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Abstract: Timely mapping, measuring and impact assessment of flood events are crucial for the
coordination of flood relief efforts and the elaboration of flood management and risk mitigation
plans. However, this task is often challenging and time consuming with traditional land-based
techniques. In this study, Sentinel-1 radar and Landsat images were utilized in collaboration with
hydraulic modelling to obtain flood characteristics and land use/cover (LULC), and to assess flood
impact in agricultural areas. Furthermore, indirect estimation of the recurrence interval of a flood
event in a poorly gauged catchment was attempted by combining remote sensing (RS) and hydraulic
modelling. To this end, a major flood event that occurred in Sperchios river catchment, in Central
Greece, which is characterized by extensive farming activity was used as a case study. The synergistic
usage of multitemporal RS products and hydraulic modelling has allowed the estimation of flood
characteristics, such as extent, inundation depth, peak discharge, recurrence interval and inundation
duration, providing valuable information for flood impact estimation and the future examination of
flood hazard in poorly gauged basins. The capabilities of the ESA Sentinel-1 mission, which provides
improved spatial and temporal analysis, allowing thus the mapping of the extent and temporal
dynamics of flood events more accurately and independently from the weather conditions, were also
highlighted. Both radar and optical data processing methods, i.e., thresholding, image differencing
and water index calculation, provided similar and satisfactory results. Conclusively, multitemporal
RS data and hydraulic modelling, with the selected techniques, can provide timely and useful flood
observations during and right after flood disasters, applicable in a large part of the world where
instrumental hydrological data are scarce and when an apace survey of the condition and information
about temporal dynamics in the influenced region is crucial. However, future missions that will
reduce further revisiting times will be valuable in this endeavor.
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1. Introduction

Floods are considered to be one of the most common, recurring and catastrophic types of natural
hazard [1,2]. Over the last few decades, they have been documented as a significant threat to human life,
including a noteworthy number of fatalities as well as extended economic damages [3–9]. Across the
Mediterranean region, most commonly, flooding results from intense rainfall within a short duration
of time, constituting a serious risk for human life, infrastructures and agricultural land. Small- to
medium-sized catchments are most frequently prone to flooding, often intensified by their intrinsic
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features, such as geological and geomorphological characteristics (low permeability and steep slopes),
drainage network features, watershed texture and geometry, land use/cover, along with extreme
meteorological forcing [10–12].

Timely mapping, monitoring and impact assessment of flood events are vital for the coordination
of flood relief efforts and the elaboration of flood management, risk mitigation plans and many
prevention initiatives. This knowledge is usually hard to obtain based on conventional approaches
due to flood temporal and spatial characteristics [13].

Conventional observational networks often face difficulties in flood monitoring due to the temporal
and spatial scales of flood occurrence in the region [14,15]. Traditional approaches to flood delineation
are mostly based on field inspections and ground observations as well as airborne surveillance.
However, in incidents that extend over a large area, such methods can be impractical, time-consuming,
expensive and sometimes dangerous for the personnel and the equipment involved. Moreover, timely
remote sensing (RS) monitoring of flood events can be problematic due to the usual inhibitive cloud
cover (cc) [16]. During the last few decades, Earth Observation (EO) passive and active multitemporal
satellite systems and RS practices offer timely and efficient tools for examining and delineating flooding
over large areas. Their continuous measurements offer valuable information on inundated areas,
which is useful for the effective response contributing likewise to damage assessment and hazard
management [16,17].

Active microwave radar systems can be useful for such purposes since they can provide
high-resolution and frequent day and night observations of the Earth’s surface under practically any
weather conditions since they can penetrate clouds and heavy rainfall [18,19].

In the framework of the Copernicus Earth Observation (EO) program, the European Space Agency
(ESA) carried out an innovative satellite program named Copernicus, which comprises the constellation
of the Sentinel satellites. Each mission of Sentinels aims towards a distinct sector of Earth observation
(land, ocean and atmosphere), and its products are utilized in numerous applications. Sentinel-1 (S1)
is a Synthetic Aperture Radar (SAR) operation system, that provides a continuous dataset of radar
images, independent of the time of day and the weather conditions, enabling flood events monitoring
and mapping [20]. The contribution of SAR sensors, having a C band sensor (wavelength ≈ 5.6 cm),
rises from the sensibility of the backscatter signal to calm water surfaces, that typically employs the
distinct properties of water in the microwave spectrum. Specifically, calm flood water surfaces work as
mirrors and reflect incoming radiation away from the sensor, which normally results in low backscatter
measurements [21]. Additionally, the S1 SAR mission incorporates improved spatial resolution (10 m),
a 12-day repeat cycle using two identical satellites (S1A and S1B) with a 180◦ orbital phasing difference
enhancing repeat cycle to 6-days, and various polarization modes that have enhanced the observing
potential, making it ideal for flood monitoring [22,23]. Polarization is a key component in flood
detection, as has been shown in numerous former surveys [24]. The suitable selection of horizontal (H)
or vertical (V), single (VV or HH) or dual (HH + HV or VH + VV) polarity plays a decisive role in the
enhanced distinction of backscatter values between dry and wet areas [24]. VV polarized products
are greatly affected by surface roughness conditions, but in many cases, they still deliver adequate
results for the mapping of the flooded area, because this specific polarization identifies clearly the
partially submerged features, which can be valuable in flood damage estimation [23,25]. The major
drawbacks of SAR data are related to a complicated mixture of several surface characteristics, which
act negatively on the flood detection, such as the incidence angle, relative water height, vegetation
type, density and orientation, and wind consequences, which can cause opposite backscatter responses
for similar situations [13].

Passive multispectral instruments record the earth’s surface reflected or emitted energy in the
visible and infrared part of the electromagnetic spectrum. The high-resolution sensors can offer good
detection of the flooded areas in cases that clouds, floating vegetation and trees do not conceal the
water surface [13,18,26]. Satellite datasets recorded by the passive sensors, such as those onboard
the Landsat-7 (L7) and Landsat -8 (L8), provide unique data of the land surface, appropriate for land
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use/cover (LULC) classification and delineation of floods, due to their exceptional spatial, spectral and
temporal resolution [27,28]. Numerous studies utilizing EO information with different techniques
have been conducted worldwide for the detailed classification of LULC [29–32] and the mapping
of inundated areas [13,17,33,34] along with their impact on agricultural land [20,35,36]. Moreover,
utilizing multispectral optical data, several different remotely sensed water indices have been developed
for the detection of open surface water [37–39]. The modified Normalized Difference Water Index
(MNDWI) provided by Xu [37], is an improved form of the simple Normalized Difference Water Index
(NDWI) provided by McFeeters [39] and is capable of delineating water surfaces using green and
near-infrared (NIR) spectral bands of Landsat [37,40], while at the same time effectively removing the
land noise from built-up, vegetation and soil cover [37,38].

Apart from the valuable information on the flood extent, flood depth, discharge and inundation
duration are among the most critical issues in flood impact assessment and deliver crucial inputs
for land use planning, insurance claims management and a better knowledge of basin hydrological
conditions [41]. In contrast to the far-reaching amount of literature regarding the flood extent mapping,
only a few surveys emphasize the assessment of flood duration, such as those of O’Hara et al. [20],
Bhatt et al. [42], Rahman et al. [43] and Rättich et al. [41]. Nowadays, the availability of a great number
of multitemporal satellite data and the very high temporal revisit period ensures the appropriate
monitoring and analysis of an affected area [16,41,44]. Moreover, water depth is considered essential
for flood impact monitoring and an accurate digital elevation model (DEM) is the most efficient tool for
a better assessment of these impacts. Especially, in a flat plain area, the precision of flood assessment
directly depends on the analysis of the DEM [13,45]. A high-resolution DEM is crucial to extract the
details of the topography, acquire the water surface elevations, and simulate flood inundation and
depth [13,46,47].

RS-derived geospatial products, such as Digital Elevation Models (DEM) and Geographical
Information System (GIS) analysis, can also deliver valuable input for hydraulic modelling, with high
accuracy spatial data of elevation. Numerical hydrodynamic models are an important tool that
capitalizes these produces for understanding flood flows and planning flood risk management.
Hydrologic Engineering Center’s River Analysis System (HEC-RAS) is considered to be one of the
most suitable packages for creating and evaluating flood simulations, due to its improved capability to
model natural rivers and canals [48–50]. HEC-RAS has the capability of one- and two-dimensional
simulations and is used to simulate the floodplain area [48,51]. Especially in the case of 1-D modelling,
there are widespread applications that have demonstrated its capability in simulating water flow. In
the field of floods, while RS applications are most active in the post-flood period (e.g., flood mapping),
and hydraulic modelling is more useful in pre-flood hazard assessment (e.g., simulating flood flows),
there has been literature that couples both approaches in certain applications.

In data-poor regions and given the difficulty of instrumental observations in flash flood-prone
basins, there is a need to exploit emerging remote sensing technologies to enrich instrumental data and
improve the understanding of critical flood metrics (i.e., peak discharge, flood extent and depth, return
period) in the course of post-flood investigations.

In this context, the principal objectives of this study are: (a) Examine whether the coupling
of RS data (using different methods) and hydraulic modelling (using different flow scenarios) has
the potential to delineate inundated areas and contribute to estimating key flood metrics in poorly
gauged basins, such as peak discharge and recurrence intervals of the obtained flood extent and depth;
(b) Explore the potential to assess the impact on the crops of the affected area through the estimation of
the inundation duration of the flood event using multitemporal RS data. This analysis exploited a
flood event that took place from 31 January to 1 February 2015, following intense and heavy rainfall
that occurred in the Sperchios river basin, in Central Greece.
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2. Study Area—Background

The Sperchios River basin lies between 38◦44′ and 39◦05′N, and 21◦50′ and 22◦45′E, covering an
area of approximately 1823 km2, originating from Mount Timfristos (2327 m) in the Fthiotida Prefecture
in central Greece. Having a west to east direction, the river traverses the Sperchios Valley, between
Mount Oiti and the western part of Mount Othrys and then outflows into the sea at the Maliakos
Gulf [52,53]. The Sperchios river develops a complex meander track about 30 km long, at the coastal
part of its floodplain. (Figure 1a).
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Figure 1. (a) The location of the Sperchios river catchment in Central Greece (background image:
Landsat 8, 457 as RGB), the red rectangular line displays the river’s intense meandering area, (b) Very
high resolution frames at the meandering area using orthophoto images (the frames correspond to the
pink squares with the same numbers, scale 1:10,000).

The Sperchios floodplain is an area dominated both in terms of land use and local economy by
agricultural activities. According to the Hellenic Statistical Authority (ELSTAT 2011), the Prefecture of
Fthiotida has a total of 169,542 residents with a large percentage of them lying at the eastern coastal
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part of the catchment, at the city of Lamia and several other smaller villages. Moreover, the main road
and railway network, as well as critical facilities and industrial units, lie in the area (Figure 1b).

The Sperchios river catchment is a graben, controlled by major NW-SE and E-W trending faults [54].
The main lithological formations include flysch (south-southwest and northwest part), dolomites
and limestones (south and southeast part), an ophiolitic complex in a shale-chert formation (north
and north-eastern part) and Neogene and Quaternary unconsolidated deposits (central plain area)
(Figure 2) [52,53,55].

Remote Sens. 2020, 12, 3980 5 of 29 

 

(north and north-eastern part) and Neogene and Quaternary unconsolidated deposits (central plain 

area) (Figure 2) [52,53,55]. 

 

Figure 2. The simplified geological status of the area, including faults and fracture systems (using as 

a background the hillshade relief of the basin). 

Catchment Characteristics and Flood Susceptibility 

Flooding vulnerability in the basin is intensified by its topography, geological background and 

drainage network characteristics. 

The steep slopes, especially in the southern area, where at a relatively small distance, an altitude 

difference of 300 m can be observed, and the dense drainage network contributes to a very fast 

hydrological response and short concentration times. Furthermore, the western and southwestern 

part of the Sperchios catchment is dominated by impermeable rocks (flysch), leading to a dense 

drainage network and increased runoff volumes. 

As is reported in more detail by Psomiadis et al. [54], who presented a comprehensive analysis 

of the morphometric characteristics of the main sub-catchments of Sperchios watershed and their 

effect on flow routing, the drainage network follows the tectonic movements, the geology, and the 

morphometry, and consequently, the stream branches in the south are shorter and denser, while in 

the north they are longer and sparser. These morphometric characteristics result in very high flow 

velocities, especially at the southern part of the Sperchios river watershed. The torrential hydrological 

conditions (rapid flow and high runoff volumes over a short period) during storm events combined 

with the strong meandering formations of the eastern plain part of the Sperchios riverbed, which 

significantly slow down water flow results in the inability of the river to effectively drain these vast 

amounts of water towards its outlet at the Maliakos Gulf, provoking an increase in water level and, 

ultimately, overtopping, and, by extension, frequent flash-flood events. 

Additionally, the intense agricultural activity, the high population concentration, and the huge 

infrastructure projects, including the main road (National Highway and E65) and railway network 

constructions that cluster at the eastern coastal area make this area quite vulnerable to flood hazards 

[11,53,54]. 

Figure 2. The simplified geological status of the area, including faults and fracture systems (using as a
background the hillshade relief of the basin).

Catchment Characteristics and Flood Susceptibility

Flooding vulnerability in the basin is intensified by its topography, geological background and
drainage network characteristics.

The steep slopes, especially in the southern area, where at a relatively small distance, an altitude
difference of 300 m can be observed, and the dense drainage network contributes to a very fast
hydrological response and short concentration times. Furthermore, the western and southwestern part
of the Sperchios catchment is dominated by impermeable rocks (flysch), leading to a dense drainage
network and increased runoff volumes.

As is reported in more detail by Psomiadis et al. [54], who presented a comprehensive analysis
of the morphometric characteristics of the main sub-catchments of Sperchios watershed and their
effect on flow routing, the drainage network follows the tectonic movements, the geology, and the
morphometry, and consequently, the stream branches in the south are shorter and denser, while in the
north they are longer and sparser. These morphometric characteristics result in very high flow velocities,
especially at the southern part of the Sperchios river watershed. The torrential hydrological conditions
(rapid flow and high runoff volumes over a short period) during storm events combined with the
strong meandering formations of the eastern plain part of the Sperchios riverbed, which significantly
slow down water flow results in the inability of the river to effectively drain these vast amounts of
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water towards its outlet at the Maliakos Gulf, provoking an increase in water level and, ultimately,
overtopping, and, by extension, frequent flash-flood events.

Additionally, the intense agricultural activity, the high population concentration, and the
huge infrastructure projects, including the main road (National Highway and E65) and railway
network constructions that cluster at the eastern coastal area make this area quite vulnerable to flood
hazards [11,53,54].

The Sperchios river basin has suffered in the past many intense and catastrophic floods. Based on
historical records and the literature, many noteworthy events can be identified, with the most significant
being those of 1889, 1939, 1954, 1984, 1987, 1994, 1997, 2001, 2003 and 2012 [10,11,53,56]. The areas
frequently flooded are roughly 20,000 to 100,000 ha including mostly cropland and villages located
near the Sperchios riverbed. Typically, these areas are covered with water for around four to five days
excluding some areas with locally lower altitudes, which can be inundated for eight to ten days.

The studied flood event occurred from January 31 to February 1 of 2015, following high amounts
of rainfall, which led to rapid flow (because of the abovementioned morphological and geological
characteristics) of large water quantities at a short time into the river, flooding a large area near its outlet.

3. Materials and Methods

3.1. Datasets

The dataset utilized in the present research contains satellite-born images, topographical data,
and statistical archives. For the multi-temporal monitoring of the flood event, all the available optical
and SAR images of Sentinel-1, Landsat 7 and Landsat 8 were acquired. Unfortunately, Sentinel-2A has
been set in orbit since 23 June 2015, four months after the flood occurrence.

Five Sentinel-1 Level-1 Ground Range Detected (GRD) SAR images were acquired for the flood
extent and the inundation duration mapping (Table 1, Figure 3a,b). The images have been acquired
through the Sentinels Open Access Hub and were processed using the Sentinel’s Application Platform
(SNAP) [57], an open-source common architecture software, offered by the ESA. Each image has
a coverage range of 250 km with a 10 × 10 m spatial resolution. The data were selected with the
Interferometric Wide (IW) swath mode, which supports dual polarization products (VV + VH), using
the Terrain Observation with Progressive Scans SAR [58].

Table 1. The selected Sentinel-1 and Landsat-7/8 satellite datasets.

Satellite/Path-Row or Relative Orbit Acquisition Date Use

Sentinel-1 C-SAR/102 21 January 2015 Pre-Flood (reference image)/Flood monitoring
Sentinel-1 C-SAR/175 02 February 2015 Post-Flood/Flood monitoring

Sentinel-1 C-SAR/7 03 February 2015 Post-Flood/Flood monitoring
Sentinel-1 C-SAR/80 08 February 2015 Post-Flood/Inundation duration monitoring
Sentinel-1 C-SAR/7 15 February 2015 Post-Flood/Inundation duration monitoring

Sentinel-1 C-SAR/175 26 February 2015 Post-Flood/Inundation duration monitoring
Landsat-8 OLI/184033 20 December 2014 LULC Classification/Permanent water delineation

Landsat-7 ETM+/184033 13 January 2015 Permanent water delineation
Landsat-7 ETM+/183033 07 February 2015 Flood monitoring (29% cc)
Landsat-7 ETM+/184033 14 February 2015 Post-Flood/Inundation duration monitoring (21% cc)

Landsat-8 OLI/183033 15 February 2015 Post-Flood/Inundation duration monitoring
Landsat-8 OLI/184033 11 April 2015 LULC Classification/Winter crops
Landsat-8 OLI/184033 14 June 2015 LULC Classification/Winter crops
Landsat-8 OLI/184033 18 September 2015 LULC Classification/Summer crops

Moreover, regarding the optical data, eight images of L7/8 Level 1 geometrically corrected to
the UTM 34N WGS84 ellipsoid with standard terrain correction applied were obtained free of charge
(Path/Row: 184/033 and 183/033) through the United States Geological Survey portal [59] (Table 1,
Figure 3). The optical data were processed only for permanent water bodies and flood duration
mapping, and not for the flood monitoring, since there were no cloud-free images available during the
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flood event. Additionally, the multispectral images were used for the classification of LULC and the
delineation of the existing crops at the winter period where the flood event occurred.
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and Landsat 7/8 (path/row 184/033 and 183/033) datasets.

For the cross-checking of the permanent water areas (small lakes, ponds or marshes), the Global
Surface Explorer database (https://globalsurface-water.appspot.com/) of the European Commission’s
Joint Research Centre (ECJRC) was used. This water dataset was derived from the entire inventory of
the Landsat satellites and for this case, we used the maximum water extent product, which concentrates
information about the detected water surfaces throughout a period of 32 years.

The land cover classification was supplemented with the farmers’ declarations and Greek Land
Parcel Identification System (LPIS) data obtained by the Integrated Administration and Control System
of the Greek Payment and Control Agency for Guidance and Guarantee Community Aid (OPEKEPE)
(https://www.opekepe.gr/en/).

Furthermore, geomorphological data from the Hellenic Military Geographical Service (HMGS)
topographic maps were used to mine different types of info-layers such as rivers, roads, railway tracks,
etc., and geological maps of the Geological and Mineral Exploration Institute for the extraction of the
geological information. A very detailed DEM (5 m) derived from the stereo pairs of very high accuracy
aerial images of the National Cadastre and Mapping Agency S.A., were obtained to be used as an
input in the HEC-RAS processing. Finally, statistical data concerning the sub-municipalities, the areas
and the kind of crops affected by the flood episode provided by the Greek Agricultural Insurance
Organization (ELGA), were processed and compared with the results of this study.

The satellite image processing was accomplished utilizing ENVI (v.5.5) and SNAP (v.7.0) software
(L3Harris Geospatial Solutions, Pearl East Circle Boulder Co, Boulder, CO, USA and European
Space Agency, respectively), while the GIS-based analysis was made utilizing ArcGIS (version 10.7,
Environmental Systems Research Institute-ESRI, Redlands, CA, USA).

https://globalsurface-water.appspot.com/
https://www.opekepe.gr/en/
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3.2. Flood Event—February 2015

The meteorologically unstable period with extreme rainfalls of the studied event concerns the
period from 23 January to 15 February 2015. Especially, on 31 January, the meteorological station
of Makrakomi, provided the most reliable data, as it is located in the western, upstream part of
the basin (Figure 1a). The main storm started at 6:00 a.m. on the 31st of January and finished
twenty-two hours later, on February 1st. In this length of time, the total height of rainfall was
59 mm when the average height of rain output for January in the area is about 110 mm. In total,
for the entire period under study, the meteorological stations of Makrakomi and Lamia (at the city
of Lamia) recorded 101.6 mm and 45.2 mm, respectively [60]. According to the meteorological
data analysis of the National Observatory of Athens (NOA), the main rainfall peak took place on
31 January, with a maximum recording of 7.0 mm during 9:00–12:00 a.m. at the meteorological station
of Makrakomi (3 h recording, cumulative) and 5.4 mm during 6:00–9:00 a.m. at the station of Lamia
(http://www.iersd.noa.gr/GR/services1_gr.html#weather4).

Evaluating the analyzed data and considering the hydrometeorological features of the basin [61],
the event is characterized as a storm rain episode with a return period of only 2–5 years, which is in
contrast with the observed flood. Nevertheless, it must be noted that there is a considerable level of
uncertainty regarding the spatial variability of rainfall due to the lack of meteorological stations at
the higher parts of the watershed. For this reason, in this study, indirect estimation of the recurrence
interval of the obtained flood extent and depth was attempted by comparing it with different flood
flow scenarios simulated through hydraulic modelling.

3.3. Methodology

The basic steps of the methodology applied are presented in the flowchart of Figure 4, and
comprehensively analyzed in the following sections.

Remote Sens. 2020, 12, 3980 8 of 29 

 

the kind of crops affected by the flood episode provided by the Greek Agricultural Insurance 

Organization (ELGA), were processed and compared with the results of this study. 

The satellite image processing was accomplished utilizing ENVI (v.5.5) and SNAP (v.7.0) 

software (L3Harris Geospatial Solutions, Pearl East Circle Boulder Co, Boulder, CO, USA and 

European Space Agency, respectively), while the GIS-based analysis was made utilizing ArcGIS 

(version 10.7, Environmental Systems Research Institute-ESRI, Redlands, CA, USA). 

3.2. Flood Event—February 2015 

The meteorologically unstable period with extreme rainfalls of the studied event concerns the 

period from 23 January to 15 February 2015. Especially, on 31 January, the meteorological station of 

Makrakomi, provided the most reliable data, as it is located in the western, upstream part of the basin 

(Figure 1a). The main storm started at 6:00 a.m. on the 31st of January and finished twenty-two hours 

later, on February 1st. In this length of time, the total height of rainfall was 59 mm when the average 

height of rain output for January in the area is about 110 mm. In total, for the entire period under 

study, the meteorological stations of Makrakomi and Lamia (at the city of Lamia) recorded 101.6 mm 

and 45.2 mm, respectively [60]. According to the meteorological data analysis of the National 

Observatory of Athens (NOA), the main rainfall peak took place on 31 January, with a maximum 

recording of 7.0 mm during 9:00–12:00 a.m. at the meteorological station of Makrakomi (3 h 

recording, cumulative) and 5.4 mm during 6:00–9:00 a.m. at the station of Lamia 

(http://www.iersd.noa.gr/GR/services1_gr.html#weather4). 

Evaluating the analyzed data and considering the hydrometeorological features of the basin [61], 

the event is characterized as a storm rain episode with a return period of only 2–5 years, which is in 

contrast with the observed flood. Nevertheless, it must be noted that there is a considerable level of 

uncertainty regarding the spatial variability of rainfall due to the lack of meteorological stations at 

the higher parts of the watershed. For this reason, in this study, indirect estimation of the recurrence 

interval of the obtained flood extent and depth was attempted by comparing it with different flood 

flow scenarios simulated through hydraulic modelling. 

3.3. Methodology 

The basic steps of the methodology applied are presented in the flowchart of Figure 4, and 

comprehensively analyzed in the following sections. 

 

Figure 4. Methodology flowchart. Figure 4. Methodology flowchart.

3.3.1. Optical Data Processing

Optical data acquired by Landsat satellites (7 and 8) have related sensor observation characteristics,
due to their similar technical and orbital characteristics. Nevertheless, some basic pre-processing steps
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are always necessary for each image to enhance the quality and accuracy of the finally used products.
For instance, the interfering atmosphere among the satellite and the Earth’s surface can reduce the
quality of the acquired data [13]. As atmospheric conditions can differ both spatially and temporally,
standardized atmospheric models—such as that provided by the Quick Atmospheric Model (QUAC)
of ENVI—are essential for the atmospheric correction of the images [62]. The final preprocessing phase
of the L7 ETM+ image includes the gap-filling that derives from the scan line corrector (SLC) failure.
Therefore, the Landsat gap-fill plugin of ENVI was applied to recover the data loss.

3.3.2. LULC Classification

Land cover classification based on Landsat images has been applied for the recognition of
different LULC categories using a variety of classification methods applied on EO data [63]. Landsat 8
OLI data, that are primarily characterized by enhanced spectral, spatial, and radiometric resolution,
were utilized for LULC mapping [64–67]. Four cloud-free, geometrically corrected images, of a one-year
growing period (2014–2015, one image for every season), were obtained, to distinguish the different
crop types of the area. The images were acquired via the United States Geological Survey portal
(https://earthexplorer.usgs.gov/) [13,68,69].

Then, the LULC map created from the supervised classification of Landsat 8 scenes, utilizing
the Maximum Likelihood classification technique using 440 ground control samples, which were
collected from the farmers’ declared parcels (OPEKEPE, Figure 5), field survey and very high-resolution
orthophoto maps. This very high accuracy geospatial dataset of the parcels was used to update the
accuracy of the classified LULC map in the cultivated area. Then, post-classification filtering was
performed to remove high-frequency deviations and misclassified pixels.
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Figure 5. The farmers’ declared parcels used for the classification of crop types.

The data samples were divided into two datasets, one for training (70%) and one for validation
(30%). Utilizing the training dataset, and twelve classes, a two-step classification process was
applied. The initial step comprised an initial broad distinction between general land cover types
(water, forest, cultivations, built-up classes, etc.). In the second step, the above general land cover
types were additionally classified into summer and winter arable crops, and different kinds of forest

https://earthexplorer.usgs.gov/
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categories (evergreen, deciduous, etc.) Finally, post-classification filtering was performed to remove
high-frequency deviations and misclassified pixels.

3.3.3. Permanent Water Bodies, Flood Delineation and Inundation Duration Detection

The basic processing step for the precise delineation of flood extent concerns the calculation of a
water index using the multispectral optical data. The Modified Normalized Difference Water Index
(MNDWI) enhances open water characteristics while suppressing noise from built-up land, vegetation,
and soil. The calculation of MNDWI and the associated spectral bands is presented in Equation (1).

MNDWI = (pGREEN − pSWIR)/(pGREEN + pSWIR) (1)

where pGreen and pSWIR are the reflectance of the green and Short Wave Infrared (SWIR) bands that in
case of L8 are band 3 (green) and band 6 (SWIR), while for L7 are band 2 and band 5, respectively.

The MNDWI was calculated for two images (20/12/14 and 13/01/15) before the flood event in order
to distinguish the permanent water bodies (small lakes, ponds or marshes) of the area and exclude
them from the detected flooded or post-flood inundated areas afterwards. Likewise, it was applied to
four images (6/2, 7/2, 14/2 and 15/2) after the flood to detect the inundation duration period and to
estimate the possible impact on the crops of the affected areas.

For the delineation and isolation of the water surfaces from the surrounding land cover,
the establishment of a suitable threshold is needed. The appropriate adjustment of the threshold,
which is descriptive of the conditions that temporally exist in the area under study, can improve the
extraction results of the water index [70,71]. The mining of the water parts was made utilizing the
raster calculator operation of ArcGIS (script: Con (“raster”> = a, “raster”,a); where a is the threshold
point that must be selected for the separation of water surfaces), knowing that MNDW index values
for water bodies are greater than 0.2 while all the other surface characteristics are <0.2. Thus, a water
cover (WC) polygon is acquired showing only the areas of water, either permanent or inundated.

3.3.4. Sentinel-1 SAR Data Processing

Radar systems transmit microwave electromagnetic radiation to the Earth’s surface and a
receiver collecting and strengthening at certain frequencies and polarization modes the echoes of the
backscattered signal (backscattering coefficient σ0) after interacting with the objects depending on the
surface characteristics, such as roughness, moisture, vegetation cover, morphology etc. [23]

One of the most crucial parameters for the suitable delineation of a flooded area is the selection of
the most appropriate polarization of the radar waves [16,72].

The available radar images for this study come up with an Intensity VV and VH dual polarization.
Noise restricts the use of VH because water has a lower radar cross-section in cross-polarization than
in co-polarized channels (VV). Furthermore, generally for water surface mapping, co-polarization
(VV) has a 0◦ phase difference and therefore is preferred over cross-polarization (VH), which has a
phase difference evenly distributed between −180◦ and +180◦, and thus the latter does not comprise
considerable target-specific information [73]. The implementation of both VH and VV polarization
revealed that the VH polarization overestimates the flooded areas, while the VV offers a more reasonable
depiction [74]. Moreover, the selection of the same polarization (VV) for all the available images offers
better results at the following interpretation procedure [11].

The data preprocessing for the radar images followed specific steps using SNAP. The initial step
concerns the subset of the images, which reduces the size of the data [75]. Then, a calibration of
the images was carried out, comparing the instrument’s measuring accuracy to a known standard.
Subsequently, a speckle filter was applied. The suitable selection of the speckle filter is crucial for
the delineation of the flooded area. Speckle shows up as a grainy “salt and pepper” texture in an
image [28,76,77], due to the random constructive and destructive interference from the multiple
scattering returns (individual reflectors) that take place within each resolution cell. Speckle is a
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type of noise which reduces the quality of an image and makes interpretation more difficult. Thus,
it is commonly necessary to diminish speckle impact before interpretation and analysis. The SNAP
program provides several types of filters and window sizes that were applied in the present study,
such as Lee (3 × 3, 5 × 5 and 7 × 7), Lee Sigma (5 × 5, 7 × 7), Refined Lee and Gamma Map (3 × 3, 5 × 5
and 7 × 7). The Lee filter using a window of 7 × 7 was finally selected since it was verified as the most
appropriate for better delineation of the flooded area, avoiding also the overestimation of the water
surface that could provide an unfiltered image [23]. In the literature review, lots of studies have also
concluded that the Lee filter provides great results, using statistical parameters, such as the mean and
standard deviation with a determined window size considering different factors for smoothing.

Ultimately, the σ0 outputs were terrain corrected by applying the “Range Doppler Terrain
Correction” algorithm with the SRTM 1 arc-sec DEM and resampled from 10 to 30 m according to the
terrain model resolution and fitting thus to the same resolution of Landsat datasets [11].

Moreover, it must be noted that since the incidence angle variation of the different relative orbits
of S1 was small, varying from 34.6 at the near range to 46.1 at the far range, the temporal range of
the images was short (1 month) and due to the fact that the study area is relatively flat (plain area),
the incidence angle correction was skipped [78].

3.3.5. Flood Monitoring and Inundation Duration Detection

With the goal of detecting the flooded area, two different methods were examined. The first
method used was the calibration threshold or binarization technique that uses only the “flood image”
and sets a threshold value of radar backscatter signal which is followed by binary band arithmetic to
separate whether a given raster pixel is flooded or not [74,79,80]. Thus, in the thresholding technique,
the suitable threshold value of the filtered backscatter coefficient was specified manually (ranging
from 2.14 × 10−2 to 2.32 × 10−2 sigma value for the processed images) by analyzing the logarithmic
histogram of the σ0. The histogram demonstrates a peak of different magnitude. Low backscatter
values are related to the water, and high backscatter values represent the non-water class. In some
spots of the image (especially at the south part), the low backscatter values are associated with terrain
shadows in the mountainous area which are not related to the flooded areas and were not taken into
account. To make the image binarization, band arithmetic was used, putting the logical value “true”
for values less than the chosen threshold and “false” for the higher values, creating thus the final
“Water” image.

The change detection method deals with the separation of water from non-water areas by
comparing one “reference image” with one “flood image”, making use of a change detection technique.
Thus, the pair of S1 SAR images acquired for the flood mapping comprises an image during the
flood, and another one before the flood event, which here is called “Flood Image-FI”, and “Reference
Image-RI”, respectively. This method compares the same area at two distinct points in time, before
(not flooded) and throughout the flood event. The result of this image-to-image difference comparison
is a grayscale image composed of single-band continuous data, that reflects the change. Brighter spots
correspond to increased reflectance, showing the areas that are not covered by water, while darker
areas correspond to decreased reflectance, representing areas covered by water.

3.3.6. Hydraulic Model Analysis

The one-dimensional (1D) model (HEC-RAS model) was applied to simulate the flood extent of
different discharge scenarios in the main channel of the Sperchios river in the segment between the
Kompotades town and the outlet. The 1D models have been considered effective in predicting the
flood extent [48,81], which was the objective in this application where hydraulic modelling is coupled
with remote sensing techniques to indirectly approximate the reoccurrence interval of the flood event
and to estimate the inundation depth.

The terrain was represented by a DEM (resolution 5 m) from which the model extracted a
sequence of cross-sections upon which it simulated flood flow and estimated flood extent and depth.
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The topographic data upon which the cross-section data were based, were derived by the integration
of HEC-GeoRAS in a Geographic Information System (GIS) environment. HEC-RAS determines water
surface elevation at cross-sections set by the user at representative locations across the floodplain,
by a solution of the energy and energy head loss equations and simulates the depth between the
cross-sections using conservation of momentum and friction loss evaluation techniques [82,83]. Then,
once the water surface is generated, it subtracts the terrain elevation with the elevation of the water
surface to determine water depth across the inundated area. According to the 1D model principles,
it was assumed that floodwater flows in the longitudinal direction concerning the main channel.
One-dimensional models represent the terrain as a sequence of cross-sections.

The model uses the well-established conservation of mass and conservation of momentum
equations for simulating 1-D flow [84]. As input to the model, the channel network and the riverbanks,
the cross-section geometry extracted by the DEM, the reach lengths, and hydraulic works and
infrastructure data were included. Furthermore, Manning roughness coefficients were selected based
on the available literature [85–88] using the landcover datasets of CORINE. For boundary conditions,
we used different discharge scenarios until we identified the one closer to the extent found by the
RS techniques described above. In this way, despite the lack of discharge data for this event, by
repeated trials, it was possible to indirectly identify the magnitude of the flood by assuming that the
real maximum discharge during the event was the one that was in a maximum degree of agreement
among the trials, with the flood extent as described by the RS techniques. The model estimated both
the extent and the depth of floodwaters under these peak discharge scenarios and was plotted and
compared with the remote sensing technique results in a GIS environment.

4. Results

4.1. LULC Classification

In the present study, the final LULC map, attained by the Maximum Likelihood classification
method, was reclassified into 7 main classes, i.e., (a) coniferous and sclerophyllous forest,
(b) broad-leaved forest, (c) tree crops (orchards and olives), (d) build-up areas, (e) summer arable crops,
(f) winter arable crops and (g) grasslands-sparsely vegetated areas (Figure 6).

The natural vegetation areas (coniferous-sclerophyllous, broad-leaved forest and grasslands-sparsely
vegetated areas) cover the 69.54% (1267.73 km2) of the basin, mainly in the mountainous parts, while
the crops occupy primarily the central plain area of the basin. The summer crops occupy the greater
part of the plain area covering the 14.35% (261.59 km2) of the basin and 52.97% of the total cultivated
land. The rest of the cultivated area is occupied by winter crops-bare soils (24.54%) and olive orchards
(22.49%).

The accuracy assessment of the classified LULC map was achieved utilizing the second validation
set. The outcomes were evaluated using overall accuracy (OA), and the Kappa coefficient [89,90].
The classification OA and Kappa coefficient were estimated at 89.4% (118 correctly classified parcels
out of 132 reference samples) and 0.82, respectively, indicating a highly accurate result, especially in the
plain cultivated area, where the OA was calculated at 94.1% (79 correct out of 84 reference samples).
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4.2. Flooded Area Detection and Flood Duration Monitoring

4.2.1. Permanent Water Detection

For the delineation of the permanent water bodies or marshes in the area, optical data acquired
before the flood event were used. The permanent water areas were estimated at 1.93 km2 (Figure 7a,b).
The comparison displays a very high coincide of the two maps, especially at the coastal estuary area,
the north branch of the Sperchios river and the small lake situated at the place of the construction of
the river proportional divider (rpd) next to the Komma village where the north (new) branch of the
Sperchios river initiates. The rpd was created in the first place in 1956 as a flood protection project and
rebuilt in 2007 in parallel with the construction of the new National highway and the new National
railway that crosses the river close to the village of Anthili (Figure 1).
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Figure 7. The permanent water area delineation using the Modified Normalized Difference Water
Index derived from Landsat 7 and Landsat 8 images before the flood event (a) L8_20 December 2014,
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4.2.2. Flooded Extent Detection

The flood extent map was extracted by comparing and evaluating the two different methods,
threshold calibration and change detection. These methods are two of the most frequently used in
active RS to separate flooded area in a radar image [11,17,25,74,91–93].

The first method uses a threshold value of radar backscatter (calculated as a function of the
incident angle of the sensor and digital number) [25,26], which is set in decibels (dB), and a binary
algorithm is followed to define whether an area is flooded. The result is an image where the flooded
area appears in white, while all the other images are presented in black. The total flood extent was
calculated as 32 km2 (Figure 8).
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Figure 8. The flooded area mapping utilizing the first method (using threshold) of Flood Image
(FI) processing.

The change detection method that uses the image differencing approach estimates the flooded
areas by observing the radar backscatter considerable coefficient decline before and after the flood
(Figure 9) [26,93]. It delivers a change detection image where the inundated area appears in the dark
grey shade, while all the other image parts appear in light grey shades. The total flood extent was
calculated as 33.4 km2 (3340 hectares).
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Flood Images (FI, RI) processing.

The final flooded area was obtained after a thorough analysis and interpretation of the results
derived from the two methods, taking into consideration the estimated flooded areas obtained from
the image two days after the flood, on 3rd February and subtracting the permanent areas with water.

4.2.3. Inundation Duration

Through the analysis of Landsat images, it was indicated that those acquired on 6th and 14th of
February should be excluded since they do not provide reliable results due to the extensive cloud
cover. Besides, the low quality of the image acquired on 7th February restricts the proper interpretation
(Figure 10). From the evaluation of the rest of the Landsat and the S1 processed images, the inundated
areas were estimated approximately equal to 32.62 km2 on 3rd February (S1), 10.78 km2 on 8th February
(S1), 5.70 km2 on 15th February (L8, S1) and 4.75 on 26th February (S1) (Figure 10).

The fact that the inundated area on 3rd February is larger than the flooded area on 2nd February
reveals that large amounts of precipitation or snowmelt likely took place in the mountainous parts,
which along with the concentration time of the basin and the prolonged rainfall period led to the
continuous water concentration in the coastal zone for an extended period. The long inundation
duration can cause suffocating conditions on existing crops, resulting thus in greater damage.

Total inundation duration was computed for each pixel, by intersecting the four final inundation
maps of the four selected dates. Consequently, a combined map was extracted showing the duration of
the inundated surfaces (Figure 11). A basic prerequisite for the computation process was that the days
without satellite observation between two acquired days were assumed that remained flooded [41].
From this map, it was estimated that the inundated areas one (1) day (3/2/15) after the flood event were
34.1 km2, in six (6) days (8/2/15) were 9.33 km2, in thirteen (13) days (15/2/15) were 5.09 km2 and in
twenty-four (24) days 4.01 km2.



Remote Sens. 2020, 12, 3980 16 of 29

Remote Sens. 2020, 12, 3980 16 of 29 

 

  

  

  

 

 

Figure 10. Inundated duration delineation after the flood event using the Modified Normalized 

Difference Water Index derived from Landsat 7 and Landsat 8 images: (a) Landsat7_07 February 2015, 

(b) Landsat7_14 February 2015, (c) Landsat8_15 February 2015, as well as Sentinel-1 images: (d) S1_03 

February 2015, (e) S1_08 February 2015, (f) S1_15 February 2015 and (g) S1_26 February 2015. 

Figure 10. Inundated duration delineation after the flood event using the Modified Normalized
Difference Water Index derived from Landsat 7 and Landsat 8 images: (a) Landsat7_07 February 2015,
(b) Landsat7_14 February 2015, (c) Landsat8_15 February 2015, as well as Sentinel-1 images: (d) S1_03
February 2015, (e) S1_08 February 2015, (f) S1_15 February 2015 and (g) S1_26 February 2015.
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It must be noted that the accuracy of the estimated inundation duration for the various regions
does not only depend on the accuracy of the methodology but is also strongly influenced by the satellite
data frequency and distribution [41]. This is worsened by satellite crossings that occasionally do not
cover the full extent of the study area, potentially miscalculating the full water surface coverage [74].

4.3. Impact on the Cultivated Areas

Aiming to investigate the spatio-temporal flood impacts at fine spatial scales, the overlapping
of the temporal recorded inundated areas on the classified land cover map was accomplished.
The results show that 56.61% of the LULC flooded were summer crops, 34.57% winter crops and 1.29%
olives-orchards, while 7.37% and 0.16% were built-up areas and riparian forests, respectively.

Considering that the flood took place during winter, the most susceptible cultivations to damage
were vegetables, forage crops and cereals, which were present in the fields during the flood. Regarding
the 11.55 km2 of the flooded winter crops (mainly cereals, fodder crops and vegetables), 4.09 km2

(35.41%) were inundated for one day, 3.18 km2 (27.45%) for six days, 2.26 km2 (19.57% or 226 ha) for
thirteen days and 2.03 km2 (17.58% or 203 ha) for twenty-four days (Figure 12). A very small part of
the flooded area was covered by olive groves and fruit trees (0.14 ha).

According to the Greek Agricultural Insurance Organization (ELGA) statistical data, a total of
77.3 ha of crops were damaged and were compensated and concerned 74 ha of cereals and forage crops
and 3.3 ha of vegetables. It should be noted that ELGA regulations dictate that compensations are only
paid under specific circumstances, for example when the total damaged production is greater than
20%, the total annual compensation of each parcel does not exceed 80%, etc.
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Crops are mostly affected by water-logged conditions due to lack of oxygen. In these conditions,
the amount of oxygen available to plant tissues below the surface of the water level decreases as
plants and microorganisms use up what is available. Furthermore, one of the most important factors
in oxygen depletion is the temperature, with higher temperatures leading to higher rates of oxygen
depletion [94]. Considering that this flood occurred during winter, it is expected that crops can tolerate
flood conditions for a more prolonged period. According to Salamin [95], the expected damage for
cereals for various inundation durations during February is 5% for 7 days, 10% for 11 days and 20% for
15 days. In the case of forage crops, it is 5% for 11 days and 10% for 15 days. Accordingly, considering
the temporal dynamics of the flood (Figures 11 and 12), the inundated area for more than 15 days
obtained with the used methodology is comparable to the area calculated and compensated by ELGA
based on field surveys and farmers’ declarations. The observed differences are reasonable considering
the different sensitivity of each crop to temporal inundation as well as that the expected damage in
cereals is near the damage limit covered by ELGO (greater than 20%).

4.4. Hydraulic Model Results and Comparison with Remote Sensing Outcomes

From the testing of different discharge scenarios in the hydraulic model, the discharge value that
shows the highest degree of agreement with the satellite-derived flood extent was identified (Figure 13).
The discharge value was estimated at 1100 m3/s, although exact matching of the two extents was
impossible in any of the discharge scenarios, probably due to small differences in channel and surface
geometry and flow conditions between the real and the simulated world. For the above-estimated
peak discharge value, the model calculated the flood depth across the inundated area with maximum
values of 5.5 m, as presented in Figure 14.

Based on the discharge data of the area, the discharge value found to be in agreement with the
satellite-derived flood extent is estimated to have a return period of approximately eight years [96].
Moreover, the created flood inundation map of the basin using the HEC-RAS model, as compared with
the results of the S1 data, demonstrates that the simulation is currently acceptable regarding the flood
extent detection predictive ability, giving adequate results in terms of simulating flood events.
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However, as can be seen in Figures 13 and 14, near the outlet of the river (eastern part of the maps),
it was found that the model-derived extent was significantly more extended than the satellite-derived
one in all scenarios tested. This can be attributed to the fact that these low-lying lands are artificially
drained by a complicated system of culverts as they were naturally flooded in wet seasons and
remained waterlogged for long time periods. Even if a very high-resolution DEM derived from the
stereo pairs of very high accuracy photogrammetric aerial images was used in this study, difficulties
can be still encountered in handling man-made hydraulic features such as ditches, canals, farm dams,
constructed banks and stormwater infrastructure that can change natural drainage flow paths across
the landscape [97]. Specially developed algorithms and manual editing of DEMs to consider these
features have been proposed by many researchers [98,99]; however, artificial drainage flows through
underground stormwater infrastructure still limit DEM-based hydrological analysis in situations that
the topological relations among spatial characteristics are difficult to trace [97].

The huge effort required for the realistic representation of flow paths with hydraulic models in
such situations highlights the importance of RS approaches in flood crisis management.

Additionally, the discrepancies that were observed in the southeastern part of the affected area,
where the model underestimates the flood extent in comparison to RS results (Figures 13 and 14), could
be the result of lateral flows contributed by small torrents in that area, which are not considered by
the model.

5. Discussion

In this study, Sentinel-1 radar and Landsat images were utilized in conjunction with hydraulic
modelling to obtain flood characteristics and land use/cover (LULC) to assess flood impact in agricultural
areas. The findings demonstrate a process that allows accurate flood mapping and contributes to a better
understanding of flood metrics, including flood depth, peak discharge, recurrence interval, inundation
depth and duration, which are all crucial information in flood risk management in ungauged basins.

Natural disasters, and especially floods, can cause great damage to agriculture, which is one
of the most crucial economic sectors and is also one of the most affected by extreme events [100].
Crop growth necessitates water; nevertheless, excess water occurring during flood events and long
duration inundation is sometimes negative or even harmful. Several previous studies have described
various adverse effects of flooding on crops, which vary with flood seasonality, crop type, growth stage
and environmental conditions, when flooding occurs and according to the inundation duration and
severity [100,101]. In the Sperchios plain area, the crop systems mainly include summer crops such as
cotton, corn and rice, fewer winter crops such as cereals (wheat, oat etc.), fodders and vegetables, and a
small number of olives, orchards and vineyards, and accordingly, flood impact was found to be limited.

The obtained results of this study revealed that the proper estimation of inundation duration is
also critical for the evaluation of flood impacts on agriculture. A key issue that is yet to be determined
is related to the expansion of RS observation frequency to an extent that would allow us to record and
eventually to follow the evolution of accidental flood phenomena. For that purpose, dense acquisitions
at a high spatial resolution (20, 10 m or better) are necessary. Although the EO capacity has been
constantly increasing over the last two decades, at the moment, unless initiatives like the International
Charter are activated, the chances of capturing flood events at their peak with high-resolution EO data
are quite low. In this direction, current and near-future SAR, and optical satellite missions are expected
to significantly enhance the efficiency by which floods are examined utilizing both systematic and
on-demand EO data acquisitions. This would be accomplished through improved repeat cycles, finer
spatial resolution, as well as polarimetric and interferometric capabilities.

Multi-seasonal optical data are unique for a detailed LULC classification. The LULC and especially
crop type supervised classification deriving from multitemporal L8 data has been proved as a very
accurate and reliable way in large cultivated areas from a lot of studies, such as those of Mtibaa and
Irie [102], de Oliveira Santos et al. [103], Schultz et al. [104] and Murthy et al. [105]. The above findings
are in agreement with the highly accurate LULC classification achieved in the present study. Besides,
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it must be noted that the present-day availability of the recent open-access Sentinel-2 satellites have
already give prospects for the increase of the LULC classification accuracy, due to its highest spatial
(10 m), spectral (four red edge bands) and temporal characteristics (5 days) [106,107].

The adaptation of a multi-sensor integration approach increases the likelihood of the imaging
flood extent when cloud contamination is low [20]. Multi-source methods and multitemporal data
are an encouraging research path worthy of evaluation. The synergistic use of optical and radar data
can be crucial for flood mapping and inundation duration detection applications [108]. The MNDWI,
which provided adequate results in this study, has also been proven sufficient in several studies in the
past, such as those of Psomiadis et al. [13], Conde and Muñoz [23], Kyriou and Nikolakopoulos [109]
for flood events occurring in Greece and Clement et al. [74], Singh et al. [110], Baig et al. [111], in other
flood events and waterlogged areas. As well as water body detection, it is exceptionally suitable for
the delineation and monitoring of water surfaces, since it highlights the strong absorption of SWIR
radiation by water bodies. Moreover, the MNDWI is a better index than NDWI for extracting water
features mixed with vegetation (depth of standing water varied from 60 to 75 cm) from the satellite
image [110,112].

Radar systems are more valuable in providing data and observations during floods, which mostly
occur on cloudy days. Cloud cover was found to be an important obstacle in the use of optical RS data
for the delineation of the flooded area in this study. With the new opportunities in spatial resolution,
polarimetry, wavelength, and other features provided by the new available SAR sensors, new aspects
are emerging on space-based flood monitoring. From the evaluation of the results, it can be concluded
that from the implementation of the two techniques (threshold and change detection), the flooded areas
had nearly the same size and the differences among the two maps are quite insignificant, especially
at the western riparian area. Nevertheless, it must be noted that the change detection method better
highlighted the small, flooded areas near the river delta.

Two crucial factors for the accurate delineation of a flooded area are the presence of speckle and
polarization. A significant drawback of SAR images is the existence of speckle, a signal-dependent
granular noise, that visually degrades the image appearance and hinders its interpretation. A firmly
increasing number of papers investigating the despeckling filter selection has appeared in the
literature over the last two decades, e.g., Conde and Muñoz [23], Rana et al. [77], Argenti et al. [72],
Medeiros et al. [113], Xiao et al. [114] and Kushwaha et al. [115]. The speckle filtering implementation
does not change the spatial detail and it is ordinarily applied to attain smoothing of the limits of
the different forms represented, avoiding the loss of image details. Sentinel-1 SAR data provide
VV and VH polarizations in which VV backscatter offer better delineation of water as compared
with VH backscatter, an outcome that has been observed from several previous studies, such as
those of Clement et al. [74], Agnihotri et al. [116] and Tsyganskaya et al. [117]. As it has resulted
from the present study, following the previous ones, the VH polarization overestimates the flooded
areas, while the VV offers a more reasonable depiction, especially when Sentinel-1 data are used [74].
Additionally, it is notable that the C-band wavelength is too short to decompose the accurate scattering
processes of highly vegetated zones where canopies are dense. Future efforts are required towards the
investigation of the multitemporal synergistic studies between Sentinel-2 and X- or L-band SAR EO
systems, to explore whether the issue of dense canopy penetration can be overcome [118].

The synergistic use of 1D HEC-RAS hydraulic modelling (based on high-resolution DEM), RS data
and GIS analysis provided relevant and valuable results that can contribute to flood detection and to
estimate flood metrics including peak discharge and return period, through reverse estimations. Indirect
estimation of the flood recurrence interval can also be a valuable aspect for future flood management
efforts, particularly in areas with a scarcity of instrumental hydrological data. In this study, we selected
intentionally specific RS and hydraulic modelling tools that are available in a large part of the world,
to increase the applicability of the approach applied. Numerous previous studies have also reached
similar conclusions, adopting RS data and techniques, GIS and DEM to assess the flood characteristics,
such as those of Liang and Liu [119], Huang et al. [120], Cian et al. [121] and Psomiadis et al. [13]
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Besides, Khalfallah and Saidi [122] and Qi and Altinakar [123] used Geographical Information
System (GIS)-based tools and HEC-RAS for integrated flood management, while Ezzine et al. [124],
Gkouma et al. [125] and Quang et al. [126] utilized mainly Sentinel-1 and other SAR imagery and
hydraulic modelling for flood mapping.

Topographic datasets and accurate DEM perform a significant role in hydraulic modelling and
the correct prediction of flood inundation areas [127]. Therefore, particularly for local-scale events,
the prospect of using in the future more systematically high-resolution elevation data derived from
Unmanned Aerial Vehicles (UAV) and/or laser scanning (light detection and ranging (LIDAR)) aerial
photogrammetry would provide more accurately DEM products and will improve the estimation
of flood extent and depth [20,128]. However, it should be mentioned that artificial drainage flows
through underground stormwater infrastructure can still limit DEM-based hydrological analysis in
situations that the topological relationships among spatial features are difficult to trace as seems to be
the case in specific places of the current study area [97]. It is also essential to be noted the fact that the
accuracy of hydraulic modelling predictions can probably be improved by considering other detailed
information offered by 2D flood modelling, such as flood velocity and duration, except flood depth.

Besides this, more accurate hydraulic modelling outcomes can be useful for the determination of
an optimal threshold of the SAR images, which sometimes it is difficult to be approached.

The hydraulic model estimation of the approximately eight-year flood return period is in
agreement with the frequent and continuous flood events at the plain area of the Sperchios basin [54].
The multitemporal and multi-seasonal RS data has proved that it can deliver an integrated monitoring
approach of LULC and flood events, necessary for the post-flood inundation duration detection and its
impact on crops. These detection results could lead stakeholders and decision-makers to locate the most
vulnerable areas and to propose changes in the agricultural management of the area, by utilizing a more
reasonable selection of crops and/or more drastic flood prevention structures. A synthesis of existing
remote and proximal sensing technologies could provide routine, nationwide flood susceptibility
under all conditions [20].

Finally, it is noteworthy that the rainfall amounts between 31/1/15 and 1/2/15 do not constitute a
very rare amount of rainfall. Nevertheless, it has to be stressed that due to the size of the catchment,
the rainfall measurements through rain gauges are not representative of the entire area of the watershed.
This fact shows that a large amount of precipitation probably took place in the mountainous parts of
the catchment that was not recorded by the meteorological stations of Makrakomi and Lamia located
at lower altitudes. Moreover, due to the large size of the Sperchios drainage basin, the water deriving
from precipitation or snow melting from the mountainous part needs a longer time to reach its outflow
point [54].

6. Conclusions

The present study highlights the advantages of high-resolution multisource RS imagery and
hydraulic modelling for flood extent and depth mapping. Furthermore, it evaluates the ability of
multitemporal RS data to support the assessment of flood impact on agricultural areas through the
estimation of the inundation duration.

The results confirm that the Sentinel-1 mission is capable of providing adequate spatial and
temporal resolution data, from which high accuracy flood maps can be extracted. Thus, S1 data, along
with optical data when it is possible according to the weather conditions, are able to enhance the
capacity to map the extent and the temporal dynamics of each flood more accurately, supporting
improved assessments of flood impact on agricultural areas. However, the current analysis indicated
that the chances of capturing a flood event at its peak and to follow its evolution with high spatial and
temporal resolution EO data are still quite low. The obtained results reveal that the proper estimation of
inundation duration is critical for the evaluation of flood impacts on agriculture. Accordingly, improved
repeat cycles and finer spatial resolution RS observations may further improve flood monitoring.
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Both processing methods of radar data, thresholding and image differencing, implemented
for the inundated area mapping appeared to have adequate and similar results. Furthermore,
the multitemporal optical and radar data deliver unique information for permanent water cover, LULC
mapping and inundation duration monitoring, which can delineate ideally the flood event impact on
the crops of the area. Therefore, the obtained results can provide a better insight into future flood risk
reduction planning in the study area and act as an example for similar studies in other similar regions.

HEC-RAS 1D hydraulic modelling was also proved as a useful tool when combined with RS for
studying and understanding key flood metrics in a post-flood event environment. The results of this
study indicated that the conjunction of hydraulic modelling with multitemporal RS data contributes to
a better understanding of flood characteristics, such as flood extent and depth, recurrence interval,
peak discharge and inundation duration. The important implication of this synergistic use of the
two techniques is that it shows the unique value in poorly gauged basins. Besides, given the wide
availability of the required data, the developed approach can be applied in diverse environments
around the world where flood monitoring is poorly developed.

The availability of flood observations is of high importance, mainly during a flood disaster, when
decision-makers and relief organizations require a quick overview of the condition and comprehensive
insights into the affected area to distribute their resources with maximum efficiency.
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