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Abstract This work focuses on the exploitation of very high-resolution (VHR) satellite
imagery coupled with multi-criteria analysis (MCA) to produce flood hazard maps. The
methodology was tested over a portion of the Yialias river watershed basin (Nicosia,
Cyprus). The MCA methodology was performed selecting five flood-conditioning factors:
slope, distance to channels, drainage texture, geology and land cover. Among MCA
methods, the analytic hierarchy process technique was chosen to derive the weight of each
criterion in the computation of the flood hazard index (FHI). The required information
layers were obtained by processing a VHR GeoEye-1 image and a digital elevation model.
The satellite image was classified using an object-based technique to extract land use/cover
data, while GIS geoprocessing of the DEM provided slope, stream network and drainage
texture data. Using the FHI, the study area was finally classified into seven hazard cate-
gories ranging from very low to very high in order to generate an easily readable map. The
hazard seems to be severe, in particular, in some urban areas, where extensive anthro-
pogenic interventions can be observed. This work confirms the benefits of using remote
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sensing data coupled with MCA approach to provide fast and cost-effective information
concerning the hazard assessment, especially when reliable data are not available.

Keywords Flood hazard - GeoEye-1 - Object-based classification - Analytic hierarchy
process - Yialias river

1 Introduction

During the past 30 years, the world has suffered from severe floods, causing hundreds of
thousands of deaths, destruction of infrastructures, disruption of economic activities and
losses of property for worth billions of dollars. Worldwide statistics show that flooding
events are increasing as the number of people killed and the associated socioeconomic
losses (Munich 2014). This is mainly due to the increased exposure of the world population
to natural disaster. The world population has doubled in size from the 1960s to 2000, and
areas susceptible to natural hazards have become settled (Garschagen et al. 2014).

To effectively reduce the impacts of natural disasters, a comprehensive strategy for risk
management is required. The risk is the probability of harmful consequences or expected
losses, resulting from interactions between hazards and vulnerable conditions (United
Nations Inter-Agency Secretariat of the International Strategy for Disaster Reduction UN/
ISDR 2004). Three components determine the risk (Kron 2005): the likelihood that a
natural event may occur (hazard), the presence of people/property (values at risk) and their
vulnerability (lack of resistance to damaging/destructive forces).

For flood risk reduction purpose, flood hazard maps are useful tools to identify flood-
susceptible areas (Rahmati et al. 2015), whereas flood risk maps, produced considering the
threat of flooding and its impacts (Altan et al. 2013), can be used for supporting decision-
makers and emergency response units in the development of mitigation and preparedness
strategies (Biichele et al. 2006; Ouma and Tateishi 2014). Different approaches have been
used to provide information for flood risk management, involving different sources, such as
hydraulic data, topographic maps, terrain models, land use/cover maps, inundation maps
and population density. The methodologies for conducting risk assessments can be broadly
classified into quantitative and qualitative (Wang et al. 2011). Quantitative approaches aim
at expressing the flood hazard in terms of exceedance probabilities or expected losses,
using numerical modelling. Qualitative methods, typically, rely on experts’ interpretations
and consider a number of factors that have an influence on the flood risk. They are mostly
used for the construction of indexes by combining various indicators (Dewan 2013). Some
qualitative approaches, however, incorporate the idea of ranking and weighting and may be
considered semi-quantitative (Wang et al. 2011).

Quantitative methods are able to provide superior results, but they often require more
data and detailed morphological information together with advanced numerical models.
Qualitative and/or semi-quantitative approaches are relatively simpler to implement within
a GIS and more flexible for handling heterogeneous data depending on their availability
(Cervi 2009; Siddayao et al. 2014). Semi-quantitative methods proved to be useful for
regional studies and for the initial screening process to provide hazards information (Sinha
et al. 2008; Pradhan 2010; Krishnamurthy and Jayaprakash 2013; Van Westen 2013

Among semi-quantitative approaches, various multi-criteria analysis (MCA) techniques
have been used for flood susceptibility and vulnerability analysis and risk mapping
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(Yahaya et al. 2010; Kandilioti and Makropoulos 2011; Musungu et al. 2012). MCA is a
decision-making tool used for the analysis of environmental systems to evaluate a problem
by giving an order of preference to multiple alternatives, on the basis of several criteria that
may have different units (Carver 1991). In other words, its purpose is to compare and rank
alternative options and to evaluate their consequences, according to the criteria established
(Malczewski 2006). In this context, GIS systems, with their ability to handle heterogeneous
spatial data, are a suitable tool for incorporating all the factors to be analysed (Chen et al.
2014). The analytic hierarchy process (AHP) is one of the widely used multi-criteria
decision-making tools, because of its simplicity in implementation and interpretation, its
capability in handling also poor quality data and efficiency in regional studies (Wang et al.
2011; Chen et al. 2014). Introduced and developed by Saaty (1980), the AHP procedure
implements a pairwise comparison technique for deriving the priorities of the criteria in
terms of their importance in achieving the goal. The decision-making process starts with
dividing the problem into issues, which may optionally be divided further to form a
hierarchy of issues. The pairwise comparison matrix is used for comparing the alternatives
and defining the importance of each one relative to the others. Because the user gives
judgments subjectively, the logical consistency of these evaluations is tested in the last
stage. The ultimate outcome of the AHP is a relative score for each decision alternative,
which can be used in the subsequent decision-making process (Lawal and Matori 2012;
Siddayao et al. 2014; Ouma and Tateishi 2014).

In this context, satellite remote sensing can provide valuable information helping to
understand spatial phenomena and supporting the decision-makers and responders in the
field during disaster management activities (Gusella et al. 2007; Van Westen 2013; Boc-
cardo 2013). In the post-event phases, satellite images provide the instantaneous and
synoptic view necessary to accurately map the extent of floods (Dewan 2013). Both multi-
spectral and radar data have been widely used to identify the inundated areas (Brivio et al.
2002; Gianinetto et al. 2006; Franci et al. 2015).

During the mitigation and preparedness stages, remote sensing data are usually
employed for mapping landscape features (i.e. land use/land cover) and for supporting the
development of risk maps. High spatial resolution images can allow for the identification of
infrastructure and buildings in risk areas, for the vulnerability assessment and evaluation of
the potential losses. Therefore, the integration of satellite remote sensing data with the
above-described approaches can be systematically used so as to monitor areas and to
prevent further destructions.

In this work, the integration of different geospatial data by means of a MCA approach is
proposed, in order to develop an easily readable and rapidly accessible flood hazard map.
Differently from previous works, remote sensing data are used to obtain information for
pre-event risk management phases. A GIS-based AHP technique was performed to com-
pute a composite hazard index considering morphologic and topographic flood-condi-
tioning factors. A portion of the Yialias river watershed basin, in Nicosia district (Cyprus),
was chosen as case study.

2 Study area

Located in the central part of the Cyprus island, 20 km towards the South of the capital
Nicosia, the study area is about 70 km? in size, between longitudes 33°16/'37” and
33°26'47" and latitudes 34°56'18" and 35°2'51" (Fig. 1). This area is the portion of the
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Fig. 1 Location of the study area

Yialias river watershed basin including Agia Varvara, Pera Chorio and Dali villages. The
elevation ranges from 193 to 482 m a.s.1. with steep and smooth zones in the upstream and
downstream areas, respectively. From west to east, metamorphic and volcanic rocks out-
crop, followed by sedimentary units such as marl-chalk and alluvium/colluviums deposits.

As the most of the island rivers, the Yialias has an intermittent stream being dry during
the summer season. During the last 20 years, three extreme floods occurred in this area,
especially in the downstream part. According to historical data, these events took place on
December 1992, February 2003 and October 2009 causing significant damages to prop-
erties and constructions (Alexakis et al. 2012, 2013). The study area is included in one of
the 19 “Areas with Potential Significant Flood Risk”, identified by the Water Development
Department (WDD) of the Ministry of Agriculture, Natural Resources and Environment
(Republic of Cyprus, Nicosia).

3 Materials and methods

In order to produce an easily readable and rapidly accessible flood hazard map of the study
area, the MCA methodology was adopted considering some parameters that control water
routing when high peak flows exceed the drainage system capacity (Fernandez and Lutz
2010).

Five flood-conditioning factors were selected: slope, distance to channels, drainage
texture, geology and land cover, referring to previous research works and also considering
the available data (Siddayao et al. 2014). In particular, the DEM of the study area was used
to obtain slope, stream network, distance to main channels and drainage texture data. The
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geology map was obtained converting polygon features to raster. The land cover map was
produced by processing a very high-resolution satellite image (Fig. 2).

3.1 Data collection

A stereo-pair of very high-resolution GeoEye-1 images (0.5 m resolution for panchromatic
and 1.65 m for multi-spectral bands), acquired on 11 December 2011 (GeoStereo™
product), was processed for land use/cover mapping to extract a 5-m pixel resolution DEM
of the study area. Moreover, a 1:250.000 geological map, provided by the Cyprus Geo-
logical Survey Department, was used.

3.2 Image processing: object-based classification

Before the classification, the GeoEye-1 was subjected to radiometric calibration (TOA
reflectance) and the four multi-spectral bands were orthorectified using the provided RPC
model and the 5-m pixel size DEM of the study area; as the orthorectification process
requires information about the height above the reference ellipsoid, a geoidal undulation
equal to 28 m was considered, based on the EGM2008 gravity model (Pavlis et al. 2012).
The orthorectified image was then resampled to 2 m by a bilinear interpolation. To produce
the land use/cover map of the study area, the satellite image was processed using a semi-
automated multi-level object-based classification, performed with eCognition 9 software
(Fig. 3). The classification was performed choosing several spectral and geometric rules
defined by image analysis, without using training samples.

The object-based approach is an evolving technology where textural and contextual/
relational information is used in addition to spectral information for processing geospatial
data (Bitelli et al. 2004; Franci et al. 2014). This procedure is particularly useful for
extracting and mapping features from high spatial but low spectral resolution images
(Bhaskaran et al. 2010). The classification is performed on pixel sets (image objects)
derived by using image segmentation algorithms (Schiewe 2002). Segmentation phase can
be carried out in a hierarchical approach, with semantic relationships between objects at
different levels, allowing for effective multi-spatial resolution analysis (Taubenbdck et al.
2010).

The multi-resolution segmentation algorithm, a region growing technique, was used to
generate the image objects (Baatz and Schipe 2000). Both spectral and shape hetero-
geneity were taken into account through user-defined colour and shape parameters.
Moreover, specific scale values were set to define the acceptable level of heterogeneity: a

DEM

| Distance to main channels lf
Stream network
| Drainage texture ’7

#l MCA - AHP H Flood Hazard Index ‘

GeoEye-1 i Land use/cover }—
Flood Hazard Map

l Slope

Geology

Fig. 2 Methodology workflow
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Fig. 3 Object-based procedure workflow comprising the multi-level segmentation and the classification
phases Source: modified at Taubenbock et al. 2010

larger-scale parameter corresponds in larger objects than setting small-scale values (Benz
et al. 2004).

Depending on a specific application, this method could not yield a perfect partition of
the scene producing either too many and small regions (over-segmentation) or too few and
large segments (under-segmentation) (Schiewe 2002). Therefore, it could be difficult to
obtain objects closer to the real-world structures in a single segmentation phase. In order to
overcome this limitation, a multi-level segmentation procedure was performed (Bruzzone
and Carlin 2006). Each superior level was then produced by using a higher-scale parameter
(Table 1). The main aim was the generation of two segmentation levels, the basic level (b
in Figs. 3, 4), with a low scale value which includes small image objects in order to
represent structures such as roofs, trees and streets, and the final level (c in Figs. 3, 4), with
a significantly increased scale parameter, where bigger image objects represent extent
areas, e.g. cultivated fields land, bare soil areas and outcrops. By means of the spectral
difference between these main levels, the optimized level (d in Figs. 3, 4) was generated.
In particular, whenever a sub-object in the basic level shows a significant spectral dif-
ference, “Brightness” higher than 10 %, to its super-object on the final level, the corre-
sponding segment is reduced at the final level to its original spatial configuration. Sub-

Table 1 Segmentation parameters set for the GeoEye-1 image analysis

Level name Scale Homogeneity criterion Shape settings
Colour Shape Smoothness Compactness

Level 1 5 0.5 0.5 0.9 0.1
Level 2 15 0.5 0.5 0.9 0.1
Basic level 25 0.2 0.8 0.5 0.5
Level 3 35 0.2 0.8 0.5 0.5
Level 4 70 0.2 0.8 0.5 0.5
Final level 100 0.2 0.8 0.5 0.5
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Fig. 4 Multi-level segmentation approach on a subset of the GeoEye-1. a input data; image objects at the,
b basic level; ¢ final level and d optimized level

objects with no significant spectral difference, “Brightness” lower than 10 %, from the
super-objects are merged following the shape of the corresponding super-objects in the
final level. “Brightness”, here, is the mean value of spectral mean values of all pixels
forming an image object; it is calculated by the sum of the mean intensity values of the
image layers divided by their quantity calculated for an image object. VIS and NIR bands
were used for “Brightness” calculation. Therefore, the optimized level comprises large
segments in homogeneous areas and distinctively smaller image objects representing
small-scale structures and heterogeneous regions.

The classification procedure was then applied to the image objects at the optimized
level. In particular, for each class different spectral and geometric attributes were con-
sidered by setting specific thresholds (Fig. 5) based on image interpretation. In the first
step, vegetated areas were identified; then, the rules for the outcropping rock, bare soil and
water classification were applied on the resulting unclassified objects. Finally, generic
impervious surfaces, building (red and other roofs) and roads were classified in order to

Impervious surface Dense vegetated areas (cultivated land)

40, -~ Brightness >= 1010 i NDVI >=0.35
A -~ Rel. area to super-object (1) >= 0.75

Dense vegetated (tree)

HS Transformation Hue(R="red" G="green’ B="blue’) <= 0.1
- Mean blue >= 2000
L - Novi <= 0.08

+ NDVI 5= 0.35
"+~ Rel. area to super-object (1) < 0.75

Redoof (sparse and

= NDVI < 0.35

Sy o= NDVI>=0.15

Water

= Area >= 500 Pxl
i Brightness <= 520
= NDVI <=0

Outcropping rock

i Area >= 230 Pxl
+: Density > 1
+= Mean blue <= 1900

Wi~ HSI Transformation Hue(R="red"G="green’,B="blue’) <= 0.08
i +++ Mean blue <= 2600

++ NDVI <= 0.2
wfl += NDVI >= 0

Fig. 5 Features and threshold used in the classification rule-set
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detect urban areas. Specific rules were applied to avoid misclassification between marl/
chalk (outcropping rock) and impervious surfaces due to their similar spectral response
(Alexakis et al. 2012). In particular, the image objects belonging to the outcropping rock
class were merged; therefore, using shape rules small objects and elongated objects were
assigned to impervious surface and roads classes, respectively. Some rules based on
contextual features were used to refine the classification results (h in Fig. 3).

3.2.1 Accuracy assessment

The accuracy assessment of the land use/cover map was performed considering 182 targets
(Fig. 6). Their selection followed a stratified approach in order to collect approximately the
same number of points for each class within the entire area of interest. The reference
classes were prior defined by means of photointerpretation, using also the high-resolution
natural colour image of the study area available on Google Earth (acquisition 3 December
2011). Moreover, field spectroradiometric campaigns helped to verify the cover class of the
check points.

Since the area occupied by water bodies is very limited (0.1 % of the study area), the
accuracy of the water class was assessed in a different way. The vector layer of the class
was superimposed on the high-resolution image, and the extension was verified by pho-
tointerpretation. Therefore, the confusion matrix was computed for the urban areas, veg-
etation, bare soil and outcropping rock classes.

e Urban areas
e \legetation
o Bare soil
o Qutcropping rock
N
0 2 4 6 8 10
A I T — KM

Fig. 6 Ground-truth areas in the GeoEye-1 (leff) and four examples extracted from high-resolution image
of 3-12-2011 (right)
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3.3 Stream network and morphometric parameters

The stream network of the study area was automatically extracted from the DEM using
geoprocessing tools in GIS environment (Magesh et al. 2013) (Fig. 7). The output of this
technique produced the stream network and its classification based on Strahler’s system,
which designates a segment with no tributaries as a first-order stream, where two first-order
stream segments join, they form a second-order stream segment and so on for higher orders
(Strahler 1964).

Main linear and areal morphometric parameters, i.e. drainage density (Dq4), stream
frequency (Fy), elongation ratio (R.) and form factor (Ry), were computed automatically,
according to the studies by Horton (1945), Schumm (1956) and Strahler (1964). Dy
indicates the closeness of streams spacing, and it varies with climate and vegetation, soil
and rock properties, relief and landscape evolution processes (Shankar and Dharanirajan
2014). Dy values may be 1 km/km? through very permeable rocks, whereas they increase
to over 5 km/km? through highly impermeable surfaces (Withanage et al. 2014). Low Dy
values generally indicate areas of highly resistant or permeable sub-soil material, dense
vegetation and low relief; high Dy is the result of weak or impermeable sub-surface
material, sparse vegetation and mountainous relief (Rudraiah et al. 2008). F; is the total
number stream segments of all orders per unit area. A higher stream frequency points to a
larger surface run-off and steeper ground surface. The occurrence of stream segments
depends on the nature and structure of rocks, vegetation cover, nature and amount of
rainfall and soil permeability (Reddy et al. 2004; Magesh et al. 2013). R, determines the
shape of the watershed and generally ranges from values <0.5-1 for more elongated with
high relief basins and circular with very low relief basins, respectively (Ramaiah et al.
2012). Regions with low values are susceptible to stronger erosion, whereas regions with
high values correspond to high infiltration capacity and low run-off (Parveen et al. 2012).
Ry is defined as the ratio of the basin area and square root of the basin length. Ry value
would always be <0.754 (for a perfectly circular watershed). Long-narrow basins have
larger lengths and therefore smaller R;. The watershed with high-form factors has high

Flow Direction

Filled DEM

Value
-2 —

= 1e3m

Stream Order (vector)
Value

772 — N ng —

Stream Order (raster)

(15000 - 10000
> 10000

Fig. 7 Workflow for the stream network extraction processing the DEM of the study area
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Fig. 8 Five flood-conditioning factors and their reclassification according to the rate of contribution of each p
to the flood hazard

peak flows of shorter duration, whereas elongated watershed with low-form factor ranges
from 0.42 indicating them to be elongated in shape and flow for longer duration (Pareta and
Pareta 2011). Table 4 in Sect. 4.2 shows the morphometric parameters computed for the
study area.

The stream network was then processed within the bearing, azimuth and drainage (bAd)
calculator tool to extract the drainage texture (7) of the study area, one of the factors
considered for the generation of the flood hazard map (Dinesh et al. 2012). Following the
Smith formula, 7 was computed as the product of the stream frequency and the drainage
density (Smith 1950). T depends upon a number of natural factors such as climate, rainfall,
vegetation, rock and soil type, infiltration capacity, relief and stage of development; soft or
weak rocks unprotected by vegetation produce a fine texture, whereas massive and resistant
rocks cause coarse texture (Sreedevi et al. 2004).

The tool calculates this parameter in a defined grid with a side length of 1 km. In order
to generate the T spatial map, the values were interpolated in GIS environment using
inverse distance weight (IDW) algorithm. The output cell size was set equal to 5 m
(Fig. 8e).

3.4 Multi-criteria analysis

A multi-criteria analysis (MCA) was performed to compute the flood hazard index (FHI)
considering the five flood-conditioning factors: slope, distance to main channels, drainage
texture, geology and land use/cover. In particular, a GIS-based AHP (analytic hierarchy
process) approach was used for comparing each factor map and determining the factor
weight values. The FHI was then computed using a weighted overlay analysis and the
raster calculator in GIS environment:

FHI = "w; #x; (1)

where w; = weight of factor i and x; = score of factor i.
3.4.1 Factor ranking assignation

Since criteria were measured on different scales, the factor maps were reclassified in order
to be correlated with the flood hazard. Generally, the numerical ranking of every factor is
performed by experts on the basis of the available information about the area and their
experience. Here, different classes were defined for each factor, following common
practices described in the literature; then, the rank values listed in Table 2 were assigned.
The idea is trying to quantify the rate of contribution of each factor to the flood hazard.

Slope is an important factor to identify zones that have shown high susceptibility to
flooding over the years due to low slope gradient (Fernandez and Lutz 2010). The slope
influences the direction and the amount of surface run-off reaching a site. Rainfall or
excess of water from a river gathers in correspondence of areas characterized by low slope
values; thus, flat areas are highly subjected to water logging and flood occurrences com-
pared to steep zones, which are more exposed to surface run-off (Ouma and Tateishi 2014).
The slope map was prepared in GIS environment in per cent grade, using the 5-m pixel
DEM of the study area; the values were subdivided into four classes as listed in Table 2.
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Table 2 Rank value for each
factor

z
&
=}

Factor Classes

Slope (%) <2
2-5
5-8
>8
Distance to main channels (m) <50
50-100
100-200
200-500
500-1000
>1000
Drainage texture <4
4-10
10-15
>15
Geology Schists
Marls, chalks
Igneous rock
Volcanic rocks
Fanglomerate
Alluvium
Limestones
Sandstones
Land use/cover Urban areas
Outcropping rock
Bare soil

E e RN BN S B Y B = NN B C RN RN N L "I \S I SR, B SN BN S R AN =

Vegetation

According to the records of the Department of Water Development of Cyprus, the most
affected areas during flooding event in Yialias river are those near the main channel as a
consequence of water overflow. The main channels were extracted from the stream net-
work layer among streams of 3th and 4th orders. Thus, all the areas from both sides of the
channels were mapped in GIS environment calculating the Euclidean distance. Rank value
was assigned to each zone in relation to its proximity to the channels (Table 2).

Drainage texture (also defined Infiltration number) is an important parameter in
observing the infiltration characteristic of the basin. It is inversely proportional to the
infiltration capacity; therefore, high values indicate a very low infiltration capacity,
resulting in high run-off triggering flooding (Hajam et al. 2013; Shankar and Dharanirajan
2014). Based on Smith classification (Smith 1950), drainage texture map was subdivided
into four class and reclassified assigning the rank values (Table 2).

In the geological map of the study area, major geological formations were considered
and ranked depending to their rate of hydraulic conductivity (Civita 2005) (Table 2).

Rainwater run-off is much more likely on bare fields than those with a good crop cover.
The presence of thick vegetative cover reduces the amount of run-off. On the other hand,
impermeable surfaces such as concrete absorb almost no water at all. Impervious surfaces
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such as buildings, roads and generally urban constructions decrease the soil infiltration
capacity increasing the run-off. Urbanization typically leads to the decrease in lag time and
the increase in the peak discharge (Weng 2001; Krishnamurthy and Jayaprakash 2013;
Ouma and Tateishi 2014). In compliance of these considerations, the land use/cover map of
the study area was resampled to 5-m pixel size considering modal values and then
reclassified (Table 2).

3.4.2 Factor weights evaluation: AHP application

After the rank values assignation, the AHP method was used for extracting the weight of
each factor in order to consider its relative importance in the FHI computation.

In developing weights, the pairwise comparison matrix was compiled evaluating every
possible pairing. The relative importance between two criteria involved in determining the
stated objective was quantified using a nine-point continuous scale (Saaty 1980; Ouma and
Tateishi 2014). Pairwise judgments were based on the information available and the author
knowledge and experience.

The weight of each criterion can be derived by taking the principal eigenvector of the
square reciprocal matrix of pairwise comparisons between the criteria. A good approxi-
mation to this result was achieved by summing the values in each column of the pairwise
comparison matrix; dividing each element in the matrix by its column total (normalized
pairwise comparison matrix); and finally computing the average of the elements in each
row of the normalized matrix (Drobne and Lisec 2009) (Table 5).

To determine the degree of consistency that was used in developing the ratings, con-
sistency ratio (CR) was calculated. CR defines the probability that the matrix ratings were
randomly generated, and Saaty (1980) suggests that matrices with CR ratings greater than
0.10 should be re-evaluated. It is defined as:

CR = CI/RI (2)

Random index (RI) is the consistency index of the randomly generated pairwise
comparison matrix, which depends on the number of elements compared. In this case, RI is
equal to 1.12 (Ouma and Tateishi 2014). Consistency index (CI) provides a measure of
departure from consistency:

Cl=(A—n)/(n—1) (3)

where / is the average value of the consistency vector and » is the number of criteria. The
estimation of the CR involved: the determination of the weighted sum vector by multi-
plying the weight for the first criterion times the first column of the original pairwise
comparison matrix, then multiplying the second weight times the second column of the
original pairwise matrix, and so on to the fifth weight; the sum of these values over the
rows; the determination of the consistency vector by dividing the weighted sum vector by
the criterion weights previously determined.

3.5 Flood hazard map
The FHI was classified into qualitative categories for a visual and easy interpretation of the

hazard scenario. The natural breaks method was used to determine the number of hazard
classes and break points between classes depending on the natural patterns in which the
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data are clustered. This technique attempts to reduce the variance within classes and
maximize the variance between classes (Stefanidis and Stathis 2013; Asare-Kyei et al.
2015). In particular, the FHI cumulative frequency curve, along with its first derivative,
was computed for identifying the break points and setting class boundaries where the slope
substantially changes (Cervi et al. 2010) (Fig. 9).

4 Results
4.1 Land use/cover map

The land use/cover map of the study area, resulted from the object-based classification of
the GeoEye-1, is shown in Fig. 8i. Almost the 67 % (46.83 km?) of the study area is
covered by vegetation; the bare soil occupies 17.95 km?* (about te 26 % of the whole area)
and the remaining 7 % is covered by urban areas (4.22 km?), outcropping rock (1.03 km?)
and water (0.04 kmz) classes.

The accuracy assessment results are presented in Table 3. For urban areas, vegetation,
bare soil and outcropping rock classes, an overall accuracy equal to the 89.5 % was
achieved. Relevant errors are attributable to the commission of the outcropping rock class.
Some urban areas, in particular portions of roads or impervious surfaces, remain in the
outcropping rock class even after applying the geometric rules to avoid this misclassifi-
cation. Moreover, probably due to the presence of aggregates containing marl/chalk, some
image objects belonging to bare soil were assigned to the outcropping rock class.

4.2 Stream network and morphometric parameters

The stream network classification, based on Strahler’s system and performed in GIS
environment, revealed that the drainage network is of fourth order.

Linear and areal morphometric parameters computed for the study area are listed in
Table 4. In particular, a Dy value equal to 2.19 km/km> was obtained. According to the
Strahler’s classification, the study area is characterized by low drainage density (<5)

100 + 120

o 513
FHI Flood Hazard M

values categories "

<2.8 Very Low 100
2.8-4.4 Low
4.4-4.9 Lowto Moderate
49-5.7 Moderate

60 5.7-6.3 Moderate to High
6.3-7.5 High

>7.5 Very High

80

+ FHI cumulative frequency

Firstder vative 80

—— 3 Per. Moving Average
60
—— 14 Per. Moving Average

Cumulative percentage of study area
SAIIRALISP 3S14

fig. 9 FHI cumulative frequency diagram
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Table 3 Confusion matrix for the land use/cover map

11 December 2011 Ground truth (pixels)

Class Urban areas Vegetation Bare soil Outcropping rock Total
Urban areas 43 0 1 0 44
Vegetation 0 47 3 0 50
Bare soil 43 0 447
Outcropping rock 6 5 30 441
Total 50 50 52 30 182
Overall accuracy (163/182) 89.56 %

Kappa coefficient 0.860

Class

Commission (%)

Omission (%)

User Acc. (%)

Proc. Acc. (%)

Urban areas
Vegetation

Bare soil
Outcropping rock

2.3
6.0
8.5
26.8

14.0
6.0
17.3
0.0

97.7
94.0
91.5
732

86.0
94.0
82.7
100.0

Table 4 Some linear and areal morphometric parameters of the study area

Parameter Formula Value Reference Description
Perimeter P 75.32
(km)
Area (km®) A 70.11
Stream total Ny 185.00 Strahler
number (1964)
Stream total L, 153.20 Horton
length (km) (1945)
Basin length L, 15.20 Schumm
(km) (1956)
Drainage Dy = L,/A 2.19 Horton Closeness of streams spacing
density (1945) ~1 km/km? highly permeable rocks
(km/km?) >5 km/km? impermeable surfaces
Stream Fy = NJ/A 2.64 Horton Stream segments per unit area
frequency (1945) <1 km~? high permeable geology and low relief
(km~?) >5 km ™2 impermeable sub-surface material and steep
surface
Elongation R. = 2*%(A/ 0.62 Schumm  Determines the shape of the watershed circular
ratio n)"?/Ly, (1956) (0.9-1), oval (0.8-0.9), less elongated (0.7-0.8),
elongated (0.5-0.7), more elongated (<0.5)
Form factor Ry = A/LZ 0.30 Horton 0.7854 for a perfectly circular basin, smaller the value,
(1945) more elongated will be the basin

suggesting permeable rock formations, low relief and dense vegetation. This consideration
is further confirmed by a low F value.

For the study area, the R, is equal to 0.62, indicating that the basin is elongated with
relatively moderate relief and erosion. The low Ry equal to 0.30 confirms the elongated

shape of the region.
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4.3 Multi-criteria analysis

The thematic maps of the five flood-conditioning factors, prepared in GIS environment by
assigning rank values for each class of each factor, are presented in Fig. 8.

In order to assess their influence on flooding, the pairwise comparison matrix was
compiled, using the nine-point scale suggested by Saaty (Saaty 1980) (Table 5). The
derived relative weight of each factor and the CR value is listed in Table 5. A CR equal to
0.055 (smaller than 0.1) was achieved, proving the pairwise matrix consistency and the
factor weights reliability.

The FHI was then computed in GIS environment in the form of digital map. Figure 10a
shows the FHI map produced by using the weighted linear combination (Eq. 1):

FHI = 0.260 * Slope + 0.503  Distance to main channels + 0.068 * Drainage texture
+ 0.035 * Geology + 0.134 * Land use/cover

(4)

FHI values were found to range between 1.83 and 8.96. The higher pixel values of FHI are
the most susceptible to floods; conversely, the lower values are the least susceptible.

4.4 Flood hazard map

The flood hazard zoning map was produced classifying the FHI map into different qual-
itative categories. In particular, seven hazard categories ranging from very low to very high
were identified using the natural breaks method (see Sect. 3.5). Figure 9 shows the FHI
cumulative frequency curve that allowed to select the break point values. Finally, in
(Fig. 10b) the flood hazard map is presented.

Clearly, the most dangerous zones are flat areas located close to main channels, while
high slope gradients areas, in general covered by vegetation, are less sensitive to floods.
Figure 11a shows the summary statistics computed for each hazard class, in terms of
percentage of the whole area under investigation. Almost the 60 % of the study area was
classified between “very low” and “moderate to low” flood hazard categories; the
“moderate” hazard lands cover about the 20 % and lands between “moderate to high” to
“very high” flood hazard classes represent the 20 %.

Information about flood hazard relating to land use/cover type, obtained by GIS zonal
overlay, is presented in Fig. 11b. “Very high” class covers the 1 % of the whole area,
mainly composed by vegetated areas and bare soil. Urban areas are largely comprised in

Table 5 Application of AHP approach: pairwise matrix, consistency indicators and factor weights

Slope Distance to mail Drainage Geology Land weight
channels texture use/cover
Slope 1 1/3 5 7 3 0.260
Distance to main 3 1 7 9 5 0.503
channels

Drainage texture 1/5 177 1 3 1/3 0.068
Geology 177 1/9 1/3 1 1/5 0.035
Land use/cover 173 1/5 3 5 1 0.134
AHP indicators A=5.248 CI = 0.062 CR = 0.055
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FLOOD HAZARD
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-
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Fig. 10 a The FHI digital map and b the flood hazard zoning map

Very High b Very High m Outcropping rock
High High W Urban areas
Moderate to High Moderate to High W Vegetation
Moderate Moderate — Bare soil
Low to Moderate Low to Moderate —
Low Low
Very Low Very Low
(I) é 1‘0 1‘5 2‘0 2‘5 36 3‘5 40 6 5 10 15 20
Area (%) Area (km?)

Fig. 11 a Percentage of the study area belonging to each hazard category and b land use/cover type (km?)
for each flood hazard category

the “moderate” category (1.31 km?), but a significant part, equal to the 21 % of the whole
urban class (0.89 km?), is ranked as “high” flood hazard zone.

The situation appears alarming along the whole length of the river, with particular
reference to some sections at Pera Chorio and Dali villages where extensive anthropogenic
interventions can be observed in correspondence of the riverbed (Fig. 12). In these zones,
the results have been confirmed by the visual comparison with the flood extent map
produced by the WDD (Water Development Department 2014a) (Fig. 12b). These flood
extent maps are in line with the Directive 2007/60 of the European Commission, which is
compulsory for all member states. The maps were based on historical data and/or other
available data, in order to identify areas of potentially serious floods risks. These risk maps
were produced for three different flood scenarios: (a) flood with probability 1 in 500 years
(low probability that rare/extreme event); (b) flood with probability 1 in 100 years (average
probability); and (c) flood with probability 1-20 years (high probability). For each of the
above-mentioned scenario, both the flood extent and the depth of water were estimated.
Moreover, other parameters such as the indicative number of inhabitants potentially
affected; the type of the economic/cultural/archaeological significance activity of the area
potentially affected; installations that might cause accidental pollution in case of flooding
and other potential pollution sources have been also considered. Based on the legislation of
Cyprus, the above-mentioned maps should be updated every 6 years.
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FLOOD HAZARD
Hazard category

FLOOD EXTENT
probability 1in 20 years |
[ Moderate to High probability 1 in 100 years
probability 1in 500 years | -

Fig. 12 Dali village: a flood hazard categories superimposed to GeoEye-1 satellite image; b flood extent
map produced by the WDD (Water Development Department 2014b)

5 Conclusions

A multi-criteria analysis (MCA) assisted by GIS was performed to produce an easily
readable and rapidly accessible flood hazard map for an area where a quantitative method
based on numerical modelling is not feasible, because of the lack of some essential data.
The presented approach was tested on the Yialias river basin. Only the riskiest portion was
considered, but this limitation did not affect the hazard analysis. Five flood-conditioning
factors—i.e. slope, distance to main channels, drainage texture, geology and land use/-
cover—were considered by means of weighted linear combination to compute the flood
hazard index (FHI). The analytic hierarchy process (AHP) approach was used for deriving
the relative importance, the weight, of each criterion. Once achieved the weights, FHI was
computed and presented in the form of flood hazard zoning map. FHI value ranges were
associated with seven hazard categories by means of the natural breaks technique.

The MCA/AHP approach was found to be useful for flood hazard assessment of the
study area thanks to its capability in handling scarcity of data and its effectiveness in
analysing large areas. In fact, it is noteworthy that, apart from the geological map, all the
information was derived from satellite remote sensing.

The land use/cover map of the study area was obtained performing object-based
supervised classification on the GeoEye-1 satellite image. The modular structure developed
for this procedure may be easily applied to other images, because the user can rapidly
adjust segmentation parameters and rule thresholds depending on the input data.

FHI was computed integrating land use/cover map, geological data and morphological
factors, derived from 5-m resolution DEM. Clearly, the computation can be improved as
long as more information, such as longer rainfall/flood records, is available. Further
improvement can be achieved by refining the AHP approach, working iteratively with the
experts.

The hazard zoning map can allow to deepen the knowledge about flood risk in the study
area, and it can be used as a first-stage analysis for identifying most vulnerable areas, to
take decision in sustainable land management perspective and to formulate mitigation
strategy. Moreover, specific surveys can be planned to perform more accurate analysis in
correspondence of high flood hazard areas.
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From the study results, it was observed that MCA/AHP along with GIS offers a flexible,
step-by-step and transparent way for analysing complex problems. The applied technique
can be easily extended to other areas; in fact, according to the characteristics and the
available data of the study area, additional factors can be defined and the relative weights
for all factors can be re-estimated. Clearly, this extension is not automatic, because the
thresholds in the classification, the selection of the factors and the tuning of the ranking are
to be accommodated by experts according to the local peculiarities. The whole processing
chain, however, can be reproduced in other areas maintaining the same structure thanks to
its inner flexibility and the fact that it relies mainly on remote sensing data available
worldwide.
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