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A B S T R A C T   

Flood risk in an urban built environment depends on the combination of the hazard, the vulnerability of the built 
environment itself and its infrastructure (referred to as physical vulnerability), and the exposure and vulnera
bility of the people residing, working or visiting it (i.e., their human condition). However, factors affecting those 
people vary over space and time depending on the uses of the built environment. This research offers a meth
odology for combined spatiotemporal flood risk assessment, providing hourly variations in risks due to hazard, 
physical vulnerability, users’ exposure, and vulnerability. A mesoscale approach is adopted by collecting and 
managing data for each open space in the urban layout (e.g., street, square) and the facing buildings. In 
particular, users’ exposure and vulnerability are investigated for indoor and outdoor uses and their temporalities, 
providing hourly distributions of users’ density, age, familiarity with the built environment, and direct exposure 
to the floodwaters. Then, the Analytical Hierarchy process is used to combine risk factors. Finally, the application 
to a case study application (an urban district in Guimarães, Portugal) demonstrates how users’ factors alter the 
risk over the day within the same mesoscale element and considers different elements which share the same 
hazard and physical vulnerability.   

1. Introduction 

Cities are widely affected by flood risk worldwide (Jha et al., 2012), 
especially when considering urban areas located in floodplains or riv
erines or exposed to coastal events or flash floods (Nixon, 2016; Ber
nardini et al., 2021; Young & Jorge Papini, 2020; da Silva et al., 2022; 
Kvočka et al., 2016). Given the complexity of the urban built environ
ment, flood risk assessments should thoroughly evaluate the conditions 
of each urban component, by integrating contextual (geographical) data 
with mesoscale information (Bernardini et al., 2021; Sharifi, 2019). This 
mesoscale assessment pertains to the configuration of lots, urban blocks, 
and urban open spaces within the urban area, and it is a powerful 
assessment scale because it connects the features of micro-scale ele
ments, such as buildings, including their specific characteristics and 
their spatial relationships with other surrounding buildings and open 
spaces as well as the street network components. This mesoscale level 
represents the minimum scale necessary for understanding interactions 

between users and amongst users and the built environment (Sharifi, 
2019). In this sense, the mesoscale is also fundamental for risk assess
ment and for the analysis and development of strategies to enhance 
resilience (Bernardini et al., 2021; Sharifi, 2019). 

The flood source should be investigated along with how floodwaters 
can spread within the urban layout and, therefore, consider the char
acteristics of streets, squares, other open spaces, and infrastructure, such 
as the sewer systems (Mignot et al., 2019; Fahy et al., 2019). Factors 
influencing floods include the plan layout, elevation, horizontal surface 
typology, drainage density, the connection between other built envi
ronment elements, and the characteristics of obstacles and other vertical 
elements, such as building façades acting as channel boundaries in 
compact urban fabrics (Bunmi Mudashiru et al., 2022; Mannucci et al., 
2022; Mignot et al., 2020). The combination of these elements forms the 
foundation for the hazard and physical vulnerability assessment 
explored in this work (Ferreira & Santos, 2020; De León & Carlos, 2006), 
as detailed in Section 2. 
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Nevertheless, the urban built environment also hosts users whose 
presence in outdoor and indoor spaces of the city varies depending on 
spatiotemporal dynamics correlated to the intended use of the built 
environment (Storch & Downes, 2011; Wang et al., 2020; Quagliarini 
et al., 2023). Therefore, users’ exposure and vulnerability play a 
fundamental role in quantifying urban flood risk. Their assessment 
should be performed at a fine-scale level (Hossain & Meng, 2020) 
though. In view of the urban dynamics and its correlation with the 
intended use of the built environment (Quagliarini et al., 2023; Hossain 
& Meng, 2020; De Angeli et al., 2022), one of the critical issues in 
exposure concerns the population distribution and the quantification of 
the number of people in the given flood-prone area (https://www.undrr. 
org/terminology/exposure, last access: 08/05/2023), since such a dis
tribution can directly contribute to estimating possible casualties 
occurring in case of a flood emergency (Fan et al., 2018). Amongst the 
various components affecting users’ vulnerability (De León & Carlos, 
2006; Flanagan et al., 2011), those associated with the “human condi
tion”, are particularly relevant due to their spatiotemporal variations. 
This is because certain users’ features, namely those related to age and 
gender (UNISDR, 2017), as well as direct exposure to the floodwaters 
and associated threats, may require specific safety responses during 
emergency conditions (e.g., sheltering in place, evacuation processes) 
(Bernardini et al., 2021; Haynes et al., 2009). 

Although this reference context is well-consolidated, most of the 
existing risk assessment methods are affected by some recurring limi
tations. They are generally focused on territorial approaches (Bunmi 
Mudashiru et al., 2022; Hossain & Meng, 2020; da Silva et al., 2020; 
Chen, 2022; Aidinidou et al., 2023), i.e., the analysis at the meso (down 
to each building block or a single open space, e.g., a street) (Ferreira & 
Santos, 2020; Yin et al., 2016) and micro (i.e., single building) (Hossain 
& Meng, 2020; Wahba et al., 2022) scales have been limitedly investi
gated. In these cases, techniques often rely on a cell-based discretisation 
of the urban area (Caprario & Finotti, 2019; Han & Mozumder, 2022), 
which can be useful to overlap data with simulation results on flood
water spreading (Wahba et al., 2022) but do not account in a detailed 
and accurate way the specificities of the exposed elements. 

Previous methods heavily rely on multi-criteria analysis techniques, 
which are well-established in the flood risk field (Musungu et al., 2012). 
Amongst them, the Analytical Hierarchy Process (AHP) (Saaty, 1980; 
Goepel, 2013) is one of the most-used methods. It can be easily coupled 
with Geographic Information Systems (GIS), ensuring not only the rep
resentation of data in correlation with the urban scenario features (da 
Silva et al., 2020; Chen, 2022; Aidinidou et al., 2023) but also rapid data 
collection and update of details in case of a variation in the urban built 
environment conditions. Some efforts have also been made to include 
social factors in risk assessment, such as human lives (Aidinidou et al., 
2023). Similarly, approaches have been proposed to perform risk 
assessment and describe the impact of alternative risk mitigation stra
tegies (Han & Mozumder, 2022; Piyumi et al., 2021). Nevertheless, ef
forts to include users’ exposure and vulnerability in risk assessment are 
still needed, especially focusing on the mesoscale level, which can 
combine reliability and swiftness of application while considering the 
spatiotemporal variations of risks due to such dynamic factors. 

Given the above context, this paper aims to define and apply a 
methodology for spatiotemporal flood risk assessment, combining haz
ard and physical vulnerability assessments with the analysis of the users’ 
exposure and vulnerability. Data are collected and managed at a 
mesoscale level (Sharifi, 2019), which relates to the configuration of the 
urban open spaces (both streets and squares), as they are the essential 
elements in the flood network (Bernardini et al., 2021; Yin et al., 2016). 
Mesoscale data (i.e. related to each open space as a whole) and micro
scale data (concerning the facing buildings, their features and those of 
their users) are collected and are aggregated for risk assessment pur
poses by deriving risk factors and a final index representing the meso
scale level conditions. 

In particular, hazard and physical vulnerability are assessed using 

“static” data, depending on an assumed peak flow scenario and the built 
environment features. Users’ exposure and vulnerability are considered 
dynamic over time, and the developed method allows providing their 
hourly variations according to validated methodologies (Quagliarini 
et al., 2023). Users’ density, age, familiarity with the built environment, 
and direct exposure to the floodwaters are considered essential factors 
for risk assessment (Bernardini et al., 2021; Mannucci et al., 2022; 
UNISDR, 2017; Haynes et al., 2009). Those are managed in this work 
using a GIS tool and combined to derive a final risk index using the AHP. 
An urban district in the historic urban centre of Guimarães, Portugal, is 
used as a case study for the method application and capability demon
stration. This case study represents a critical scenario since historical 
urban built environments are affected by remarkable complexity levels 
in terms of position in risk-prone areas, narrow and intricate layout, 
building vulnerability, attraction of users (including visitors who are not 
familiar with the built environment and its risks) and low imple
mentation of mitigation measures (Bernardini et al., 2021; Ferreira & 
Santos, 2020; Miranda & Ferreira, 2019). 

2. Methods 

The work is organised into four main phases, as shown in the 
workflow of Fig. 1. The first phase (detailed in Section 2.1) concerns the 
definition and combination of the physical vulnerability of the buildings 
and the level of flood hazard, which is achieved by adopting the meth
odology proposed by Ferreira and Santos (2020). At this point, data is 
organised into homogeneous conditions for each open space (or its 
composing parts) within the urban built environment, thus focusing on 
the pursued mesoscale approach orientated to the configuration of 
urban open spaces (Bernardini et al., 2021; Sharifi, 2019). Subsequently, 
methods and tools for the GIS-based management of such input data are 
defined (Section 2.2). The third phase (Section 2.3) concerns defining 
users’ exposure and vulnerability assessment methods. This phase al
lows for defining the spatiotemporal variations of primary input data, 
such as the number of exposed users and their vulnerability in terms of 
age-related, position-related, and familiarity-based aspects. Finally, 
input data are organised into risk factors to support an Analytical Hi
erarchy Process (AHP)-based approach, which provides a space and 
time-dependant risk index (Section 2.4). The risk index is then used to 
compare risk scenarios in the case study. 

As mentioned earlier, a part of the historic centre of Guimarães, 
Portugal, is used here to test the suitability of the workflow proposed in 
this investigation. With a population of approximately 157,000 resi
dents, Guimarães is located in the District of Braga, in the northern part 
of the country. The city holds significant cultural and historical value as 
the “cradle” of Portugal, as it was the setting for the events that led to the 
independence of the Kingdom of Portugal in 1128. As can be seen in 
Fig. 2, the case study focuses on the historical zone of "Couros," named 
after a river that was historically used for the local leather treatment 
industry. It is still possible to observe several ancient granite basins and 
other remnants that reflect the preindustrial origins of this neighbour
hood. Likewise, one can still find various old houses once part of the 
popular extramural settlements in the surrounding area. 

The designation of Guimarães as the European Capital of Culture in 
2012 led to a series of requalification works and interventions aimed at 
revitalising various urban areas, including Couros. As a result, this area 
has experienced a renewed sense of vitality, primarily attributed to the 
presence of a University of Minho campus, a youth hostel, and other 
cultural facilities. This context underscores the significance of assessing 
the exposure and vulnerability of its users to flood risk. 

2.1. Physical vulnerability and hazard assessment and data collection 

The urban built environment is initially divided into sub-areas, based 
on “links” and “nodes” representation orientated towards the street and 
open spaces networks (Yin et al., 2016). Specifically, each “link” 
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represents a street or a square, delimited by two crossroads, considered 
as “nodes” in the network. “Nodes” represent potential decision points 
for users in a flood emergency, while each “link” also defines a 
well-defined “open channel” for floodwaters (Bernardini et al., 2021). 
The resulting division is illustrated in Fig. 2, which also displays the 
location of the study area within the Historic Centre of Guimarães. 

The flood risk assessment methodology proposed by Ferreira and 
Santos (2020) was applied in this investigation to evaluate the hazard 
and physical vulnerability of buildings to flooding. Specifically, flood 
hazard assessment employed the hydrologic-hydraulic method, which 
provided outputs related to flood extent, water depth, and velocity. The 
assessment process involved acquiring and preparing geometric data, 
estimating the peak flow, conducting hydraulic modelling, and per
forming GIS post-processing and mapping. Peak flow data was estimated 

for the 100-year flood by averaging results from four different methods 
in two sections. The first section, defined at the upstream inlet (35.95 
m3/s), corresponds to a contributing basin of 3.75 km2. The second 
section was estimated at the downstream outlet of the modelled reach 
(54.15 m3/s), with the difference (18.2 m3/s) proportionally distributed 
across 11 pour points evenly spaced along the reach’s length (1786 m); 
refer to Table 1 for details. 

Pre-processing of geometric data was performed using the RAS 
Mapping tool in HEC-RAS 5.0.7 software. For specific details regarding 
the modelling process and results exportation process, please refer to 
Ferreira and Santos (2020). 

The physical vulnerability of the buildings was evaluated using an 
index-based methodology, which, due to its simplified (but not 
simplistic) nature, has the great advantage of being able to be used in the 

Fig. 1. Research workflow, pointing out the related methodological sections for each work phase.  

Fig. 2. Identification of the study area within the Historic Centre of Guimarães and codification of the nodes (red dots) and links (grey areas) adopted in this analysis.  

Table 1 
Flow data used in the hydraulic model (Ferreira & Santos, 2020).  

POUR POINT Upstream inlet A B C D E F G H I J K 

Reach Length [m] 0.00 33.0 51.6 158.9 260.0 651.2 782.7 1013.7 1146.4 1252.6 1344.2 1495.1 
Affluent QP [m3/s] 35.95 0.45 1.53 0.60 2.00 1.16 0.32 1.97 7.55 0.38 0.97 1.27 
Sum QP [m3/s] 35.95 36.40 37.93 38.53 40.53 41.69 42.01 43.98 51.53 51.91 52.88 54.15  

G. Bernardini et al.                                                                                                                                                                                                                             



Sustainable Cities and Society 100 (2024) 105043

4

context of macro-scale evaluations, where more detailed methodologies 
cannot be used while maintaining an excellent balance between the 
volume of input data required and the accuracy of the results (Romão 
et al., 2016; Baquedano Julià & Ferreira, 2021). As detailed in Miranda 
and Ferreira (2019), the methodology adopted in this research assesses 
the physical vulnerability of the buildings through two vulnerability 
components – an exposure and a sensitivity component –, which, when 
combined, allow us to quantify the physical vulnerability of the build
ings to flood inundation. The exposure component consists of a single 
parameter, wall orientation, which assesses how the building’s orien
tation may influence its physical vulnerability. This assessment takes 
into account the characteristics of the main façade wall, including the 
number and size of its openings, as well as its relative positioning con
cerning the direction of floodwater flow. The sensitivity component 
focuses on the physical characteristics of the building and evaluates its 
material characteristics, condition (or conservation state), number of 
stories, age, and heritage status. It is worth noting that these indicators 
were defined by Miranda and Ferreira (2019) based on a comprehensive 
review of analogous indicators proposed for assessing similar building 
typologies and structural characteristics under compatible conditions, 
refer to Mebarki et al. (2012), Schwarz and Maiwald (2008), Ste
phenson and D’Ayala (2014), Ferreira et al. (2014); Santos et al. (2013), 
Maio et al. (2017). 

2.2. Data collection and GIS-based management 

A digital checklist was developed in QGIS software (QGIS Develop
ment Team. QGIS, 2017) to systematically record information on-site 
regarding the current state and use of buildings. The Mergin cloud 
storage service (https://merginmaps.com) and its corresponding QGIS 
plugin, both freeware, were used for this purpose. Additionally, the 
Input app, freely available and compatible with mobile devises such as 
smartphones, facilitated the workflow based on the online distribution 
of the database, enabling real-time editing and data collection in the 
field. 

The data collection strategy implemented ensured the capture of a 
wide range of information, including details about building conditions, 
occupancy status, access points, outdoor areas, and current uses. Spe
cifically, a series of on-site surveys were conducted to identify aban
doned or uninhabited buildings, delineate public spaces, sidewalks, and 
open but inaccessible areas, and associate each building with its primary 
access point and corresponding outdoor area. This phase was critical as 
it provided precise information about building accessibility. In some 
cases, buildings appeared to have multiple access points on maps, but 
surveys revealed that they were only accessible from a single entrance. 

Furthermore, on-site surveys also confirmed the current uses of the 
buildings, which included not only the type of use (refer to Appendix A 
for details) but also insights into the operating and opening hours of 
public and service buildings. In cases where this information could not 
be obtained on-site, it was sourced from publicly available data, such as 
Google Maps (as seen in other literature, e.g., De León & Carlos, 2006), 
or through telephonic contact. It is important to note that while this 
work didn’t implement this, some commercial establishments and 
public buildings provide data on their websites regarding footfall within 
specific time intervals. 

A total of 143 buildings, with seven different uses, were surveyed and 
considered in the analysis presented herein – refer to Fig. A1 in the 
Appendix A. These data were then used to support the users’ exposure 
and vulnerability parameters (Section 2.3) and assess the risk factors 
(Section 2.4). 

2.3. Users’ exposure and vulnerability assessment 

Users’ exposure and vulnerability, and their temporalities, are 
assessed according to previous quick methodologies orientated to the 
analysis of each mesoscale element as itself (Quagliarini et al., 2023). 

The method relies on GIS data about the geometry (i.e., gross surface, 
covered area, number of floors) and the intended use of indoor and 
outdoor areas. These data are firstly combined with occupant loads 
[pp/m2] and use-related temporalities (with a one-hour approximation 
of timetables) to derive users’ exposure over time. Table 2 summarises 
the occupant load depending on the main rules for temporalities, which 
refer to the areas opened or closed to the public. Then, the users’ ty
pologies for each area are derived depending on (1) the position of the 
users within the built environment by distinguishing indoor users (i.e., 
residents and non-residents) and outdoor users (i.e., only outdoor users, 
that are passers-by, and prevalent outdoor users, such as people 
attending bar and restaurant dehors), as shown in Table 2; (2) the fa
miliarity with the built environment, its urban layout, and its hazards, 
by conservatively considering that only residents are classified as fully 
familiar; (3) the age of the users, which is also related to autonomy in 
motion, distinguishing between toddlers (0 to 4 years), parent-assisted 
children (5 to 14 years), young users (15 to 19 years), adults (20 to 69 
years) and elderly (70+ years). Each of these classifications about users’ 
typologies provides additional temporalities in built environment use. In 
particular, data on users’ age are collected according to statistics at the 
municipal level, while the following temporalities have been consid
ered: toddlers and elderly are always present at home; parents-assisted 
children and young users are not considered at home from 8 to 13 
because they are at school; adults are not considered at home from 8 to 
18, since they are at workplaces/universities, except from unemployed 
adults (for the case study, 10 % of the population) who are always at 
home. Finally, the vulnerability of users is also assessed in terms of their 

Table 2 
Intended use of indoor and outdoor areas in the built environment: related 
occupant load, general temporalities, and typologies of users. NA: not associable 
to the given condition.  

Intended Use Occupant Load [pp/ 
m2] 

General 
Temporalities for 
"open to public" 
occupant load 
application 

Main 
typology of 
users when 

open to 
public 

when 
close to 
public 

INDOOR AREAS 
residential 0.05 NA 0–24 Residents 
office, including 

institutional 
buildings 

0.4 0.1 depending on the 
opening times 

Non- 
residents 

school 0.7 0.1 depending on the 
opening times 

Non- 
residents 

hospital 0.1 0.1 0–24 Non- 
residents 

commercial 0.7 0.1 depending on the 
opening times 

Non- 
residents 

religious 0.7 0 depending on time for 
religious services 

Non- 
residents 

museum 0.7 0.1 depending on the 
opening times 

non- 
residents 

theatre 1.2 0.1 depending on the 
opening times 

non- 
residents 

hotel 0.4 NA 0–24 Non- 
residents 

bar and 
restaurants 

0.7 0.1 depending on the 
opening times 

Non- 
residents 

sport 0.4 0.1 depending on the 
opening times 

Non- 
residents 

OUTDOOR AREAS 
dehors 0.4 0 depending on the 

opening times 
prevalent 
outdoor 
users 

massgathering 
areas 

2 NA depending on the 
event 

prevalent 
outdoor 
users 

pedestrian area 0.1 0 7–24 only 
outdoor 
users 

carriageways and 
parking areas 

0 0 0–24 NA  
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vertical position in the built environment, calculating the number of 
users on the ground floor of each building. 

The demographic characterisation of the users relied on the 2012 
Census data obtained from the National Institute of Statistics (Statistics 
Portugal). The data, fully available in an open-access database, includes 
information for the civil parishes of Oliveira, São Paio, and São 
Sebastião, which encompasses the study area. Specifically for the 
context of this research, this database was used to get key demographics 
of the population, including gender, age (in 10-year intervals from 0 to 
100 or more), and the percentage of foreign residents. 

2.4. Risk factors and AHP consensus group 

"The collected data have been organised to extract the risk factors 
and establish the hierarchical structure illustrated in Fig. 3. This struc
ture was developed based on prior research (De León & Carlos, 2006). 
Fig. 3 also provides an overview of the alternatives and the calculation 
methods associated with each criterion/risk factor, as determined 
through the application of the Analytical Hierarchy Process (AHP), 
which was utilised to integrate these factors and generate the final risk 
indicator, denoted as R (Saaty, 1980; Goepel, 2013). 

The physical vulnerability (from Section 2.1 data) is combined with 
the hazard according to previous works (Ferreira & Santos, 2020), thus 
obtaining a unique combined risk factor on Physical Vulnerability and 
Hazard PVH [-] described by three risk levels (low, middle, and high). In 
this way, factors relating to flood and the Built Environment are 
described as a whole to show the combined effects of the hazard in the 
specific scenario. Three uniform descriptive category levels are also 
associated with the numerical range (0 to 1): 0≤low risk<0.33, 
0.33≤moderate risk<0.67, and 0.67≤high risk≤1. 

The exposure E [-] (from Section 2.3 data) is calculated as the ratio 
between users’ density of the assessed mesoscale element and the 
maximum acceptable users’ density, herein considered equal to 4pp/m2. 
In particular, the users’ density has been calculated in respect of the 
gross indoor area plus the outdoor area (that is, the area of the street/ 
square facing each building). E is capped by 1.0 if the density exceeds 
the maximum acceptable density. 

Three risk factors are finally defined to describe the users’ vulnera
bility (from Section 2.3 data), namely:  

(1) The quantity of flood-exposed users in respect of the population 
in the area UVp [-].UVp is then calculated by summing up the 
number of users outdoors and on the ground floor of each 
building in the area and dividing this sum by the total number of 
exposed users. In this way, the factor considers direct flood effects 
on users who should evacuate or move upstairs in case of a flood 
event (Mignot et al., 2019).  

(2) The ratio UVa [-] between the number of users who can be 
classified as age-vulnerable (i.e., toddlers, parent-assisted chil
dren, elderly) and the total number of exposed users, so to 

consider individual vulnerability in reaction and movement 
(Bosina & Weidmann, 2017; Lee et al., 2019; Cox & Shand, 2010).  

(3) The ratio UVf [-] between the number of users who are regarded 
as limitedly familiar or unfamiliar with the built environment, its 
urban layout, and its hazards (i.e., non-residents, only outdoor 
and prevalent outdoor users) and the total number of exposed 
users (Bernardini et al., 2019). 

When all the users are associated with the specific vulnerability 
conditions, the users’ vulnerability factors are considered continuous 
between 0 and 1, thus underlining maximum vulnerability scenarios for 
the given area. 

In this work application, PVH, E, UVa, UVp, UVf and R are assessed 
univocally for each area of the scenario, and, according to their defini
tions provided above, E, UVa, UVp, UVf and thus R vary over time, while 
PVH is described as a unique value (thus regardless of the day time). As 
mentioned above, each of these risk factors is numerically defined to 
vary between 0 and 1, making them comparable for the whole risk 
assessment task. This choice ensures that PVH, E, UVa, UVp, UVf and R 
can be also comparable in different scenarios since maximum and 
minimum risk factors conditions are unique and well defined. As a 
consequence, the time-dependant and space-dependant assessment of 
the case study can be fully performed because the risk factors vary in the 
same range. Similarly, the methodology could allow the comparison of 
risk outcomes for different typical day conditions (e.g., working days 
versus holidays) and different urban areas. 

The AHP Excel system (Goepel, 2018) (https://bpmsg.com/new-ah 
p-excel-template-with-multiple-inputs/) was used to derive the weight 
values for each factor thanks to a pair-wise comparison between them, 
using a linear integer scale ranging from 1 (same importance) to 9 
(maximum importance of the considered risk factor in respect to the 
others). Basic calculation details according to the adopted approach and 
tool (Goepel, 2018) are shown in Appendix B, while the Excel files are 
available from the authors upon reasonable request. Priorities are 
calculated using the row geometric mean method (RGMM) (Goepel, 
2013), considering that the sum of these priorities in the metrics is equal 
to one for each assessed single risk. The researchers of this work first 
compiled their own AHP by independently verifying that the specific 
Consistency Ratio CR was lower than 10 %. 

Then, the data were aggregated in a consensus group by deriving the 
comparison matrix on the aggregation of individual judgments and 
using the same RGMM as the selected prioritisation method (Goepel, 
2013; Dong et al., 2010). The methodology proposed in Goepel (2013), 
Goepel (2018) has been used to evaluate the inconsistencies and the 
AHP consensus indicator S* (i.e. to additionally verify its percentage 
value). S* is a homogeneity index based on the Shannon entropy (Goe
pel, 2013). When S* is close to 0 %, there is no consensus between the 
decision makers, while when S* is close to 100 %, the decision makers’ 
results fully agree. Thus, higher S* values would imply a higher 
consensus of the single decision-makers involved in the AHP assessment. 

Thanks to the adoption of a single comparison layer, the final metric 

Fig. 3. Hierarchical structure of the flood risk assessment handled with AHP as described in the text.  
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output for a given risk will be equal to the sum of the multiplication 
between each risk factor aggregation-based priority and the related risk 
factor value (Saaty, 1980; Goepel, 2013; Dong et al., 2010), as shown by 
Eq. (1). 

R = wPVH × PVH + wE × E + wUVp × UVp + wUVa × UVa + wUVf × UVf
(1) 

Fig. 4 shows, on the left (Fig. 4-A), the summary of the final com
parison matrix, which has been calculated according to the consensus 
group process, and, on the right (Fig. 4-B), the AHP results in terms of 
final weights for Eq. (1) and related uncertainties (vertical bars). 

In general terms, all the decision makers’ AHP and the aggregation 
are characterised by CR<10 %, confirming the acceptability of the pair- 
wise comparisons. CR=2.6 %<10 % for the aggregated priorities, and, in 
addition, the Geometric Consistency Index GCI=0.096<0.37 as the 
threshold for CR=10 % with more than 4 criteria (Aguarón & Mor
eno-Jiménez, 2003). The S*=87.8 % confirms the good consensus be
tween each decision maker, even though the dimension of the sample 
can impact the final S* result, as well as the different background skills 
of the individual decision-makers involved in the task. Finally, 
GIS-based maps representing each risk factor and the overall risk R are 
offered, using the same three uniform alternative levels associated with 
PVH to make them consistent according to homogeneous classification 
rules. These ranges hence are 0≤low values<0.33, 0.33≤moderate 
values<0.67, and 0.67≤high values≤1, pursuing the research approach 
on which the PVH assessment is based and making the final results 
consistent with it (Ferreira & Santos, 2020). 

3. Results and discussion 

To maintain the manuscript’s compactness, the physical vulnera
bility results of the buildings are presented in Fig. A2, which can be 
found in the Appendix A. As mentioned earlier, these results are 
considered "static" as they depend on building features that are assumed 
to remain constant over the time frame considered in this study. These 
data were then combined with the hazard information to generate the 
Physical Vulnerability to Hazards (PVH) maps, also depicted in Fig. A2 
in the Appendix A. PVH data is associated with each link in the road 
network and, consequently, each open space within the built 
environment. 

In Fig. 5, the four user-related risk factors discussed in Section 2 are 
plotted using a boxplot representation to trace the main data distribu
tion issues, including exposure (E) and the three factors related to users’ 
vulnerability (UVp, UVa, and UVf,). Thus, for each risk factor, the 

boxplot distribution of data considers the sample of values for all the 
case study open spaces (thus, for the “links”) and traces their minimum 
and maximum values (whiskers in Fig. 5) and the first, second and third 
quartile values (boxes in Fig. 5). 

Notably, unlike the physical vulnerability of the buildings, users’ 
exposure and associated vulnerability exhibit temporal variations ac
cording to their assessment methods. The analysis of the four plots 
provided in Fig. 5 reveals that schedules and urban dynamics play a 
significant role in shaping the levels of exposure and vulnerability. 
Consequently, the day was divided into five representative time spans, 
as highlighted in Fig. 5, thanks to their similar risk factors trends: night- 
time (from 0:00 to 7:00), early morning (up to 10:00), noon (up to 
14:00), afternoon (up to 21:00), and evening (up to 24:00). These pe
riods align with general guidelines for calculating and aggregating 
users’ exposure and vulnerability based on intended uses and related 
spatiotemporal dynamics (Quagliarini et al., 2023). 

In the following, the maps related to E, UVp, UVa, and UVf are 
respectively shown in Fig. 6, Fig. 7, Fig. 8, and Fig. 9, classified based on 
the ranges selected in Section 2.4 (0≤low values<0.33; 0.33≤moderate 
values<0.67; 0.67≤high values≤1). The results are presented in 
different panels (A-evening, B-early morning, C-noon, D-afternoon, and 
E-evening) organised according to the time spans defined in Fig. 5. 

Most links are characterised by a predominant residential use 
(approximately 34 % of indoor gross surfaces), resulting in a homoge
neous density of users over space and time. Dehors and mass gathering 
areas are limited to certain links in the case study (i.e., RM and LD), 
while most open spaces consist of pedestrian areas and roadways. 
Consequently, E values are generally low (see Fig. 6), given that resi
dential use is associated with lower density levels (as discussed in Sec
tion 2.2). An exception is observed for a link with commercial use (upper 
right corner in Fig. 6 panels), which increases E conditions to moderate 
values from 10:00 to 21:00 during the opening hours of public activities. 

Significant variations over time can be observed in the UVp maps in 
Fig. 7. Night-time (Fig. 7-A) is associated with less critical conditions, as 
expected, since the contribution of pedestrians in open spaces is 
considered close to zero. During night-time, links with moderate UVp are 
mainly characterised by taller buildings, as the reduction in the number 
of floors increases this indicator based on the criterion followed in this 
analysis. Data are poorly scattered, as shown by the boxplot in Fig. 5. 

Conditions during noon (Fig. 7-C) and afternoon (Fig. 7-D) appear to 
be quite similar, reflecting an overall intermediate level of users’ 
vulnerability, primarily due to an increase in outdoor users. Early 
morning (Fig. 7-B) and evening (Fig. 7-E) time spans exhibit the most 
critical UVp levels, as expected, owing to ground-floor uses open to the 

Fig. 4. Results of the AHP process and the consensus group tasks: A- summary of the final comparison matrix; B- risk factors and related weights, associated with 
vertical bars, that show the weights uncertainties. 
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public (e.g., schools as in MM or TC, single-floor institutional buildings, 
like in FZ, commercial activities, as in GR). Moreover, from a general 
perspective, UVp increases further during the evening due to a combi
nation of these conditions with higher user density in residential 
buildings (adding users on the ground floors). Nevertheless, UVp values 
are not entirely homogeneous, as shown by the boxplot dispersion in 
Fig. 5 for the evening time. 

Similar to E maps, UVa trends over time (Fig. 8) are primarily 
influenced by the sources of user distribution discussed in Section 2.2, 
particularly the use of a unified census database and the prevalence of 
residential intended use within the case study area. Consequently, UVa 
remains relatively consistent across the entire area over time. This result 
is also noticed by the boxplot trends in Fig. 5, which shows a quite 

constant median value and a generally low data dispersion. However, 
links hosting buildings open to the public (e.g., institutional buildings 
and commercial uses) exhibit more noticeable differences between 
night-time (Fig. 8-A) and evening (Fig. 8-E) compared to daytime, 
reflecting their respective opening hours. 

As anticipated, UVf maps demonstrate significant differences be
tween night-time (Fig. 9-A), when users are predominantly at home, and 
other time spans when values increase due to the combination of (a) 
non-familiar users’ presence in public buildings and pedestrian areas 
and (b) a decrease in the number of residents, as per the adopted 
methodology (Quagliarini et al., 2023). Consequently, most links from 
early morning to evening exhibit moderate or high UVf. Conversely, 
during night-time, higher UVf values occur for links where 

Fig. 5. Boxplot with the distribution of the E, UVp, Uva, and UVf results throughout the day.  
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accommodations (e.g., hotels) represent a significant percentage of the 
total gross surface area (e.g., TSF, with over 20 %). UVf also shows the 
highest values with respect to the other risk factors, as also graphically 
resumed by the boxplot in Fig. 5, which are quite concentrated towards 
the upper absolute risk values. 

The overall R maps (in Fig. 10) appear to delineate a time-related 
hierarchy of conditions based on E, UVp, UVa, and UVf values. As 
anticipated, night-time conditions (Fig. 10-A) exhibit the lowest risk 
levels, with only a few links affected by moderate R values. In contrast, 
the afternoon (Fig. 10-D) and evening (Fig. 10-E) time spans display 
widespread moderate R values, reflecting the increasing impact of users’ 
exposure and vulnerability. Early morning (Fig. 10-B) and noon (Fig. 10- 
C) conditions generally fall within the moderate R range, except for 
those links initially characterised by the lowest PVH values, indicating 
lower users’ exposure and vulnerability. These findings confirm that the 
impact of users’ exposure and vulnerability can influence the final floor 
risk level for each link. However, in the case study analysed herein, none 
of the links reaches high R range values since the PHV is typically 
balanced by users’ exposure and vulnerability factors. 

4. Conclusions and remarks 

This work proposes a time-depending model for flood risk assessment 
based on a mesoscale assessment approach, focusing on the open spaces 
composing the urban built environment, their facing buildings and in
frastructures, and their hosted users. This rapid assessment approach 
uses the Analytical Hierarchy Process (AHP) to merge and balance the 
different factors affecting flood risk over space and daytime. The historic 
centre of Guimarães, Portugal, was used as a pilot case study to show the 

main capabilities of the approach proposed in this investigation. 
As discussed in this paper, including users’ exposure and vulnera

bility significantly alters the overall risk compared to considering only 
the basic static conditions related to physical vulnerability and hazard 
(included in the PVH factor). While PHV remains constant over time and 
depends only on the urban open space and the flood characterisation, 
users’ exposure E and vulnerability, which depends on the familiarity 
with the built environment UVf, vary considerably based on the build
ings’ uses and schedule time, assuming maximum values during the 
daytime, particularly in the noon and afternoon when public buildings 
are open and frequented by more users. 

The users’ vulnerability (UVp) based on their flood-prone position 
also varies due to similar factors, but it decreases during daytime hours. 
This is because, although more users are present, most are located on the 
upper floors of the buildings, which positively impacts their vulnera
bility to flooding. Conversely, age-dependant vulnerability (UVa) re
mains relatively stable over time due to the simplified but robust 
methodology used for data collection, relying on the Census database 
(De León & Carlos, 2006). Additional on-site surveys could be conducted 
in the future to enhance the accuracy of the assessment. 

Time-dependant maps enable rapid identification of the riskiest 
areas, which vary over time but are generally concentrated where most 
public buildings are situated, thus aligning with the trends mentioned 
above. These maps focus on mesoscale elements, such as streets and 
squares, which represent integral links in the entire urban fabric. The 
expeditious methods employed for risk factor assessment ensure quick 
application and visualisation, making it feasible for stakeholders like 
public administration and their technicians, even those with limited 
expertise, to employ the method in wider urban areas. 

Fig. 6. E map over time: A-evening, B-early morning, C-noon; D-afternoon; E-evening.  
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Nonetheless, further improvements can be made by introducing 
additional levels of detail at a fine scale (e.g., individual buildings). This 
targeted approach could focus on structures with higher risk factor 
variability over time or those with the highest overall risk values. 
Moreover, future work steps could explore specific conditions of the 
built environment, particularly areas prone to mass gatherings, as they 
can exacerbate exposure by increasing the number of users and modi
fying users’ demographics. In this sense, the authors are aware that the 
assessed users’ exposure and vulnerability issues can be limited, 
although they are easy to retrieve and arrange in the whole risk 
assessment process. Furthermore, the adopted risk factors are directly 
correlated to the direct effects of floodwaters and possible evacuation 
scenarios on the built environment and its users. Future research can 
adopt the same AHP approach by including other dimensions of 
vulnerability (De León & Carlos, 2006; Flanagan et al., 2011), such as 
those relating to functional issues (thus increasing the analysis on gen
eral and floodwater-related infrastructures, as well as on other 

life-lines), economic and insurance-related factors, disability, vehicle 
availability affecting possible by-car evacuation, other social aspects 
such as community participation and preparedness/risk perception, 
administrative and environmental aspects. In this case, a multi-layer 
AHP could be used instead of a single layer (as adopted by this work), 
by enlarging and adapting the hierarchical structure proposed by the 
proposed methodology, but the same approach to risk factors should be 
pursued, making them comparable within the same 0 to 1 range. 

The same methodology proposed in this work can also be effectively 
applied to retrofitted scenarios where the PVH factor can be altered 
through interventions on existing buildings, such as re-pointing or 
repairing the external render of the walls, adding resistance measures (e. 
g., flood skirts or barriers), and protecting potential water entry points, 
including vents, air bricks, and non-flood resilient doors and windows. 
This paves the way for a comprehensive flood risk management 
approach encompassing existing and future urban developments. By 
adopting the AHP-based model proposed in the paper and implementing 

Fig. 7. UVp map over time: A: evening, B-early morning, C-noon; D-afternoon; E-evening.  
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flood vulnerability reduction strategies, stakeholders can pave the way 
toward more resilient and prepared urban landscapes. 
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Appendix A 

Fig. A1 includes a map identifying the buildings considered in the analysis presented in this paper, categorising the different types of building uses. 
For buildings with multiple uses, the type of use recorded at the ground floor level was the one identified in Fig. A1. 

Fig. A2 includes a map displaying the distribution of the physical vulnerability results across the study area. 
Finally, Fig. A3 includes a map illustrating the distribution of the obtained PVH results. 

Fig. 8. UVa map over time: A: evening, B-early morning, C-noon; D-afternoon; E-evening.  
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Fig. 9. UVf map over time: A: evening, B-early morning, C-noon; D-afternoon; E-evening.  
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Fig. 10. R map over time: A: evening, B-early morning, C-noon; D-afternoon; E-evening.  
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Fig. A1. Mapping of the buildings included in the analysis, highlighting their respective current uses.  

Fig. A2. Mapping of the physical vulnerability results obtained.   
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Fig. A3. Mapping of the PVH results obtained.  

Appendix B 

The verification of the proposed AHP-based assessment relies on the methods described by Goepel (Schwarz & Maiwald, 2008), using the related 
Excel software tool available at https://bpmsg.com/new-ahp-excel-template-with-multiple-inputs/. In particular, the following indicators have been 
calculated to evaluate the process quality: (A) for outputs of each decision maker (involved researcher) and of the whole group, the Consistency Ratio 
CR; (B) for the whole group outputs, the Geometric Consistency Index GCI and the Shannon index S*. The main procedures for calculation are shown in 
the following for the sake of brevity and completeness. Thus, for a more exhaustive overview of calculation methods, please refer to (Schwarz & 
Maiwald, 2008), while some additional references are included in the method description. 

Given n the number of criteria (risk factors), we considered the pairwise comparison matrix (n × n)=(aij), where aij>0, aijaji=1, and the cardinal 
transitivity in judgements (aijajk=aik ∀i,j,k). Each aij is the judgement on the ratio between the compared priorities wi/wj. 

CR is calculated according to the approach by Alonso and Lamata (Santos et al., 2013), as shown by Eq. (B1), and thus depends on n and the 
maximum eigenvalue of the pairwise comparison matrix λ. 

CR = (λ − n)/(2.7699n − 4.3513 − n) (B1) 

GCI (Ferreira et al., 2014; Maio et al., 2017) is then assessed, as shown in Eq. (B2), as a function of the error eij obtained when the ratio ωi/ωj is 
approximated by aij ( eij=aijwj/wi) and n. Approximated thresholds are used in this work to verify the GCI acceptability (i.e. for n = 5>4 and CR 
threshold=10 %, the GCI threshold is about 0.37). 

GCI =
2

(n − 1)(n − 2)
∑

1≤i<j≤n
log2 eij (B2) 

Shannon index S* relies on the extension of the Shannon entropy H, which represents “a diversity index for the distribution of priorities amongst 
criteria” (Schwarz & Maiwald, 2008). The S* calculation considers the following main steps. The first step concerns the evaluation of standard alpha 
Shannon entropy Hα for a group of K decision makers. As shown in Eq. (B3), Hα equals the average Shannon entropy of all individual decision-makers 
(the researchers). Similarly, Eq. (B4) calculates the Shannon gamma diversity for the group aggregated priorities Hγ. In both Hα and Hγ calculation, the 
weights for the decision makers’ impacts are equal (I1=I2=…=IK=1/K); thus, no priorities in the reliability of a decision maker’s judgement are 
considered. 

Hα =

(

− I1

∑n

i=1
wi1lnwi1

)

+

(

− I2

∑n

i=1
wi2lnwi2

)

+ … (B3)  

Hγ =
∑K

i=1
(I1wi1 + I2wi2 +…)ln(I1wi1 + I2wi2 +…) (B4) 

Then, true beta diversity of order one Dβ is calculated as in Eq. (B5), as function of Hα and Hγ. Dβ represents the “variations of priority distributions 
amongst decision makers within the group” (Schwarz & Maiwald, 2008) and thus varies from 1 (perfect agreement) to n. 

Dβ =
expHγ
expHα (B5) 
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The minimum alpha entropy Hα,min* and maximum gamma entropy Hγ,max* for the considered n criteria and K decision makers can be calculated 
as in Eq. (B6) and Eq. (B7), respectively (Schwarz & Maiwald, 2008). In this work, the AHP comparison scale ranges from 1 to M = 9, while the criteria 
n = 5, thus the maximum priority is equal to M/(n + M-1) = 0.6923. 

Hα,min∗ = −
M

(n + M − 1)
ln
(

M
n + M − 1

)

−
n − 1

(n + M − 1)
ln
(

1
n + M − 1

)

(B6)  

Hγ,max∗ = (n − K)

[

−
1

(n + M − 1)
ln
(

1
n + M − 1

)]

−
K + M − 1
n + M − 1

ln
(

1
K

K + M − 1
n + M − 1

)

(B7) 

And finally, the S* indicator is calculated as in Eq. (B8) by applying Hα,min* and Hγ,max* to the concept of equation B5. In view of the above, and 
according to the discussion on Dβ, S* ranges from 0 to 1 (or rather, expressed in percentage form, from 0 % to 100 %). The higher the value, the higher 
the consensus within the group. 

S∗ =
(1/Dβ − Dα,min∗/Dγ,min∗)

(1 − Dα,min∗/Dγ,min∗)
(B8)  
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