for land cover classification

distinguishing Forest from Non-Forest cover, but it Reference/Class Produced labels Tota User's
struggles to cleanly separate Agriculture from Man- 1 2 3 accuracy
made environments, leading to significant poe. 1 36 2 0 38 95%
confusion in Class 3 (man-made environment). This labels 5 37 5 47 79%
discrepancy is mainly attributed to the rural 2 2 11 15 73%
characteristics of the study area, which, under the Total 43 41 16 100

satellite imagery resolution, might have caused Producer's

confusion ing rr?an-made enviroiment detection accuracy 84% 90%  69%

using conventional classification algorithms [39]. Overall accuracy 84%

However, the overall accuracy was 84% (Table 1),  1: Forest and vegetated areas
which is above the 80% threshold recognized as a  2: Agricultural areas
benchmark for landcover image classification [40]. 3: Man-made environment
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3.2. Extraction of man-made environment

Man-made environment obtained from the classification procedure includes built-up areas and parts of the road
transportation network. As mentioned before, and considering the spatial resolution of sentinel-2 imagery and the
rural character of the area, unpaved roads with parts of the main road network were not adequately identified. Thus,
the road network was obtained from the freely available OpenStreetMap dataset and was integrated into the man-
made classified land cover (Fig. 8 B). A 5 m buffer zone was created around the linear road features.

3.3. Identification of areas prone to water accumulation

In order to identify the parts of man-made environment that are prone to rainfall water accumulation, the clip feature
was utilized. A new thematic layer was created that includes a geographic subset of man-made features with the
preassigned TWI>9 threshold value (Fig. 6 C). The analysis showed that these areas comprise 19.5% of total man-
made environment (Fig. 8 C). The majority of these vulnerable zones are concentrated in the flatter low-lying portions
of the drainage basin (Fig. 2), where gentle slopes reduce surface runoff velocity and promote infiltration.

3.4. Identification of critical segments on road infrastructure

It is commonly accepted that water accumulation can adversely affect road and transport infrastructure. A secondary
road passes through the study area, where high volumes of traffic are encountered, especially during the summer.
Thus, the parts of the road with high TWI values (over 9) were identified. Overall, 21% of the road surface is related to
high TWI values, which means that it is susceptible to water accumulation.

These critical parts of the road intersect with the stream network of the study area. In order to investigate the
magnitude of the situation, further analysis was carried out. Initially, the stream network was extracted from the DEM.
Next, the intersections between the road and the most important streams were identified. Finally, for each critical
road segment, the upslope contributing area was calculated. This area includes the total runoff that corresponds to
each critical road segment (Fig. 8 D), highlighting specific locations where targeted drainage improvements would be
most effective in mitigating flood risk.

4. Discussion

The methodology presented in this study offers a scalable and efficient framework that can be readily integrated into
broader flood risk management strategies, aligning with contemporary geo-computational approaches for disaster
resilience [41]. By pinpointing specific zones where man-made infrastructure intersects with high water accumulation
potential, the analysis provides planners with a powerful visual and quantitative tool. This information is invaluable
not only for prioritizing targeted drainage improvements in existing developments but also for guiding the strategic
site selection of future infrastructure projects and the responsible planning of new residential areas to avoid high-risk
zones from the outset.

However, the accuracy and level of detail of this approach are inherently dependent on the spatial resolution of the
underlying Digital Elevation Model (DEM), as it directly governs the quality of the derived Topographic Wetness Index
(TWI). Research consistently demonstrates that DEM resolution significantly influences slope, drainage area, and TWI
calculations, with coarser resolutions failing to capture microtopographic features critical for accurate hydrological
modeling [42][43]. The analysis would undoubtedly benefit from a high-resolution DEM derived from Light Detection
and Ranging (LiDAR) data, which captures microtopographic elements—such as hedgerow banks, roads, and
agricultural drains—that act as topographic barriers or channels diverting overland flow [42].

Furthermore, while TWTI is effective for initial topographic wetness assessment, a comprehensive flood risk evaluation
must integrate non-topographical variables. Factors such as soil hydrological properties, vegetation cover, degree of
antecedent saturation, and evapotranspiration play a crucial role [42], particularly in the flatter low-lying areas
identified in this study as vulnerable zones. In such landscapes, where topographic relief is minimal, the standard TWI
formulation inherently struggles, as it relies primarily on slope and upstream contributing area. Therefore, TWI
should serve as a valuable preliminary guide for more in-depth, process-based modeling rather than a definitive
standalone predictor. Additionally, broader landscape changes, especially vegetation loss and deforestation, must be
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considered as they can significantly reduce evapotranspiration and increase surface runoff, thereby elevating flood
risk and altering flood dynamics [44].

In the context of operational flood management, an approach that balances accuracy with timeliness is paramount.
This study demonstrates the feasibility of using freely available Sentinel-2 and DEM data to efficiently detect areas
susceptible to water accumulation. By adopting an object-based image analysis (OBIA) approach—which leverages
not just pixel values but also their spectral context, including mean, variance, and standard deviation—a more precise
and thematically rich land cover inventory can be obtained. Object-oriented methods have been shown to outperform
traditional pixel-based classification, particularly in complex environments where distinguishing between built-up
and vegetated areas is critical for accuracy [45]. Ultimately, this research underscores the effectiveness of integrating
remote sensing and GIS techniques to conduct a spatial analysis that is both practical and sufficiently detailed for
supporting informed decision-making in flood-prone environments.

5. Conclusion

In this work, a methodological framework for identifying rainfall water accumulation zones was successfully
completed through the integration of open-source geospatial tools, ALOS digital elevation model data, and Sentinel-2A
imagery. The man-made environment of Kassandra, Greece, served as the primary focus for this analysis. Zones
characterized by high Topographic Wetness Index values were found to intersect 19.5% of the total man-made
environment and 21% of the road network. Such data facilitates the guidance of risk mitigation strategies and informs
future development initiatives. While cost-effective flood susceptibility mapping can be achieved using freely available
data—as evidenced by the notable 84% classification accuracy—significant opportunities for model refinement exist.
Future investigations should focus on assimilating high-resolution LiDAR topography and additional hydrological
parameters. Crucially, key physical factors such as rainfall characteristics and soil infiltration capacity remain to be
integrated to develop fully comprehensive, probabilistic flood hazard assessments.
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