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Abstract: Owing to the intensified urbanisation and the multiple stressors that are faced by contemporary
cities, there is currently an ever-increasing interest for the development of urban-scale risk assessment
methodologies targeting a wide spectrum of natural and man-made perils. Representative examples of such
perils are the urban flash floods, the urban heat island effect as well as the air quality degradation, whose
intensity and frequency have been increasing during the past years due to the adverse consequences of
climate change. In this context, the present research offers a practical indicator-based methodology for
providing spatially variable risk estimates across a city network that is likely to be affected by a variety of perils.
The proposed risk assessment methodology accounts for both the physical and the social risk dimensions,
while particular emphasis is given in the definition of the vulnerability component, that involves indicators which
account for the susceptibility (i.e., propensity to damage/losses) as well as the lack of capacity to cope. The
explicit inclusion of indicators that depict the coping capacities of a city against a certain peril, enables the
comparative evaluation of several alternative counter measures within the context of the proposed
methodology, on the basis of their ability to reduce vulnerability and ultimately to mitigate risk. The method
could be exploited, among others, within the framework of a first-order decision support system to eventually
contribute in enhancing urban resilience to future hazardous events. The developed risk assessment
framework is demonstrated herein by means of a case study urban-scale application, considering the flash
flood peril in the city of Milan.

1. Introduction

The assessment of risk due to natural and man-made perils in contemporary cities has received lately
considerable attention on account of the ever-increasing urbanisation and the accelerated climate change
(CC) impacts (IPCC, 2022a). The urban heat island effect, the urban air quality degradation and the
devastating flash floods are only some illustrative examples of the aggravated perils that are currently heavily
impacting urban environments (UNISDR, 2015). To combat the pertinent direct and cascading adverse
consequences, national organisations as well as universities and research institutes, have started developing
methodologies for assessing the existing and projected risks in urban areas and consequently proposing
efficient measures for mitigating the peril impacts as well as the CC acceleration in an attempt to achieve a
more sustainable future for the cities and their occupants (e.g., see Taramelli et al., 2022; Mitoulis et al., 2023).

Among the various methodologies that exist in the literature for evaluating the risk and its components,
indicator-based ones are deemed to be among the most efficient when it comes to urban-scale applications.
Indicator-based methodologies, are relatively straightforward since they rely on indicators and indices (e.g.,
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Leal et al., 2021; Fuchs et al., 2012) in order to identify and quantify the main risk components (e.g.,
vulnerability) and eventually the risk. For instance, Leal et al. (2021) assessed the physical vulnerability to
flash floods of a small study area located within a drainage basin via employing an indicator-based
methodology, while Taramelli et al. (2022) employed an indicator-based methodology for assessing the losses
in Milan due to an urban flood event. Similarly, an indicator-based vulnerability and risk assessment for the
urban heat island in Helsinki was undertaken by Rasanen et al. (2019). In addition to the previous examples,
indicator-based methodologies have been also applied in multi hazard risk assessments. For instance,
Depietry et al. (2018) applied such a framework in the New York City considering heat waves, inland floods
and coastal flooding perils.

In the present study, a simplified indicator-based methodology is developed, that is deemed suitable for
urban-scale risk assessment applications accounting for natural and/or manmade perils. The methodology
was appropriately structured to enable its seamless integration in a first-order pre-event decision support
system (DSS) that aims at providing guidance to decision makers on the effect of alternative risk mitigation
actions (Kontopoulos et al., 2023). The next sections define the theoretical framework of the proposed
methodology and provide guidelines/directions for all steps that need to be taken, from the selection of the
indicators for evaluating the risk components to their normalisation, weighting and aggregation. The developed
methodology and its potential are finally demonstrated by means of a case study application which considers
the flash flood peril in the city of Milan.

2. Presentation of the methodology

2.1. Definition of risk and its components

In the developed methodology, risk is defined according to IPCC (2022a) as a function of three components:
hazard (H), exposure (E) and vulnerability (V) [see Eq.(1)]. Hazard accounts for the intensity and the
likelihood/frequency of the peril, exposure accounts for the assets (e.g., people, buildings, infrastructure) that
are exposed to the peril and are likely to experience some kind of loss/damage, while vulnerability
characterises the predisposition of these assets to be adversely affected by the peril, involving concepts of
susceptibility (S) to harm/damage and lack of capacity to cope (COP) [see Eq.(2)] (IPCC, 2022b).

Risk=f(H, E, V) (1)
V= (S, COP) (2)

Furthermore, in order to account for the multidimensionality of the risk, the social (SO) and the physical (PH)
dimensions of the exposure as well as the susceptibility components are identified and treated separately.

2.2. Selection, normalisation and scoring of indicators

For the definition of the three risk components, suitable sets of indicators need to be initially selected. Although,
at least for the time being, there exist no specific selection guidelines, some common rules apply, as outlined
by Birkmann (2013). The selection of the indicators in the present methodology is performed on the basis of
existing literature, field knowledge and/or expert judgement, accounting for the considered peril, the specific
characteristics of the investigated area as well as for the data availability.

Following the indicators selection, their normalisation is performed in order to express them in a common scale
(i.e., normalised) that will allow their subsequent aggregation. In the proposed methodology, all indicators are
normalised such that their value/score ranges from 0 to 1, while their normalisation depends on their nature.
Score values equal to 0 denote no susceptibility or complete lack of any capacity to cope, whereas score
values equal to 1 denote high susceptibility or high level of capacity to cope.

Quantitative indicators are normalised according to the min-max normalisation formula,

Xi = Xmin
Xnorm.i Xmax — Xmin (3)
where, x; is the unnormalised data point of the ™ indicator, x,,;, is the minimum value of the i" indicator and
Xmazx 1S the maximum value of the " indicator. On the other hand, qualitative indicators could be binary (e.g.,
yes/no) and consequently could be assigned a score equal to either 1 or 0. Non-binary qualitative indicators
could be defined by considering a spectrum of options and assign a score to each one of them that ranges
between 0 and 1 (based on existing literature evidence and/or expert opinion).

2
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2.3. Aggregation of indicators
Vulnerability component

The vulnerability component comprises three main sub-components and consequently three different kind of
vulnerability indicators: (a) the physical susceptibility that essentially quantifies how prone to peril-induced
damages is the urban built environment, (b) the social susceptibility that assesses the harm potential of the
people exposed to the considered peril and (c) the capacity to cope element that accounts for those
characteristics/properties/measures that could contribute in mitigating the physical and social susceptibility.

Following the peril-specific selection and normalisation of the appropriate sets of vulnerability indicators, those
are consequently combined, utilising an appropriate aggregation method, to deliver the associated
susceptibility/capacity to cope sub-components. The weighted arithmetic average was adopted herein for
combining/aggregating the susceptibility and coping capacity indicators to eventually form the three
vulnerability sub-components according to the following expressions:

PhySica| Susceptibility: SPH = WSPHl * SPHl + WSPHZ * SPHZ + b + WSPHi * SPHi (4)
SOC'al SUSCGpthI“ty SSO = WSSOI . SSOl + WSSOZ . 5502 + -+ WSSO]' : SSOj (5)
COpIng CapaCIty. COP = WC0P1 * COPl + WCOPZ * COPZ + cee + WCOPk * COPk (6)

where, wg,, ., Wsso,» Weopy, are the weights attributed to the " indicator expressing physical susceptibility, the

Jh indicator expressing social susceptibility and the ki indicator expressing the capacity to cope, respectively,
and Spy;, Sso;j and COPy are the normalised physical susceptibility, social susceptibility and coping capacity
indicators, respectively. The weights assigned to the indicators of each susceptibility dimension need to sum
up to 1.0, while the sum of the weights assigned to the indicators of the coping capacity sub-component should
be either equal to or lower than 1.0.

In the presented methodology, the vulnerability component is defined via combining the previously presented
vulnerability sub-components, i.e., the total susceptibility (physical and social) and the lack of coping capacity
(1-COP) according to the following equation:

V = Wspy, * Spr + Wsg, * Sso) - (1 — COP) (7)

where, wg,, and wg., are the weights attributed to the physical and social susceptibility dimensions,
respectively, which should also add to 1.0.

The inclusion of the capacity to cope as a separate urban vulnerability sub-component is considered a major
advantage of the proposed framework, as it provides direct and quantifiable answers to the pertinent authorities
(e.g., local or state) as to what can be modified, newly implemented or done differently in order to improve the
performance of the city network against different kind of perils and thus fully serves the needs of a risk-aware
pre-event DSS. It is also highlighted that the sum of wc,p, in Eq.(6) could be either equal or lower to 1.0,
depending on the available measures to mitigate vulnerability as well as their efficiency. A further advantage
of the proposed combination rule for estimating the vulnerability component, as reflected in Eq.(7), lies in the
addition of the two susceptibility dimensions, i.e., physical and social, that allows for the consideration of each
dimension independently and regardless of the existence of the other. By contrast, the aggregation of the total
susceptibility with the lack of coping capacity is performed by means of multiplication. The multiplication of the
two sub-components allows the vulnerability score to take its maximum value, i.e., equal to the total
susceptibility score, in case of complete absence of coping capacity.

Exposure component

Similarly to the procedure adopted in the case of the vulnerability component, the exposure component is also
discretised to indicators that account for the physical and the social dimension. Following the selection and
the normalisation of the exposure indicators, so as to vary between 0 (to denote no exposure) to 1 (to denote
high exposure), those are subsequently aggregated to form the following two exposure sub-components:

Physical exposure: Epy = Wy, * Epy1 + Wepy, - Eppz + -+ Wepy, * Epg (8)

SOC'al eXposure ESO = WESOl * ESOl + WESOZ * ESOZ + + WESOr * ESOT (9)

3
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where, WEpyq WEso, ar€ the weights attributed to the gt and r" indicators expressing physical exposure and
social exposure, respectively, and Epy, and Eg,, are the normalised physical exposure and social exposure

indicators, respectively. The weights assigned to the indicators of each exposure sub-component should add
to 1.0.

The aggregation of the exposure sub-components into the exposure component is performed according to the
following combination rule:

E = WEPH . EPH + WESO . Eso (10)

where, wg,, and wg, are the weights assigned to the physical and the social exposure dimension,
respectively, adding to 1.0.

Hazard component

The hazard assessment involves the estimation of the probability that a hazardous event of a particular
intensity will occur within a specific timeframe at a particular location. In the proposed indicator-based
methodology, the score associated with the hazard index H is evaluated as per Eq.(11) on account of a
considered hazard scenario, as the product of (a) the score assigned to the hazard intensity indicator, Intensity
(considering low up to extremely high intensities, with higher scores assigned to higher intensities) that
accounts for the magnitude of the hazard event (e.g., inundation depths) associated with the said scenario
and (b) the score assigned to the likelihood indicator, Likelihood (ranging from frequent to very rare, with higher
scores assigned to more frequent events) that depicts the mean return period of the considered hazard
scenario . Hence, on account of the above the hazard component score for a certain hazard scenario may be
evaluated as:

H = Intensity - Likelihood (11)

The Likelihood may be set to one, to either investigate “what-if’ scenarios or if the performance of the city
network is evaluated considering past events (to for instance calibrate the methodology or different risk
mitigation measures). In such cases, the likelihood of the event is irrelevant as the event is essentially
considered to be deterministic, rather than uncertain.

Risk

The risk score is calculated via aggregating the previously determined vulnerability, exposure and hazard
component scores as follows:

R=YVE-V-H (12)

The geometric mean is adopted for the aggregation of the risk components, instead of the arithmetic mean, in
order to fulfil the main assumption that complete absence of any one of the risk elements, i.e., vulnerability,
exposure or hazard in a certain location, results in zero risk for this location.

2.4. Weighting of indicators

The process of aggregating the indicators to eventually compute a composite index, for e.g., the physical
susceptibility, includes also the definition of their weights. According to Papathoma-Kohle et al. (2019) this
process is the most sensitive step among those that need to be taken for the computation of the required
indices. In the literature, there are currently available several different approaches for computing the indicator
weights, such as methods that are based on statistical analysis, e.g., the principal component analysis (PCA)
and the factor analysis, methods that are based on expert judgment, e.g., the analytical hierarchy process
(AHP) and the budget allocation process, as well as the equal weighting approach. However, no established
generic methodology currently exists on how to select the most appropriate weighting scheme. In the case
study application of the proposed methodology both equal and unequal weighting approaches will be utilised,
as detailed in the following sections.
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3. Case study application

3.1. Study area

To showcase the proposed risk assessment methodology, an example application is presented in this section
for the case of flash flood in the city of Milan in Italy. Flash floods are sudden local flood events that are
characterised by high water volumes and short duration following a heavy precipitation incident. In the past,
Milan was affected by several flash flood events and hence in the 70s a number of flood protection measures
were implemented in the city (Ravazzani et al., 2016). One such measure is the construction of a bypass
channel of the Seveso river, in which the excess discharge is directed (Becciu et al., 2018). However, the
recent flood incidents showcased that the capacity of such flood protection measures is often exceeded and
hence flood events continue to adversely affect the city, like the one of July 8, 2014 that resulted in severe
economic losses (~55M€ according to Ravazzani et al., 2016).

The spatial resolution to which the risk components scores and consequently risk scores are offered is highly
dependent on the resolution of the available data. In the present case study, the Building Block (BB) level
spatial resolution is adopted and hence all scores are derived per BB. In the following sections, the three risk
components are built-up and their scores are derived for the entire city of Milan using the referred exposure
and hazard data that are offered per BB. On that basis, spatially variable estimates of risk scores are first
derived and used for the baseline assessment of the city against the flash flood peril, while alternative risk
mitigation scenarios are also examined through the implementation of different COPs.

3.2. Vulnerability

The build-up of the vulnerability component in the proposed indicator-based urban risk assessment
methodology is demonstrated in this section for the case of flash flood. Table 1 summarises the vulnerability
indicators that are proposed for depicting the three dimensions which are considered for this component, i.e.,
the physical (PH), the social (SO) and the capacity to cope (COP). The susceptibility and capacity to cope
scores of the selected indicators that are presented in Table 1 were mainly founded on evidences from existing
literature. However, in some cases such scores were not readily available due to the lack of existing pertinent
studies (Papathoma-Kohle et al., 2022). In those cases, expert judgement was utilised for the score estimation
that might only partially founded on relevant literature that is again provided in Table 1.

Since BB level spatial resolution is adopted in this case study, all indicator scores that are available at a
different resolution level need to be transformed into BB scores prior to their aggregation into the vulnerability
sub-components. For instance, if an indicator is defined on a city scale, the same score is applied to all BB of
the city. The required data for the calculation of the four indicators selected to express physical susceptibility
were collected from the Italian National Institute of Statistics.

Table 1. Vulnerability indicators, scores and weights for the peril of flash flooding in Milan, Italy.

Category Indicator Score Weight Reference
Physical Construction RC: 0.1 0.25 Leal et al. (2021); Taramelli et al.
Susceptibility material (CM) Masonry:0.45 (2022); Muller et al. (2011)
Other:1.0
Conservation status  Excellent:0.1 0.25 Kappes et al. (2012); Leal et al. (2021);
(CS) Good:0.4 Taramelli et al. (2022)
Mediocre:0.7
Very bad:1.0
Number of storeys One:1.0 0.25 Kappes et al. (2012), Leal et al. (2021)
(NS) Two:0.5
More than two:0.33
Age of construction  Before 1946: 1.0 0.25 Leal et al. (2021), Taramelli et al.
(AC) 1946-1960: 0.75 (2022)

1961-1980: 0.5
1981-2000: 0.25
After 2001:0.1
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Category Indicator Score Weight Reference
Social Percentage of older Max: 36% 0.25 Karagiorgos et al. (2016); Chang et al.
Susceptibility ~ adults 65 and over ~ Min:0% (2021). Max based on maximum value

(Eld65) for the EU countries according to World
Bank (2023b)

Percentage of Max: 30% 0.25 Cutter et al. (2003); Chang et al.

children under 15 Min:0% (2021); Moreira et al. (2021);

(Chi15) Karagiorgos et al. (2016). Max based
on maximum value for the EU countries
according to World Bank (2023a)

Unemployment rate  Max: 41.55% 0.25 Karagiorgos et al. (2016); Krellenberg

(UR) Min:0.0% and Welz (2017). Max based on

maximum value for the EU countries
according to World Bank (2023c)

Education level (EL)  University:0.0 0.25 Karagiorgos et al. (2016); Cutter et al.
High school:0.25 (2003). Scores based on expert
Lower aver:0.5 judgement
Elementary:0.75
WI/O education:1.0
Coping Early warning YES: 1 0.10 Pathak et al. (2020)
Capacity system (ESW) NO: 0
Maintenance of Frequently: 1.0 0.20 Expert judgement
drainage system Occasionally: 0.5
(DSM) Scarcely: 0.0
Past experience Every year: 1.0 0.05 Pathak et al. (2020); Muller et al.
with major floods Once every 5-10 (2011); Hidayah et al (2021);
(PEF) years: 0.5 Karagiorgos et al. (2016). Scores
Once every 20 years based on expert judgement.
or more: 0.0
Flood protection YES: 1 0.40 Bigi et al. (2021). Scores based on
infrastructure (FPI) NO: 0 expert judgement.
Percentage of <5:0.0, 0.20 Kim et al. (2016); Muller et al. (2011).
greenery within >=5&<25: 0.2, Scores based on expert judgement.
100m (PG) >=25&<50: 0.5,
>=50&<75: 0.7,
>=75: 0.9,
Awareness on the YES: 1 0.05 Karagiorgos et al. (2016);
flood hazard (AFH)  NO: 0 Pathak et al. (2020)

The four selected physical susceptibility indicators, i.e., CM, CS, NS and AC, are aggregated into the physical
susceptibility sub-component (Sp;;) based on the weighted average [see Eq.(4)], where the weights of the
indicators (w¢y, wes, wys and wy) are assumed to be equal, hence all being set to 0.25. Similarly, the equal
weight approach is used for aggregating the selected four social susceptibility indicators, i.e., EId65, Chi15,
UR and EL, into the social susceptibility sub-component (Sg,) [see Eq.(5)], with wgq, Weni, Wwyr @and wg;, being
set equal to 0.25. The selected six coping capacity indicators, i.e., EWS, DSM, PEF, FPI, PG and AFH, are
aggregated into the coping capacity sub-component (COP) [see Eq.(6)] following an unequal weight approach,
with Wgys, Wpsam, Wpgr, Wepr, Wpe and wypy assigned values equal to 0.10, 0.20, 0.05, 0.40, 0.20 and 0.05,
respectively (note that the weights of the considered COPs add to 1 for the case at hand, but this is not a
prerequisite). The highest weight, i.e., 0.40, is assigned to FPI, the COP indicator associated with the
construction of new code-conforming flood protection infrastructure (or an appropriate enhancement of the
capacity of the existing one), as this counter measure is anticipated to have the highest impact on the
community and the built environment. The PG and the DSM COP indicators are assigned weights equal to
0.20 each, followed by the EWS that was assigned a weight equal to 0.10. The lowest weights are assigned
to the COPs related to PEF and the EFH, i.e., equal to 0.05, since these two COPs are expected to have the
lowest impact on the community and no impact on the built environment.

Assuming an equal contribution for the two susceptibility sub-components, i.e., wg,, =ws,,=0.5, the total

susceptibility score per BB is determined and presented in Figure 1a, along with the lack of coping capacity
score (1-COP), presented in Figure 1b. Finally, the aggregation of the three vulnerability sub-components into
the vulnerability component (V), which represents the BB vulnerability score, is performed according to Eq.(7).

6
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Figure 1c shows the spatial distribution of the vulnerability scores in all BBs of the city of Milan. The relatively
low vulnerability scores (<0.5) determined for most parts of the city are attributed to both the moderate inherent
total susceptibility (average susceptibility score ~0.6) as well as the several COP indicators already
implemented in the city (average lack of coping capacity score ~0.7).

Total Susceptibility Lack of Coping Capacity Vulnerability 10

0.0

(a) (b) (c)

Figure 1. Spatial distribution of (a) the total susceptibility, (b) the lack of coping capacity, and (c) the
vulnerability scores for the city of Milan.

3.3. Exposure

The exposure component of the risk follows a similar approach to that adopted for the vulnerability components
and hence, social and physical exposure sub-components, shown in Table 2, are considered separately and
are consequently aggregated for defining the exposure component. For the investigated case study, in case
of the existence of a critical infrastructure in a BB both the social and the physical exposure scores are set
equal to 1.0 (i.e., to the maximum exposure score).

Table 2. Exposure indicators, scores and weights for the peril of flash flooding in Milan, Italy.

Category Indicator Score Weight Reference

Physical Building density Max:100% 0.50 Thouret et al. (2014) Max based on

Exposure Min:0% max value according to the Italian Nat.
Inst. for Statistics (2023)

Social Population density Max:14.5% 0.50 Bigi et al. (2021) Max based on max

Exposure Min:0% value according to the Italian Nat. Inst.

for Statistics (2023)

Figure 2a and 2b present the spatial variability of the physical and social exposure scores, respectively,
accounting for the critical infrastructure. Higher physical exposure scores are observed close to the centre of
Milan, reflecting the denser urban fabric of the city centre compared to the surrounding areas, whereas both
high and low social exposure scores are scattered across the city without showing any constant trends. All
BBs with critical infrastructure obtain the maximum score, i.e., 1, both for the physical and social exposure
elements and hence appear in the pertinent figures with dark purple colour.

Following the identification of the exposure indicators, the collection of data and their normalisation, the
aggregation of Epy and Eg, is performed based on the weighted average and the equal weight assumption
[Eq.(10)]. Further to the previously presented effect of the critical infrastructure on the overall exposure, the
evaluation of Eq.(10) shows that zero exposure in a BB can be achieved only when both physical and social
exposure are equal to zero. The spatial variability of the exposure scores is illustrated in Figure 2c, highlighting
that, apart from the BBs that have some kind of critical infrastructure and hence receive by default an exposure
score equal to 1, the highest scores are concentrated close to the city centre, in agreement with the spatial
distribution of the scores obtained for the two exposure sub-components.
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Figure 2. Spatial variability of (a) physical, (b) social and (c) total exposure scores.

3.4. Hazard

For the hazard component of the risk, a probabilistic flash flood hazard assessment is considered for the case
study application, that provides the maximum expected inundation depth in the area around the Seveso river
considering a 10-year mean return period. In order to translate the referred data into BB hazard scores, the
inundation depths that are encountered within each BB block are initially averaged and a mean inundation
depth is evaluated per BB. Figure 3a (and Figure 3b in enlarged view) shows the spatial distribution of the
mean inundation depth of the considered flash flood scenario expressed in a BB resolution level. Those BBs
that are not affected by the considered flash flood hazard scenario appear in Figure 3 in light grey colour. Next,
the inundation depths are translated into hazard scores according to Table 3 and Eq.(11), using i=1, given that
only one return period was accounted for, and a likelihood score equal to 1, essentially implying that the
considered hazard scenario is extremely likely to affect in the near future the area of interest. The spatial
distribution of the flash flood hazard scores in the affected area is illustrated in Figure 3c.

Enlarged view Flash flood hazard
Enlarged view 1.0 1.0
' 0.8 0.8
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(a) (b) (c)
Figure 3. (a) Spatial variability of the mean inundation depth due to the Seveso river flash flood scenario with
a 10-year mean return period, (b) enlarged view of the hazard scenario, and (c) flash flood hazard score.

Table 3. Hazard indicators, scores and weights for the peril of flash flooding in Milan, Italy.

Category Indicator Score Weight Reference
Intensity Flood depth Low (<0.1m): 0 1.0 Zischg et al. (2021); Leal et al. (2021)
Minor (0.1m to 0.5m):
0.25
Moderate (0.5m to
1m): 0.5
High (1m to 2m): 0.75
Extremely high (>2m):
1.0
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3.5. Risk
Baseline assessment

The risk score is calculated according to Eq.(12) for each BB as the geometric mean of the three risk
components scores and the spatial distribution of the risk scores for all BBs in the affected part of the city is
presented in Figure 4a for the baseline assessment (“as is”). The identification of the most stressed parts of
the city considering the existing COPs, corresponds to the so-called “baseline assessment” and can be further
exploited, within the context of a first-level risk-aware DSS, for assisting decision makers to (a) direct their
actions in those parts of the city that are needed most and (b) assess the efficiency of alternative mitigation
measures in reducing the risk. The implementation of these measures/actions, which have been translated
within the context of the proposed methodology into COP indicators, is expected to initially have an effect on
the vulnerability score and ultimately on the risk score (risk mitigation scenario).

Risk Risk Risk
10 10 1.0

0.8 0.8 0.8

0.6

%‘ L o.a aie Fo.4 Fo.4
&

i iy

J’ - 0.2 r0.2 F0.2

(@) (b) (c)

Figure 4. Risk scores for (a) the baseline assessment (and BB identification), (b) risk mitigation scenario 1,
and (c) for risk mitigation scenario 2.

Score
Score
Score

To demonstrate how the proposed methodology could be utilised in the context of a DSS for pre-event
prioritisation of the risk mitigation actions, two risk mitigation scenarios will be examined hereafter. These
scenarios will sequentially implement two mitigation measures, one with local and one with global
(city/neighbourhood) scale effects. The mitigation measures will be implemented in addition to the already
existing COPs in order to reduce the risk score in the most stresses areas of the city, as those were identified
by the baseline assessment. Three BBs, i.e., BB1, BB2 and BB3 shown in Figure 4a, are selected and
consequently analysed. The risk component scores and risk scores for the selected BBs are presented in
Table 4.

Table 4. Vulnerability and risk assessment of the considered BBs. Scores before and after the implementation
of two additional COPs.

Hazard score Exposure score Vulnerability score Risk score

BB1 BB2 BB3 BB1 BB2 BB3 BB1 BB2 BB3 BB1 BB2 BB3
Baseline 037 035 034 066 064 056
assessment
Risk
mitigation 030 035 034 061 064 056
scenario 1:
PG in BB1 0.75 0.75 0.5 1.0 1.0 1.0
Risk
mitigation
scenario 2: 0.09 0.14 0.13 0.40 0.47 0.41
PG in BB1
and FPI
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According to the baseline assessment (first row of Table 4), BB1 and BB2 present the highest risk scores,
equal to 0.66 and 0.64, respectively, and vulnerability scores equal to 0.37 and 0.35, respectively, while BB3
possesses a vulnerability score that is comparable to those that are reported for BB1 and BB2, but it is
associated with a lower risk score, i.e., 0.56, due to the lower hazard score in that particular BB. All three BBs
have exposure scores that are equal to 1, i.e., the highest possible exposure score (essentially implying the
presence of critical infrastructure).

Risk mitigation scenarios

In the first mitigation scenario (Risk mitigation scenario 1), the reduction of the risk score for BB1, which is the
highest encountered among the considered BBs, is foreseen by implementing a local intervention measure.
Local intervention measures primarily affect the BBs that are being implemented to and possibly neighbouring
BBs (depending on the size and shape of the BBs), while they do not have any effect on distant BBs. Despite
their restricted effect, local interventions usually require less time and resources compared to global ones and
hence their implementation is deemed to be effective in regions that have only a few BBs with high risk scores
and/or the available budget is limited. As such, PG COP is implemented in BB1 and the percentage of greenery
of the referred BB is increased from 4.5% to 60%. The final/total percentage of greenery (i.e., 60%) is
considered for the determination of the score of PG of BB1 for the mitigation scenario.

The effect of implementing PG in BB1 is reflected in both the vulnerability and the risk score of BB1, as shown
in the second row of Table 4 (Risk mitigation scenario 1). The vulnerability score decreased from 0.37 to 0.30
(~19% reduction), while the risk score was reduced from 0.66 to 0.61 (~8% reduction). At the same time the
vulnerability and risk scores in BB2 and BB3 remained, as expected, unaltered, since they are not within the
100 m radius that is likely to be affected by this COP. The risk scores of all BBs for the first risk mitigation
scenario are illustrated in Figure 4b. It is important to note that due to the implementation of this mitigation
measure, BB1 does not possess the maximum vulnerability and risk scores anymore. Instead, BB2 with
vulnerability score equal to 0.35 and risk score equal to 0.64 (the same scores as in the baseline assessment)
now possesses the highest scores. Furthermore, although the vulnerability score of BB1 due to the
implementation of PG is lower than that of BB3 (vulnerability score of BB3 is 0.34, the same as in the baseline
assessment), its risk score still remains higher than that of BB3 (risk score of BB3 is 0.56, the same as in the
baseline assessment) due to the effect of the hazard component of the risk, which for BB1 receives a higher
score compared to BB3 (i.e., BB1 is an area that is affected more by the considered flood hazard scenario
compared to BB3).

In the second mitigation scenario (Risk mitigation scenario 2) an additional to the local PG mitigation measure
is implemented, in an attempt to further reduce the risk. In particular, the construction of a FPI as per the latest
design regulations, which a global scale intervention measure, is implemented in additional to the existing
COPs and the local PG intervention that was implemented in BB1. The resulting vulnerability and risk scores
after the implementation of this additional measure are presented in the third row of Table 4 (Risk mitigation
scenario 2) for the three examined BBs, while the risk scores of all BBs are illustrated in Figure 4c. Contrary
to the restricted in extent and the rather limited effect of PG, the implementation of FPI is seen to have a more
significant effect on the risk scores of the BBs across the examined region. The latter observation was
expected due to the higher weight that was attributed to this particular COP measure, and also due to the
global character of this COP. It is thus observed that the vulnerability scores of BB2 and BB3 were reduced
by 60% and ~62%, respectively, while the vulnerability score of BB1, which has the cumulative positive effect
of both FPI and PG, was decreased by ~76% (with respect to the baseline assessment), reaching a value of
only 0.09. As far as the risk scores are concerned, risk scores of both BB2 and BB3 dropped by ~27%, with
BB2 still exhibiting the highest risk score, that however was reduced to a value that is lower than 0.5. The risk
score of BB1, on the other hand, decreased by 34%, reaching a value of 0.40 that is even lower compared to
that of BB3 (0.41), highlighting the effectiveness of implementing multiple COPs.

4. Final remarks

The proposed indicator-based vulnerability and risk assessment framework is a flexible and adjustable
methodology, suitable for being implemented within a first-order risk-aware DSS that aims at serving the
prioritisation of proactive actions against future hazardous events. It is mainly addressed to city authorities and
urban planners and its purpose is to identify the most stressed areas of a city should a certain peril affects
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them. Its formulation is generic and it can be utilised, with appropriate adjustments, for undertaking a
vulnerability and risk assessment against a variety of perils in urban-scale applications.

The proposed methodology was demonstrated by considering the flash flood peril in the city of Milan, Italy.
The presented case study was built upon a BB spatial resolution level, yet, subject to data availability,
alternative, either more refined or coarser, spatial resolutions may be accommodated by the proposed
framework. The vulnerability and risk scores of the baseline assessment were calculated and visualised in
maps, highlighting the most stressed parts of the city under the considered flash flood scenario. Three BBs
that presented the highest risk scores were further analysed and two alternative risk mitigation scenarios were
consequently applied in order to examine the efficiency of the implemented coping capacity measures.
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