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A B S T R A C T   

Accessibility is a key measure of the vulnerability of road networks to disruptions such as floods. 
However, studies comparing the contribution of parameters to the accuracy of accessibility-based 
vulnerability assessment are lacking. We propose modifying two accessibility measures to include 
flood-affected populations, opportunities, and average shortest travel time. We also applied three 
methods including the divergent ranking method to identify the direct impact of extreme floods 
on road networks. The shortest travel time pathway calculation was enhanced with the inclusion 
of spatially distributed settlements as an input. The results indicate a strong relationship between 
parameter weights and the accessibility measures, irrespective of the evaluated approaches. The 
results of the study highlight that measures of overall vulnerability, with respect to inter- 
comparisons of flood scenarios alone, do not fully capture the local vulnerability of some 
traffic zones. This is particularly evident with the flooding of highly connected roads that serve 
these zones.   

1. Introduction 

Assessing vulnerability of transportation infrastructure to extreme floods is a growing field with continued advancements in flood 
modelling and network analysis techniques. Given the availability of high-resolution data on extreme floods, road networks and 
populations, the objective of this study is to improve the accuracy of accessibility-based vulnerability analysis of road networks at the 
regional scale. We propose to modify the existing vulnerability approaches and compare their results to the original approaches. Our 
specific contributions include investigating different measures to capture direct flood impacts to road networks and incorporating 
more information about the local road network in the accessibility-based vulnerability analysis. This is accomplished by modifying the 
way travel time between traffic zones is calculated. Moreover, we consider additional contributing factors to the accessibility-based 
vulnerability analysis by including number of residents and opportunities in flood-affected areas and investigate their effects in two 
different approaches. 
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1.1. Background 

Compared to the impact of different natural hazards, floods result in a significantly high percentage of damages. In recent years 
(1998–2017), more than US$ 656 billion of global economic losses were related to flood occurrences (CRED and UNISDR, 2018). Flood 
damages are expected to continue to increase in the future with respect to the state of socio-economic developments and climate 
change (Alfieri et al., 2017; Fuchs et al., 2015; Fuchs et al., 2017; Hoegh-Guldberg et al., 2018). Studies based in Europe showed that 
impacts to infrastructure are expected to make up a high ratio of the overall losses (Bubeck et al., 2011, Thieken et al., 2016). 
Furthermore, the disruption and reduced accessibility to critical infrastructure, such as transport networks, impacts the overall 
functionality of affected communities (Zischg et al., 2005a), such as population mobility (Zischg et al., 2005b) and, thus, economic 
development (Hallegatte et al., 2019; Schlögl et al., 2019). Understanding the different dimensions of vulnerability to floods is 
instrumental to gaining knowledge about flood impacts, to guide the development of appropriate risk analysis methods and to make 
critical decisions in risk management (Birkmann et al., 2013). Considering vulnerability assessments to infrastructure to date, this field 
is still in its infancy compared with other economic sectors and development is often limited by data availability (Bubeck et al., 2019). 

Vulnerability assessment of complex systems, such as transportation infrastructure, requires the use of an integrated framework, 
which should include various analytical methods to investigate the problem from a range of perspectives. These consider topological, 
functional, logical and dynamic properties (Cantillo et al., 2019; Unterrader et al., 2018; Zio, 2016). Significant work is still needed to 
identify differences in vulnerability across space, time and systems (Grubesic & Matisziw, 2013). According to the UNISDR (2016:24), 
vulnerability is defined as “the conditions determined by physical, social, economic and environmental factors or processes, which 
increase the susceptibility of an individual, a community, assets or systems to the impacts of hazards”. Thus, in general, a vulnerability 
analysis includes consequences of a certain flood event and can be expressed in terms of functions, indicators and indices (Fuchs et al., 
2019), depend on data availability (Malgwi et al., 2020) and the decision-making context (Papathoma-Köhle et al., 2019). Vulnera-
bility has also taken on a different meaning in road infrastructure studies: Jenelius et al. (2006) argue that the concept of vulnerability 
with respect to road infrastructure should address two components: probability of hazard occurrence and consequences of the hazard 
event. Furthermore, Jenelius and Mattsson (2015) state that the impact for a single user under a certain disruption scenario is 
considered as a function of the exposure of a user to that scenario. The same description of the context is named as vulnerability by 
Taylor and Susiliwati (2012). However, Berdica (2002:119) defines vulnerability more specifically to “the susceptibility to incidents 
that can result in considerable reductions in road network serviceability”. Moreover, Taylor (2008) defines network vulnerability 
based on road accessibility to activities from different locations within a regional network. In this context, accessibility is defined as the 
ease with which services and facilities can be reached while using the road network (Litman, 2008). A broad overview on studies 
considering transport resilience and vulnerability, and the role of connectivity and accessibility is provided by Reggiani et al. (2015). 

Floods can cause disruptions to roads that leave transportation networks partially operational to completely blocked, which can 
result in notable service delays (Pregnolato et al., 2017). Chen et al. (2015) highlight certain gaps in current research on flood 
vulnerability assessment of transport networks. For example, reductions in road capacity due to hazard events are not yet considered. 
To address this issue, Pregnolato et al. (2017) recommended applying the flood-depth disruption function, which identified certain 
water depths as thresholds that correlate to the loss of vehicle control when water levels rise to the bottom of most personal vehicles. 
These thresholds are defined at different levels such as 15 cm (Pearson and Hamilton, 2014), 20 cm (Pyatkova et al., 2015), 30 cm (Yin 
et al., 2016), and up to 90 cm for four wheel drive vehicles (Pregnolato et al., 2017). 

These newly developed approaches also acknowledge the importance of considering geographic scales, the topological structure of 
infrastructure and flood exposure (e.g., Papilloud et al. (2020)) when assessing infrastructure vulnerability (Grubesic & Matisziw, 
2013). Consequences to road users differ in flood exposed areas as a result of these contributing characteristics. For example, increased 
travel times and distances, and changes in traffic flow play major roles in the vulnerability assessment of transport infrastructure 
(Jenelius et al., 2006, Taylor et al., 2006). One of the topological measures, which indicates connectivity in the network, is edge 
betweenness centrality (Girvan and Newman, 2002). If an edge is connecting clusters in the network, then it has high edge 
betweenness centrality. Kermanshah and Derrible (2017) used the difference of mean edge betweenness centrality of a road network 
calculated for pre- and post-flood events to quantify the impact of extreme floods on connectivity. Furthermore, Casali and Heinimann 
(2019b) applied edge betweenness centrality of road network in city of Zurich to evaluate the impacts of two different flood scenarios 
on changes in the network after the flood occurrences. 

Hasan and Foliente (2015) highlight a potential research challenge to assess the vulnerability of infrastructure to disruptions, to 
better understand more extensive impacts on the people and communities in and around the occurrences. One way to understand the 
impacts of transportation infrastructure disruptions on people could be the accessibility-based vulnerability approach. This examines 
changes of access levels across a disrupted network (Taylor, 2017), thereby providing insight on the impacts to a broader range of 
socio-economic aspects and to the society as a whole. Moreover, Caschili et al. (2015) recommend conducting comparisons of different 
vulnerability indices at variable spatial scales. Given the identified gaps and challenges, the following section provides a more detailed 
overview of recent studies within the scope of accessibility-based vulnerability assessment. 

1.2. Previous studies on accessibility-based vulnerability assessment 

In general, accessibility-based studies increased rapidly in the period between 2000 and 2019 and mainly address the categories of 
newly developed indicators and accessibility-based applications for social equity, transportation network planning, and travel 
behaviour (Shi et al., 2020). Considering vulnerability, different types of accessibility measures for road networks can be characterized 
by combining different dimensions of the transport system (impedance, e.g., travel time or distance) and certain land use patterns 
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(accessibility, e.g., attractiveness, opportunity or activity). The five main types of measures are categorized as dimensions of spatial 
separation, cumulative opportunity, gravity-based, utility-based, and time–space (Miller, 2018; Silva et al., 2019). Spatial separation 
only accounts for the distance. Cumulative opportunities measure those within a defined travel time. Utility measures consider 
different travel choices and individual perceptions the time–space measure focuses on individual time constraints. Among these types, 
the gravity-based measure considers the attractiveness of a zone and an impedance parameter between zones, where the latter can 
represent either the distance or travel time. A range of factors may influence the attractiveness of a given location for an activity. A 
simplified way to measure attractiveness could be by the number of people living in a specific zone, under the working assumption that 
higher population density represents higher attractiveness. A zone can refer to an administrative area, such as a city or a county, or to 
an area demarcation that reflects a specific purpose such as a traffic zone or a census block. Consequently, it is a challenge to measure 
the attractiveness of a location given the heterogeneity of human activities (Miller, 2018). 

Regarding the focus on the vulnerability of the road network due to floods, gravity-based measures are of particular interest due to 
the summation of opportunities in a given zone and the addition of a penalty term that accounts for increasing time or distance from 
the zone. 

The gravity-based accessibility measure includes the Hansen accessibility index. It was first proposed by Hansen (1959) and has 
been widely applied to urban planning and social science studies to measure the accessibility to certain locations such as emergency 
services and employment ones (Gori et al., 2020; Noland et al., 2019). Since we are going to analyse accessibility-based vulnerability of 
road networks to floods based on spatial distribution of population and opportunities, we choose the following two variations of the 
Hansen indices. The first one is referred to as the normalized Hansen integral accessibility index (Taylor, 2017). It is defined as: 

Ai =
∑

jBjf
(
Cij

)

∑
jBj

, (1)  

where, 

Ai is the normalized Hansen integral accessibility index, normalized by total attractiveness, for zone i; 
Bj is the attractiveness of zone j; (e.g., the number of opportunities available at j); and 
f(Cij) is the impedance function that represents the separation between the two zones. 

The results of applying the normalized Hansen measure are dependent on parameters chosen for Bj and the impedance function. For 
example, this normalized version was used by Taylor et al. (2006), and the attractiveness was represented by the population of city j. 

The impedance function can be defined as an inverse relationship with respect to travel cost or as an exponential function 
depending on travel cost, so that the higher the cost of travel between two zones, the lower the accessibility between them. Taylor et al. 
(2006) defined the impedance function as 

f (Cij) =
1
xij
, (2)  

where xij is the travel distance between two cities. 
Parameters for describing the opportunity or attractiveness with the normalized Hansen index vary in different studies. An 

overview of feasible values and applications of these parameters are summarized in Table 1. Almost all of these studies applied the 
normalized Hansen index during flood-attributed disruptions, except for Taylor et al. (2006), which consider generic disruptions. To 
compare Hansen accessibility indices between the flood event and pre-flood conditions, Taylor et al. (2006) used relative values of the 

Table 1 
Attractiveness and type of Hansen accessibility measure.  

Reference Specific feature of accessibility index Attractiveness weight 
parameter 1 (for zone i) 

Parameter 2 (other zones j) Deterrent function (or 
function of distance 
decay) 

Taylor et al. 
(2006) 

Normalized Hansen Index 1 (no weight) Sum of population in all cities 
(except i) 

Inverse of travel 
distance 

Chen et al. 
(2015) 

Normalized Hansen Index modified with 
travel modes (two different travel modes: 
cars and high-occupancy vehicles) 

Employment places and 
schools 

Sum of population in all zones 
(except i) 

Exponential function 
of travel distance 

Borowska- 
Stefańska 
et al. (2019) 

Normalized Hansen Index with mobility 
considerations (i.e. changes to travel time), 
with focus on traffic speed and flow changes 

Employment places (not 
explicitly specified in the 
literature)  

Exponential function 
fdd = exp(− βtij) 
fdd – distance decay 
tij – travel time 
between regions 
β – beta parameter 

Noland et al. 
(2019) 

Hansen index without normalization Population Sum of available jobs in all census 
block-groups (census blocks are 
aggregated to census block-group) 

Inverse of travel 
distance  
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Hansen index (percentage of change), which are ratios between the index of the degraded network due to floods and the index of pre- 
flood network. Noland et al. (2019) use percent reduction to compare accessibility indices that correspond to both the flood event and 
to pre-flood conditions. 

The studies also differ with respect to the applied impedance function. Accessibility analysis by Noland et al. (2019), for instance, 
used the shortest distance, while Borowska-Stefańska et al. (2019) used the travel time between regions. 

In the studies summarized in Table 1, the number of employment places in a defined zone was mostly used as an indicator of 
attractiveness. Other commonly adapted attractiveness parameters have included total population, numbers of households and/or 
vehicles, the number of employment places, hospital beds, surgeons, and schools within a defined zone (Basso et al., 2020; Geurs & van 
Wee, 2004). These parameters can be further categorized as indicators of:  

• daily attractiveness (based on e.g. the employment density, the number of schools, students, etc.);  
• leisure attractiveness (based on e.g. the number of visitors to parks and museums, etc.); and  
• critical service availability (e.g. the number of hospital beds within a zone). 

The second Hansen measure is referred to as the population weighted Hansen index (Wachs and Kumagai, 1973), where the 
population residing in the defined study area is factored in as follows: 

APi = Pi
∑

j
Bjf

(
Cij

)
(3) 

In Eq. (3), the population of the zone of interest i (Pi), is included as a weight to calculate the accessibility therein. 
Evaluating studies based on Hansen accessibility measure to assess the changes of transport networks during flood events 

(accessibility-based vulnerability) are known to have two main limitations: (i) the applied methods exclude the influence of population 
and opportunities under flood-affected areas, and (ii) these studies considered changes along the shortest distance and/or the shortest 
travel time paths between two zones or between a critical facility and a zone. Disregarding the contributing factors in flood-affected 
areas impacts the ability to properly define the scale and focus when conducting vulnerability analyses. For example, studies by Taylor 
and D’Este (2007) and Sohn (2006) conducted at national and state levels, respectively, both focus on accessibility between cities 
(Sohn, 2006; Taylor & D’Este, 2007). In these studies, it was acceptable to assess accessibility between cities because of the large scale; 
although it oversimplifies the reality because there could be directly and indirectly affected people in both direct and indirect due to 
flood-induced disruptions in the areas, especially where there are high population densities. 

Chen et al. (2015) improved the normalized Hansen integral index by incorporating different modes of transportation, such as by 
cars and by high-occupancy vehicles to address effect of population weight. However, findings from this study also showed that 
integration of flood-affected populations and opportunities into the accessibility-based vulnerability is lacking. 

Further developments for evaluating flood impact on accessibility are shown by Gori et al. (2020). They applied (i) the shortest 
distances between critical facilities (i.e., hospitals and fire stations) and census block-groups, and (ii) they introduced Connectivity loss 
CLO→D, which corresponds to a measure of efficiency reduction when traversing along an origin–destination (OD) pair on a disrupted 
road network. In particular, CLO→D is mathematically expressed as 

CLO→D = 1 −
LundisturbedO→D

LfloodO→D
, (4)  

where 0 ≤ CLO→D ≤ 1, and Lundisturbed
O→D and Lflood

O→D denote the lengths of the shortest OD path for the undisrupted and the flood induced 
road network, respectively. 

Another accessibility-based measure is referred to as the accessibility score (Sohn, 2006), which incorporates the effects of the 
impedance function and traffic volume. However, these further developments of the assessment still also have limitations. Firstly, local 
roads are not considered as possible detours during flood events. Secondly, since cities are represented as points instead of areas, 
populations within these cities are aggregated to a single node for accessibility calculations. Hence, we argue that for flood vulner-
ability analysis, (i) population and opportunities affected by flood parameters should be considered specifically in the weight of the 
Traffic Zone (TZ) in different Hansen indices, and (ii) results will be meaningful at the regional scale when considering different travel 
routes. Another factor is that populations residing beyond flooded areas may be able to relocate with some additional travel time, while 
populations directly impacted by flooded areas may not be able to relocate at all. Therefore, accounting for flood-affected populations 
of a given TZ in the vulnerability calculation improves the accuracy of the Hansen index during flood condition. 

Regarding the second limitation mentioned above, cities are typically represented as single point (node) locations at more synoptic 
geographic scales. Therefore, it is common to use the shortest distance or shortest travel time paths between single point represen-
tations of these cities. The single point is also used when describing accessibility from a zone to certain facilities. Moreover, calculating 
only the shortest distance path or the shortest travel time path between zones of interest disregards other possible routes between 
zones. For example, if a road user wishes to travel from the furthest location of one zone to another zone, the travel time would increase 
considerably. Considering these possibilities, utilizing average travel time or average shortest distance between zones would offer the 
possibility to further improve the accuracy of the vulnerability analysis. 

Besides these two aforementioned limitations, Neumann et al. (2015) noted a need to consider extreme events in the vulnerability 
analysis. Increases in precipitation extremes (Hoegh-Guldberg et al., 2018) that could cause extreme floods and damage, call for more 
research on the accurate assessment of infrastructure vulnerability to floods. The direct impact of floods on the road network is highly 
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dependent on how important road connections are affected. Thus, accessibility-based vulnerability can be affected by key road seg-
ments that are impacted during a given extreme flood event. Overall, Shi et al. (2020) stated that there is a need for future research to 
focus on comparative accessibility studies to select for more suitable approaches to be applied and for the inclusion of the impedance 
function with respect to the purpose of the study and the spatial context. 

Taking all the identified gaps and opportunities into consideration, the overall objective of this study is to improve the accessibility- 
based vulnerability analysis of road networks at the regional scale. 

The study is divided in two parts with the following specific aims: 
Part 1. Direct impacts of extreme floods to the road network  

• to investigate different measures of extreme flood impacts to the road network. 

Part 2. Indirect impacts of extreme floods to the road network  

• to incorporate more information about the local road network in the accessibility-based vulnerability analysis by modifying the 
approach to calculate travel time between zones;  

• to include additional contributing factors to the accessibility-based vulnerability analysis by including the number of residents and 
opportunities in flood-affected areas;  

• to effectively identify the most vulnerable traffic zones with respect to selected extreme flood scenarios; and  
• to investigate the effects of the following factors on accessibility-based vulnerability assessment: different measure of population, 

opportunity, average travel time between zones, as well as the impact of flood scenarios as a function of the topological structure of 
a given road network. 

2. Data and methods 

2.1. Study area and data 

The study area to investigate the accessibility-based vulnerability assessment is located in the southern part of the canton of Bern, 
Switzerland (Fig. 1). It covers an area about 3500 km2, which mainly overlaps with the Aare river catchment upstream of the city of 

Fig. 1. Location of the study area within Switzerland and overview on major road network, traffic zones, main rivers and main cities (Major road 
network and traffic zones provided by (ARE, 2020), main rivers and main cities are from SwissTLM3D dataset provided by (Federal Office of 
Topography, 2019)). 
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Bern. The study area covers the high mountain areas of the Alps with elevations of up to 4200 m a.s.l. including glaciers (about 8% of 
the catchment are glaciated), to the hilly landscapes of the pre-Alps and the Swiss plateau. Flat and wide floodplains and two lakes 
(Lake Brienz, Lake Thun) prone to flooding characterize the Aare River. The fan of the river Lütschinen divides the two lakes, where the 
settlement of Interlaken is located. Further main rivers contributing to the Aare River are the Kander River (flowing into the Lake 
Thun) and the Gürbe River joining the Aare River between Thun and Bern (see Fig. 1). 

The study by Zischg et al. (2018) assessed the impact of extreme floods on buildings in the Aare River basin. Probable maximum 
floods (PMF), based on a coupled model chain (hydrological, hydraulic, impact), were considered, starting with the probable 
maximum precipitation (PMP). To gain the different flood scenarios, the total precipitation based on the 3-day PMP was distributed in 
relation to spatial and temporal variations modelled with a Monte Carlo approach. Furthermore, the temporal pattern of the rainfall 
was distributed spatially in three meteorological regions, and in the sub-catchments of each meteorological region to mirror inde-
pendent flood behaviour of specific parts of the catchment. An ensemble of 150 flood scenarios originally from the exhaustive number 
of Monte Carlo simulations were selected based on the highest discharge at the basin outlet in Bern. The latter is a main input in this 
study. Zischg et al. (2018) showed that the complex mountainous catchment has to be considered for analysing floods and induced 
damage. Moreover, they identified the highest lake level as the most severe contributing factor to flood damage to residential prop-
erties, rather than the maximum outflow discharge near Bern. However, the distribution of exposure also plays a crucial role on the 
severity of the consequences. 

The road network (see Fig. 1) and the settlement areas are mainly concentrated in the valleys, thus in flood prone areas. The road 
network is more spread in the hilly landscapes. In the study area, 610,000 residents live distributed across 156 municipalities with 
lower population density but primarily in major cities such as Bern (141,500) and Thun (44,000) with higher population densities (see 
Fig. 2 population density). Fig. 3 presents the spatial distribution of opportunities such as employment and school places in the study 
area. The opportunity density map indicates regional differences as such larger cities like Bern and Thun, and there are more op-
portunities in their vicinities than in relatively more distant cities like Interlaken and Meiringen or even the more rural regions. 

Different authorities provide the data in the study area in various formats; thus, pre-processing is needed. The road data is based on 
the TLM road data set represented as spatial polylines in an ArcGIS shape file, with detailed information on all road types, provided by 
the Swiss Topographical Office (Federal Office of Topography, 2019). Road weight is assigned as a width value to reflect the type of 
road (1 m until up to 12 m) in the TLM road dataset (Table A.1). We consider the feature to be a major road when its width is ≥6 m. 

The Federal Office for Spatial Development (ARE) classify the road network in 531 high-resolution traffic zones in the area of 
interest (Fig. 1). Traffic zones were delineated with the aim to homogenize the distribution of inhabitants and employment places with 
a reduced variance from the mean value. These traffic zone are the basis for the Swiss Transport Model, which was generated from a 

Fig. 2. Density map of population in traffic zones. Data provided by Federal Statistical Office (2016a).  

T. Papilloud and M. Keiler                                                                                                                                                                                           



Transportation Research Part D 100 (2021) 103045

7

traffic analysis (ARE, 2020). 
ArcGIS and Python scripts were used to perform spatial and data operations such as intersection, spatial and attribute joins. 

Network analysis was conducted with igraph python. For the spatial network analysis, the TLM road data set was converted from the 
ArcGIS shapefile into a directed weighted graph for further analysis in the igraph software. We assigned a weight to each edge as travel 
time according to the type of road in the TLM data set (Table A.1). This detailed road network supports the consideration of detour 
options of both major roads and the use of smaller municipal roads. 

Fig. 3. Density map of opportunities in traffic zones. Data provided by Federal Statistical Office (2016b, 2017).  

Fig. 4. Workflow with three different approaches for selecting flood scenarios for further investigations and comparison.  
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The 150 flood scenarios provided by Zischg et al. (2018) were intersected with the road network so that information on flood height 
at respective road segments could be included. If flood heights reach or exceed 20 cm, then the road segment is considered to be 
inaccessible to vehicles (Pregnolato et al., 2017). Consequently, the entire road section (modelled by end nodes and edge) is excluded 
from the network even if it is only partially covered by floods. 

The Federal Statistical Office provided location-based data on local populations (Federal Statistical Office, 2016a), the number of 
work places (Federal Statistical Office, 2016b) and schools (Federal Statistical Office, 2017). Availability of detailed population data 
with respect to individual building footprints, employment and school places within traffic zones allows us to account for the number 
of people directly affected by floods (i.e., number of people located within a flood perimeter) in the accessibility calculation. The 
locations of working places and of schools are combined by summation to represent opportunities per traffic zone (see Fig. 2). 

2.2. Measures for extreme flood impacts and their comparison 

2.2.1. Measures for extreme flood impacts to the road network 
We used three measures to assess flood impacts on the road network. Fig. 4 illustrates the methodological workflow for assessing 

flood impact scenarios. 
The first is the Loss Index (LI) of flooded roads based on Gori et al. (2020), which identifies the percentage of weighted length of 

roads (i.e. road surfaces) that are directly impacted by floods. This indicates direct loss of access to parts of the traffic network. The LI 
index of flooded roads is calculated as follows: 

LI =
Flooded total weighted length

Total weighted length
, (5)  

where the total weighted length equals the sum of all weighted road lengths. The weighted road length is defined as the multiplication 

Fig. 5. Road segments in before and during flood conditions. (0) Before flood; (1) Flooded and non-flooded road segments: Fi-s are flooded road 
segments, and Ni-s are non-flooded road segments. A brown point represents a vertex (or a node in a graph) while a blue point represents a point 
that cut the original road segment by intersection of flood boundary. Blue point is illustrated in grey colour in the second method; (2) Road segments 
considered as flood-hit during floods for calculation of Total-EBC. Grey point is not a node in the graph; (3) Road segments considered as non- 
flooded during floods for calculation of Mean-EBC. 
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of road width and the road length (=road surface area). The road area is calculated for the whole road data set and for each flood 
scenario. In the example illustrated in Fig. 5(1) the LI is calculated as the ratio between total road area of flooded road segments Fi-s 
and total road area of all road segments consisting of both Ni-s and Fi-s. Originally, N2 and F2 were parts of one road segment S2. 
Intersection by the flood polygon divides segments into flooded and non-flooded parts. The different LI are ranked for the 150 scenarios 
in descending order, where the scenario with the maximum LI is ranked first. 

The second approach is the total value of normalized edge betweenness centrality of flooded roads (Total-EBC), which indicates 
how many of important roads in terms of connectivity within the network are affected by floods (Girvan and Newman, 2002; Casali and 
Heinimann, 2019a). The normalized edge betweenness centrality measure (EBC) is defined (Girvan and Newman, 2002), as 

EBC =
1

N(N − 1)
∑

i∕=j

σij(E)
σij

, (6)  

where σij is the number of shortest paths from node i to node j, and σij(E) is the number of shortest paths from i to j that pass through 
edge E, and N is the total number of nodes. 

Normalized EBC was calculated for the complete network prior to flood occurrence. For each flood scenario, the impacted road 
segments are extracted and the total normalized EBC values of these segments are added up. On the example of Fig. 5(2) the Total-EBC 
is calculated for the original graph including F2 and F8 (they are equal to S2, S8). 150 scenarios are then ranked by Total-EBC values in 
descending order, where the scenario with the maximum Total-EBC is ranked first. This represents the maximum loss of important 
roads to floods. 

The third approach is the average normalized edge betweenness centrality values during flood occurrence (Mean-EBC), which is 
derived from the studies conducted by Kermanshah et al. (2017) and Kermanshah and Derrible (2017). In particular, this measure 
expresses how well remaining, functional roads perform, after the loss of other flood impacted road segments in the network. The 
normalized edge betweenness centrality is calculated under normal road network conditions (i.e., before flood occurrence) and during 
each of the 150 flood scenarios with degraded networks by removing the flood-affected road segments before re-calculation. On the 
example illustrated in Fig. 5(3) the average edge betweenness during flood condition is calculated for the remaining network after F1, 
F7 and other flooded roads were excluded from the original network. The flood scenario with the minimum Mean-EBC is then ranked 
first. The minimum Mean-EBC represents the maximum direct impact of floods on the remainder of the functional road network. 

2.2.2. Selection criteria and comparison of extreme flood impacts 
Among the 150 extreme flood scenarios, we chose different flood scenarios to analyse the vulnerability of road network further. 

Flood scenario selection is based on two different criteria. Firstly, we select flood scenarios with the highest rank for one of the three 
approaches, namely LI, Mean-EBC, and Total-EBC. Secondly, the correlation between the ranking of the three approaches is applied to 
define the basis for the subsequent selection criteria, which result in a notably different ranking (high differences) to analyse the 
influences (e.g., network topology, extend of flood) of the vulnerability assessment. It is defined as a difference between Mean-EBC and 
Total-EBC. The difference indicates how much the rankings of flood impacts to the rest of the network diverges from the total 
importance based on connectivity of flooded road elements. 

Correlation tests are carried out between the results of the different measures using Spearman’s rank order correlation (Weaver 
et al., 2017) in an R statistical analysis tool. Spearman’s correlation test returns the strength of the relationship between two sets of 
variables. While the null hypothesis of Spearman’s correlation test suggests that two variables are not associated, the alternative 
hypothesis suggests that there is a monotonic relationship that either indicates a positive or a negative relationship. Since LI is a ratio, 
we use Spearman’s rank-order correlation test. 

After selecting flood scenarios based on the ranking of three measures and divergent ranking between the measures, we compare 
the selected flood scenarios based on their geographic extents both quantitatively and qualitatively. Analyses consider flooded areas, 
flood affected road surfaces and traffic zones, and ratios between flood affected road surfaces and total road surfaces either by each 
flood scenario or by combination of flood scenarios. Combination of flood scenarios include a case that a road or a traffic zone affected 
by one specific scenario but not others based on logical combination of floods. 

2.3. Accessibility indices and their comparison by flood scenario 

The shortest travel times between zones are used as an impedance in the accessibility. After data pre-processing and the selection of 
flood scenarios, the calculation of the shortest travel times between zones was carried out before the accessibility-based vulnerability 
analysis could be conducted. 

2.3.1. Identification of average shortest travel time paths between traffic zones 
The impedance function in the Hansen index can represent either the shortest distance or the shortest travel time. Generally, both 

are calculated from one centroid starting point (node) of one zone to another centroid endpoint (node) in the other zone of interest 
within a network. 

Our method differs in that each traffic zone is divided in a grid with 200 × 200 m raster cells with respect to the settlement pattern 
and selected a node of road network in each raster cell (see Fig. 6). Due to the increase of considered nodes in traffic zones compared to 
one centroid point, the shortest travel time paths were calculated using the network analysis tool igraph between each node of a given 
traffic zone to all nodes of another zone. These represent all possible travel times between the zones. In the next step, the average 

T. Papilloud and M. Keiler                                                                                                                                                                                           



Transportation Research Part D 100 (2021) 103045

10

shortest travel time was calculated between the considered zones. 
In the last step, average shortest travel time paths were identified between traffic zones under both normal conditions and during 

extreme flood events by considering all roads as possible detour options while travelling by car. 

2.3.2. Population weighted Hansen index (A1) 
We did not further investigate the normalized Hansen integral index measure (Eq. (1)) because it focuses on only opportunities in 

other zones beyond those in the source or original zone of interest. Thus, flood impact on the zone of interest has no effect on the 
accessibility-based vulnerability of the road network. Therefore, we modified the population weighted Hansen index (Eq. (3)) by the 
total number of opportunities available in the study area, except for opportunities in zone i. We consider the total number of 
employment places and schools (including primary and secondary level locations) together to represent opportunities, as exemplified 
in Chen et al. (2015). Additionally, the population of zone i was also normalized by the total population of the study area. We call this 
modified approach A1 (or Aout). The equation becomes: 

A1i =
Pi
Ptotal

×

∑
jBjf

(
Cij

)

∑
jBj

, (7)  

where Bj is the total number of opportunities in a given traffic zone, which is the combination of employment and school places. 

Bj = Empj + Schj. (8)   

Empj – employment places in traffic zone j 
Schj – schools in traffic zone j 

The population weighted Hansen index (A1, (Eq. (7))) identify how residents of the traffic zone of interest (or the source area) take 
part in particular activities (e.g., work and study) in other zones. Therefore, attractiveness between traffic zones is defined by both the 
population living in the source traffic zone and the availability of opportunities in other zones. 

2.3.3. Opportunity weighted accessibility index (A2) 
Similar to the modified population weighted Hansen index (Eq. (7)), Chen et al. (2015) used employment and school places as an 

attraction weight (Eq. (9)) but normalized opportunity and population are swapped in their positions. That implicates how oppor-
tunities in the traffic zone of interest is attracting the population of other traffic zones with respect to overall accessibility. 

Ai =
Bi
Btotal

*
∑n− 1

j

Pj
Ptotal

f
(
Cij

)
(9)  

Bi = Empi + Schi. (10)   

Bi
Btotal 

– attraction weight of zone i (i.e., employment and school enrolment weight of zone i, which equals ratio of employment and 
school enrolment in zone i to the total employment and school enrolment in the whole study area); 

Fig. 6. Illustration of two traffic zones (A and B) for calculating the shortest travel time path. Green nodes indicate centroid starting and end points 
for the calculation. Grid of 200 m by 200 m cells in two different traffic zones, red nodes selected for each cell along the road network, which are the 
basis for the calculation of average shortest travel time. 
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Pj
Ptotal 

– weight of population in zone j, which equals the ratio of population in zone j to the entire population in the whole study area. 

Considering this background, (Eq. (9)) can be rewritten as A2 (Ain): 

A2i =
Empi + Schi

Emptotal + Schtotal
*
∑n− 1

j

Pj
Ptotal

f
(
Cij

)
(11) 

The opportunity weighted accessibility index (A2, (Eq. (11))) shows how residential populations of other traffic zones are attracted 
to opportunities present in the source zone. 

2.3.4. Transport, opportunity, and population specific accessibility (TOPS-A) 
During the occurrence of a flood event, we consider both changes (i) to the flood-affected population as well as opportunities and 

(ii) average travel times in the accessibility measure. Calculation of accessibility during a flood for each traffic zone includes pop-
ulations and opportunities outside of the flooded areas. We adapt the presented approaches to address flood impact accordingly. 

The modified population weighted Hansen index (A1) during a flood is expressed as: 

TOPS − A1i =
(Pi − Pi flood hit)

Ptotal
×

∑
j(Bj − Bjfloodhit )f (cij)∑

jBj
. (12) 

The modified opportunity weighted accessibility index (A2) during flood is expressed as: 

TOPS − A2i =
(Bi − Bi flood hit)

Btotal
*
∑n− 1

j

(Pj − Pjfloodhit )
Ptotal

f
(
cij
)

(13)  

2.3.5. Comparison between selected floods based on accessibilities 
Total accessibility is calculated by summing one type of accessibility (either A1, A2, TOPS-A1 or TOPS-A2) of 531 traffic zones 

before and during floods. The ratio of total accessibility is a relative, unitless measure, where total accessibility during flooded con-
ditions is divided by the total accessibility during pre-flooded conditions. This measure also applies to overall vulnerability and enables 
the comparison of vulnerability under different flood scenarios. Besides calculating total accessibility, we also measure the average of 
accessibilities of 531 traffic zones prior to and during flood occurrences. In addition, a ratio of average accessibility is calculated by 
dividing the average accessibility during flood occurrences to the average accessibility associated with pre-flood conditions. 

2.4. Vulnerability indices and influencing factors 

We use relative values of the four outlined accessibility indices as vulnerability values, which indicate to which degree accessibility 
is reduced during flood occurrence, compared to the pre-flood conditions. To visualize vulnerabilities per traffic zone, defined interval 
classes which are similar to equal range classes used by Noland et al. (2019) are used, in particular, 0.2 for the ratio of accessibility. 

Correlation analysis is carried out between vulnerability indices and population, and opportunities parameters to identify the 
relative degrees of influence. Additionally, we use geographic maps with 531 traffic zone, where each zone has an assigned 

Fig. 7. Loss Index of flooded roads (greater than0.2 m) identified from 150 probable maximum flood scenarios in the considered Aare River basin. 
Flood scenarios are noted in the x-axis from f1 to f150. Red line indicates a threshold of 0.025, which means more than 2.5% of the road surface in 
the study area are flooded. 
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vulnerability value to represent the regional effects on total vulnerability indices. Linear regression analysis is applied to identify the 
relationship between changes in accessibility values in each traffic zone based on TOPS-A1 and TOPS A2 approaches to changes in 
travel time, population, and opportunities due to the impact of each flood scenario. 

3. Results and discussions 

3.1. Measure for flood impact and selection of extreme flood scenarios 

Fig. 7 shows the distribution of the Loss Index (LI) for 150 flood scenarios. Only one scenario generates a LI below 0.015 and thus 
directly affects just 1.5% of road areas or surfaces out of the 150 flood scenarios considered. Sixty-seven scenarios resulted in LIs 
between 0.015 and 0.2, and 73 scenarios with LIs between 0.02 and 0.025. The nine most extreme floods identified by this measure 
reach or exceed an LI of 0.025 (above the red dotted line in Fig. 7), which covers more than 2.5% of the road area in study regions. 

The rankings of flood scenarios based on LI, Total-EBC, and Mean-EBC are presented in Table A.2, as is the difference between 
Mean-EBC and Total-EBC. The relationship between LI and Total-EBC (see Fig. A.1) is monotonic and strongly positive. Spearman’s 
correlation coefficient between the LI and the Total-EBC is 0.97 and is statistically significant (p = 0). 

A range of flood scenarios were then selected for further analysis based on the ranked evaluation criteria. For instance, flood 
scenario f69 is ranked highest among all flood scenarios for the LI value (see Table 2 and Table A.2), representing the highest pro-
portion of inundated road surface area. However, flood scenarios f77 and f147 are highest ranked for Total-EBC and Mean-EBC values, 
respectively. Due to the high correlation between LI and Total-EBC (Fig. A.1 and examples in Table 2), only Total-EBC is compared 
with Mean-EBC. Flood scenarios f79 and f108 were identified as representing the most pronounced differences in both negative and 
positive values (see Table 2 and Table A.2). Flood scenario f79 represents a lower direct impact to the road network with the second- 
lowest LI and Total-EBC values. In contrast, flood scenario f108 represents a higher direct impact to the road network but is ranked 
third for Total-EBC. Moreover, scenario f77 was also similarly ranked across all three measures, whereas rankings shift from f69 to f147 
between LI and Mean-EBC values (see Table 2). 

3.2. Comparison of selected flood scenarios by direct impacts 

Table 3 presents an initial overview of the selected flood scenarios’ key characteristics in flooded areas, affected roads, and Traffic 
Zones (TZ). 

Flood scenarios f69 and f77 share highly similar total flooded area, total flooded road surface, and number of affected TZs. 
However, differences arise in the number of affected TZs, and the road area is flooded by only one specific scenario. The f147 scenario 
affected slightly smaller areas than scenarios f69 and f77 but affected a similar number of TZs. Flood scenario f79 shows the lowest 
values for all the characteristics considered. Although flood scenario f108 shares comparable values with f69, f108 is based on a very 
different flood pattern characterized by the most extensive road area and TZs only flooded by this specific scenario. However, f108 
affected fewer TZs than scenarios f69, f77, and f147. 

Table 2 
Flood scenarios selected by ranking of LI, Total-EBC, and Mean-EBC to measure flood impact on the road network and divergent ranking between the 
approaches.  

Criteria Loss Index Total-EBC Mean-EBC Difference (Mean-EBC – Total-EBC) Flood scenario 

Maximum by LI 1 6 14 8 f69 
Maximum by Total-EBC 4 1 3 2 f77 
Maximum by Mean-EBC 16 15 1 -14 f147 
The highest negative difference 149 149 28 -121 f79 
Maximum difference 12 3 148 145 f108  

Table 3 
Key information for selected flood scenarios including information on the selection criteria (see Table 2). Total road surface = 27,361,108 m2; Total 
road length = 6,703,328 m. Highest values are marked in bold.  

Flood scenario f69 (LI) f77 (Total- 
EBC) 

f147 (Mean- 
EBC) 

f79 (Diff. 
negative) 

f108 (Diff. 
positive) 

Total flooded area (m2) 27,750,000 27,450,000 25,352,500 19,945,000 27,722,500 
Total flooded road surface (m2) 531,758 530,702 460,203 255,092 539,205 
Total flooded road surface (m2)/Total road surface (m2) 0.0192 0.0193 0.0168 0.0093 0.0197 
Total flooded road length (m) 111,126 112,726 100,166 55,905 112,214 
Flooded major roads (m)/Total flooded road length (m) 0.237 0.228 0.214 0.193 0.238 
Road area (m2) only flooded by one specific scenario 2,122 8,038 0 52 77,604 
Number of affected TZs (with flooded road surface) and ratio to 

overall TZs 
96 
0.18 

96 
0.18 

94 
0.177 

82 
0.15 

90 
0.17 

Number of affected TZs, only affected by one specific scenario 6 14 0 1 40  
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Table A.3. shows that the selected flood scenarios affect 84 traffic zones, and most of the traffic zones are affected by three to five 
flood scenarios. Additionally, the geographic extent of the extreme flood scenarios is compared, based on common flooded areas under 
various combined flood scenarios. Each combination is differentiated by colour in Fig. 8. Four main flooded areas (noted as A, B, C and 
D) are also enlarged to demonstrate which flood combination dominates in these areas. For all of these areas, the combination of five 
floods in blue is dominant or clearly covering a significant amount of area. 

Because f108 has a different flood pattern from the other selected scenarios, we compare flood scenarios f79 and f108 in more detail 
over four sub-areas in Fig. 9. 

Fig. 9A presents a good example of the differing flood extents of scenarios f79 and f108. Furthermore, different patterns are 
observed on flood-affected roads in the eastern part. Fig. 9B indicates that generally, the flood extent and the proportion of flooded 
roads near Thun is smaller or less in scenario f79 than in f108. However, f79 impacts more roads and more critical ones within the 
network, such as the motorway in Interlaken (Fig. 9C), than does f108. In f108, although a larger extent along the shore of Lake Thun is 
flooded, these affected areas consist of less critical road sections. In the Bernese Oberland (Fig. 9D), the main roads follow the lake 
shore and the Aare River. These are identified as key water sources and are directly affected when water levels rise during extreme 
events. 

The pattern of direct impacts of extreme floods on the road network depends on the spatial pattern of floods. Both f79 and f108 
could represent a group of flood scenarios with similar patterns and spatial extents. However, f79 and f108 differ greatly in direct flood 
impact. 

3.3. Comparison of selected flood scenarios and applied approaches: indirect impacts 

3.3.1. Accessibility-based vulnerability at a regional level 
We use total and average accessibility indices to assess overall accessibility in the region. Firstly, we present total accessibility for 

all 531 traffic zones in the study area, both before and during flood conditions using four accessibility indices. Although interpretations 
of the four indices differ, the total accessibility identified for the whole study area under these two conditions has similar values when 
A1/A2 and TOPS-A1/TOPS-A2 approaches are applied (Table 4). Total accessibility before flood onset for all 531 traffic zones is 3193, 
a value that decreases during flood occurrence. 

Table 4 shows that scenario f77 affects total accessibility the most, followed by f147, considering results from all four indices. In 
contrast, f79 produces the lowest accessibility impact of all flood scenarios. The different accessibility indices show the same patterns 

Fig. 8. Flooded areas of selected scenarios in the study area. Flood scenarios are overlaid to indicate areas which are flooded in several scenarios 
(3–5 flood scenarios) and which are only affected by specific flood scenarios (1–2 flood scenarios). Numbers after flood combinations (such as - - 
671) indicate number of pixels of 50 m by 50 m. Four zoom-in areas provide a more detailed overview of the most affected regions. 
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of impact for the selected flood scenarios. Flood scenario f77 is associated with the highest Total-EBC for flood-affected roads (Table 2), 
the greatest flooded road length, and the highest number of affected TZs (Table 3). Thus, accessibility indices calculated for f77 also 
indicate the lowest total accessibility (Table 4). Overall, TOPS-A1 (TOPS-A2) ratios function as indicators of vulnerable areas, where 
lower accessibility is observed than for the ratios of A1 (A2) before and during flood events. 

Secondly, average accessibility in the study area before flood occurrence is 6.01 for A1 and A2. Average accessibilities during floods 
and ratios between average accessibilities during and before flood conditions are listed in Table 5. 

The ratio of average accessibilities listed in Table 5 also identifies f77 as having the lowest overall average accessibility during 

Fig. 9. Comparison of the effect on flooded roads by two flood scenarios, f79 (low rank of Total-EBC, high rank of Mean-EBC) and f108 (high rank of 
Total-EBC, low rank of Mean-EBC), presented in the zoom-in areas (A-D) of Fig. 8. 
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floods. In contrast, f79 was consistently identified as having the highest accessibility of all flood scenarios. Both total (Table 4) and 
average accessibility indices (Table 5) indicate values that are up to 2% lower for TOPS-A1 and TOPS-A2 indices than those for A1 and 
A2 indices. 

3.3.2. Spatial pattern of vulnerability based on traffic zones 
Because vulnerability is defined as a ratio of accessibility between before and during floods (Section 2.4), the spatial pattern of 

Table 4 
Total accessibility based on four accessibility indices in various flood scenarios and ratio of changes, compared with values without flood impact 
(value 3193). Values indicating most notable changes are in bold.  

Flood scenario/indices A1 (A2) during floods Ratio (A1/3193) TOPS-A1 (TOPS-A2) during floods Ratio (TOPS-A1/3193) 

f69 2776  0.87 2718  0.85 
f77 2748  0.86 2697  0.84 
f147 2769  0.87 2732  0.85 
f79 2878  0.90 2859  0.89 
f108 2787  0.87 2735  0.86  

Table 5 
Average accessibility indices during flood scenarios and ratio of changes compared to values without flood impact. Values with strongest change are 
in bold.  

Flood scenario/indices Total average A1/A2 during floods Ratio of change Total average TOPS-A1/TOPS-A2 during floods Ratio of change 

f69  5.22  0.87  5.12  0.85 
f77  5.17  0.86  5.08  0.845 
f147  5.21  0.87  5.15  0.86 
f79  5.42  0.90  5.38  0.895 
f108  5.25  0.87  5.15  0.857  

Fig. 10. Vulnerability as an accessibility ratio calculated with A1 ratio, TOPS-A1 ratio, A2 ratio, and TOPS-A2 ratio (top to bottom). The first 
column of results corresponds to flood scenario f69, followed by results of flood scenarios f77, f147, f79 and f108, respectively (left to right). 
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vulnerability in various flood scenarios is investigated. The vulnerability results for four approaches and calculated for five flood 
scenarios are illustrated for all 531 traffic zones (TZs) in Fig. 10. The most vulnerable TZs with the lowest accessibility ratios are 
presented in red. Fig. 10 highlights differences among flood impacts organized by TZs. However, all selected flood scenarios show a 
similar regional pattern, where most TZs in the central and eastern parts of the study area have lower accessibility ratios than those in 
the northern part, even though TZs along the floodplain between Thun and Bern are characterised by two low impact zones (dark and 
light green classes) in various flood scenarios. 

In Fig. 10, vulnerabilities of individual zones have somewhat similar patterns in the f69, f77, f147, and f79 flood scenarios. These 
patterns highlight traffic zones with accessibility ratios less than 0.2, especially in the south-eastern corner of the study area. In 
contrast, vulnerabilities of individual zones in f108 differ where there are only a few traffic zones with accessibility ratios of less than 
0.6. 

The results show differences between the weighted Hansen index (A1 or A2) and the modified Hansen index (TOPS-A1 or TOPS-A2) 
are particularly significant for neighbouring areas of flood-affected traffic zones. In particular, TOPS-A2 highlights an increase in 
vulnerability in the neighbouring TZs and a slight increase of vulnerability in some more distant TZs. 

A spatial zoom-in presented in Fig. A.4 (areas indicated as red rectangle in Fig. 10) of flood scenario f69 highlights ratio change 
differences for each approach per traffic zone. The A1 and TOPS-A1 approaches have a spatially wider impact than the A2 and TOPS- 
A2. This difference is attributed to differences in population distributions, densities, and opportunities. The spatial spread of affected 
TZs increases when comparing A1 to TOPS-A1 and A2 to TOPS-A2, because flood-affected populations and opportunities are incor-
porated in TOPS-A1 and TOPS-A2. This suggests an improvement in the accuracy of the accessibility calculation with the spatially 
aware TOPS approaches, thereby improving the accuracy of vulnerability calculations in these individual traffic zones. The spatial 
effect on accessibility of choosing either a population-weighted or an opportunity-weighted approach is clearly illustrated in Fig. 10 
and Fig. A.4. 

3.3.3. Statistics of vulnerability 
To gain insights into the effects of different approaches, we compare the vulnerability of individual traffic zones under different 

flood scenarios by generating box plots of the ratios of each accessibility index. Statistics on the ratios of all accessibility indices 
computed under five flood scenarios for 531 traffic zones are illustrated in Fig. 11. Fig. 11 shows the effects of flooding in A1 and A2 
indices are comparable for each flood, as are the effects of TOPS-A1 and TOPS-A2. However, mean ratios of TOPS-A1 and TOPS-A2 are 
up to two percentage points lower than mean ratios of A1 and A2 indices per flood. 

Scenario f79 is associated with the highest ratio values (maximum, median, and mean) among the flood scenarios, but resulted in 
the smallest ranges of ratios. This suggests that scenario f79 resulted in the lowest vulnerability of road networks in the study area; this 
finding is consistent with key information about the flood scenario summarized in Table 3. Although mean ratios of A1 indices for f79 
and f108 are similar (0.83 and 0.82, respectively) and higher than the ratios of the other three scenarios (Fig. 11), the range of ratios for 
f79 and f108 are distinctly different. Flood scenario f108 is associated with fewer outliers than f79, which means a higher number of 
TZs with reduced impact on accessibility during floods. Moreover, the range of ratios of the TZs for f108 shows a similar distribution as 

Fig. 11. Boxplots of ratios of accessibility indices A1, TOPS-A1, A2, TOPS-A2 in different flood scenarios. Mean values are indicated in diamond 
shaped points. 
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those of f69 and f77; this also corresponds well with the key flood scenario information in Table 3. In contrast, the range of ratios for 
f79 contains a higher number of outliers, which indicates strong impacts on accessibility per TZ here, where the median is the highest 
of all scenarios. Flood scenario f147 has a smaller range of accessibility changes within the individual TZs than the ranges calculated 
for scenarios f69, f77, and f108. 

In contrast to similar mean values obtained with A1 and A2 approaches (and also with TOPS-A1 and TOPS-A2), the median of the 
ratios under all of the scenarios using the TOPS-A1 and TOPS-A2 approaches are lower than those of A1 and A2 approaches. In 
addition, maximum and Q3 (75%) values of A2 and TOPS-A2 are consistently lower than those of A1 and TOPS-A1 approaches. These 

Fig. 12. Relation of changed travel time due to the impact of flooded roads and difference of accessibilities after floods based on TOPS-A1 and 
TOPS-A2 for the five selected flood scenarios (f69-f108). 
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results indicate that ratios of opportunity-weighted accessibility approaches are generally lower than those of population-weighted 
accessibility approaches. 

Because both A1 and A2 accessibility indices originated from the Hansen integral accessibility index, the results indicate both 
differences and similarities. The total accessibilities obtained with these approaches are comparable (Table 4), which is expected. 
However, accessibilities for individual traffic zones differ depending on the attractiveness factors: population for A1 and opportunities 
for A2. Correlations between population and A1 and between opportunities and A2 are verified prior to the onset of floods. As ex-
pected, the scatter plot in Fig. A.2 shows a monotonous relationship between population and A1, with a Spearman correlation 

Fig. 13. Relation of changed population due to the impact of floods and difference of accessibilities after floods based on TOPS-A1 and TOPS-A2 for 
the five selected flood scenarios (f69-f108). 
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coefficient of 0.77 (Table A.4). Fig. A.3 shows a linear relationship between opportunities and A2, with a Pearson correlation coef-
ficient of 0.91 (Table A.4). According to the definition of accessibility, when opportunity increases in the area, the accessibility to this 
area should also increase (Geurs and van Wee, 2004). The modified indices, TOPS-A1 and TOPS-A2, also follow this definition (see 
Fig. A.3). 

Fig. 14. Relation of changed opportunity due to the impact of floods and difference of accessibilities after floods with TOPS-A1 and TOPS-A2 for the 
five selected flood scenarios (f69-f108). 
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3.4. Vulnerability and influencing factors 

3.4.1. Statistics of influencing parameters for vulnerability 
The results of the TOPS-A1 and TOPS-A2 approaches provide the strength of influence that contributing parameters such as travel 

time (Fig. 12), population (Fig. 13), and opportunities (Fig. 14) have on each flood scenario. 
Fig. 12 explains how each flood scenario has different effects on travel time and accessibility indices. When TZs become partially 

accessible or completely inaccessible due to floods, travel times between these and other affected zones are reduced or become un-
defined, which is indicated by negative time differences. In general, Fig. 12 indicates a very weak (TOPS-A1) and a lacking (TOPS-A2) 
linear relationship between travel time changes and the overall change of accessibility prior to and during floods. What is noticeable is 
the spread of differences of accessibility values around 0 to +/- 100 hrs of travel time change. However, TOPS-A2 resulted in stronger 
differences in the accessibility values for four scenarios than with the use of TOPS-A1. Although the calculation for travel time between 
TZs uses the same method for both accessibility approaches, different TZs are affected depending on whether population or oppor-
tunities are used as weight factors. 

Furthermore, the selected flood scenarios resulted in divergent numbers of TZs with negative and positive differences in travel time 
(Fig. 12). Under f108, the number of TZs with negative differences is lower than those identified in other flood scenarios, yet the 
number of TZs with positive differences in travel time is the highest, with values of up to 1000 hrs. The highest number of positive 
differences in travel time indicate that these TZs are all accessible but that the time needed to travel from one TZ to another increased. 
Even though several TZs have increased travel times, the difference in accessibility values between the pre-flood and flood situations 
remains low for this scenario. Thus, f108 results in the second most accessible road conditions, indicated by a 0.80 mean of ratios value 
when TOPS-A1 is applied (Fig. 11). In contrast to f108, f147 results in numerous TZs with high negative travel time differences, which 
indicates partially accessible routes in these zones but many TZs with positive values for differences of up to 450 hrs. Scenario f77 
resulted in the highest number of TZs with negative travel time differences and highly variable accessibility. Because f77 resulted in the 
lowest mean of ratios among all scenarios evaluated with TOPS-A1 (Fig. 11), it is the scenario with the highest vulnerability. Table 3 
shows that f79 has the lowest values of flood-affected TZs and roads. However, it has significantly higher negative travel time dif-
ferences than f108. These higher differences are caused by flood disturbance of highly connected roads. Overall, accessibility dif-
ference depends weakly on travel time difference in the study area. However, it can be strongly dependent for some traffic zones in 
particular locations. 

Fig. 13 focuses on the influence of population and indicates two clusters: first, f79 with the lowest accessibility differences in both 
approaches of TOPS-A1 and TOPS-A2, and second, the rest of the floods with higher accessibility differences in TOPS-A2 than TOPS- 
A1. As the proportion of the population affected rises, the differences of accessibility values also rise, but with a slightly different slope 
for f79 compared to the other flood scenarios in TOPS-A1. This pattern is related to the overall low proportion of population affected in 
f79. Despite the fact that some TZs have nearly none or only a small affected population, the accessibility values differ between the pre- 
flood and flood situation in these TZs. These effects hold for the results of both TOPS-A1 and TOPS-A2. One reason for this effect is the 
increases in travel times between these TZs and other TZs during floods. 

Fig. 14 indicates the influence of the opportunity parameter, where three patterns are identified. First, f79 has the lowest differ-
ences in opportunity and the lowest accessibility differences for the most TZs. Second, f147 has a similar range of differences in op-
portunity to f79, but f79′s differences in opportunity and accessibilities are lower. Third, f69, f77, and f108 have high differences in 
opportunity and high differences in accessibility. These results show again that accessibility values for TZs with no or low changes of 
opportunities are influenced by changing travel time due to the effects of floods in other TZs. Similar patterns exist among the flood 
scenarios for TOPS-A2. As expected, differences in opportunities affect differences of accessibility in TOPS-A2 more linearly than in 
TOPS-A1. 

The strength of influence between differences of accessibilities and differences of contributing parameters varies as flood scenarios 
change. Varying accessibility differences in TZs near zero and very low differences in population and opportunities are explained by 
the influence of travel time differences. 

3.4.2. Spatial context for influencing parameters 
The accessibility-based vulnerability approaches are influenced by changing travel times due to the distribution of flooded roads 

and the availability of detours. The application of the new approach, considering the average shortest travel time as well as all road 
types, allows the integration of a variety of pathways during the flood event. The overall results indicate the presence of a spatial effect 
defined by the overlap of flood extent and a limited number of road connections. In the south-eastern part of the study area, TZ 
vulnerabilities are higher than other zones’ when evaluated for all selected flood scenarios (see Fig. 10). This is attributed to the 
influence of an increased travel times due to flooded roads. Furthermore, the spatial effect of vulnerability is present in many TZs when 
comparing the overall results; the spatially explicit results are visualised in Fig. 10. This characteristic is attributed to higher acces-
sibility in traffic zones in the central part of the study area, such as in f79 (see Fig. 9B). Overall, f79 has lower direct impact fewer roads 
are affected and a high number of possible detours in the dense road network. Nevertheless, f79 engenders higher indirect impact or 
vulnerability in remote areas due to inaccessibility or lower accessibility, especially near Interlaken (see Fig. 9C). This exemplifies how 
flood effects differ on local and regional scales and on specific road networks. 

Furthermore, spatial distributions of population and opportunity parameters within the vulnerability assessment exhibit different 
spatial effects. Traffic zones near Thun have both high densities of population and opportunities. In contrast, TZs near Meiringen are 
the least populated and have the fewest opportunities (see Fig. 2). Vulnerabilities of TZs near Thun under scenario f79 are very low due 
to high accessibility ratio compared to other scenarios (fourth column of Fig. 10). This is because only a small proportion of the 
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population and opportunities of these zones are affected. Furthermore, the impacts are offset by the presence of a dense local road 
network. Even though population and opportunities are least affected in and near Meiringen, all TZs are affected by increased travel 
time because floods that occur near Interlaken, 30 km away, disrupt the highly connected roads. 

3.5. General discussion 

Direct impact of extreme floods to the road network: We extended the use of Mean-EBC together with Total-EBC in divergent 
ranking criteria to select individual flood scenarios among 150 extreme events with different impact patterns. Previously, Kermanshah 
and Derrible (2017) concluded that the impact of any extreme flood should be investigated alone, after demonstrating how to quantify 
the impact of extreme floods using mean edge betweenness centrality in two cities. Although this statement is true when investigating 
different areas, divergent ranking criteria could be used to compare multiple extreme floods in the same area. The divergent ranking 
difference appears to be a quick and efficient method to select for flood scenarios with contrasting direct impacts caused by different 
spatial patterns. Thus, it also supports the grouping of extreme floods with characteristic impact patterns. By doing so, it is assumed 
that flood scenarios in the same group having similar spatial patterns that can result in similar vulnerability patterns in a given region. 

Furthermore, our results present the use of Mean-EBC in a larger region with different local road network configurations compared 
to the analysis of a road network in a single city (Casali and Heinimann, 2019b). Since our study area consists of different urban and 
rural areas, the results show how accessibility-based vulnerability is dependent on road connectivity between these areas. 

More information about the local road network: We incorporated possible detours by considering the most detailed local roads in 
the accessibility analysis under flooded conditions. In previous studies, the shortest travel time path was only computed with major 
roads connecting the centre of the census area to emergency facilities (Gori et al., 2020) and from city to city (Taylor et al., 2006) are 
used. As an extension of this analysis, we use the average shortest travel time path between traffic zones to account for all possibilities 
from each node in one zone to all other nodes in another zone. Despite the higher computation required, the extended analysis we 
conducted ensured that the average shortest travel time produces the most realistic impedance value in the accessibility results. 

Including additional parameter in the vulnerability analysis: The accuracy of vulnerability analysis of traffic zones to extreme 
floods is increased when the calculation accounts for flood affected populations and opportunities. Results demonstrate that although 
the average vulnerability difference in the region is between 1% and 2%, the vulnerability of individual traffic zones shows a more 
precise and accurate outcome. Therefore, including the additional parameter in the accessibility calculation is found to improve the 
vulnerability analysis at the regional scale. Unlike previous study by Taylor and Susiliwati (2012), where the vulnerability of only rural 
areas were assessed using an accessibility measure, our study applies the accessibility to the vulnerability assessment of a region, which 
includes urban, peri-urban and rural areas in the study area. 

Moreover, comparison of different accessibilities with flood affected population and opportunities at a regional scale fills a gap. In 
particular, we gain insight about which vulnerability approach is suited to assess spatial socio-economic impacts, as suggested by 
Caschili et al. (2015). However, our current study is limited to accounting for population and opportunities due to data availability. 
Including time-dependent variables such as travel time and traffic volume data in the accessibility assessment would generate more 
realistic results. This promising research avenue for future studies depends on the availability of suitable data. 

Identifying the vulnerable traffic zones and comparing the different approaches: Results indicate not only the most vulnerable 
traffic zones under one flood scenario but also the most vulnerable traffic zones for the majority of the flood situations. Specifically, the 
traffic zones in the south-east are the most vulnerable due to disturbances to the highly connected roads that serve these zones. 
Compared to the findings in Kermanshah et al. (2017), our study identifies traffic zones that have similarly high vulnerability under 
different extreme flood scenarios. 

Overall, compared to the ratios of A1 (A2) before and during floods, the ratios of TOPS-A1 (TOPS-A2) identify vulnerable areas 
more precisely because they account for flood-affected population and opportunities. For each TZ, the interpretation of accessibility 
measures A1 and A2 is different. Since TOPS-A1 and TOPS-A2 originated from the A1 and A2 respectively, interpretations of TOPS-A1 
and TOPS-A2 follow those of A1 and A2 but with increased precision. 

4. Conclusions 

The main objective of this study was to compare different methods to assess direct and indirect impacts of extreme floods to road 
networks at regional scales. To quickly gain an overview of direct impacts, we used three effective measures, namely Loss Index, Total- 
EBC, and Mean-EBC. Furthermore, we extended the use of EBC by adding the divergent rank measure between Mean-EBC and Total- 
EBC for road networks affected by different flood scenarios. The divergent rank measure supported the selection of representative flood 
scenarios with different patterns in terms of geographical extent and network topology. Overall results highlighted that different types 
of flood scenarios with their distinctive impact patterns correspond with patterns of vulnerability based on accessibility. 

In the accessibility analysis, we used average shortest travel time path between traffic zones considering flood affected areas, 
instead of the shortest travel time between centres of traffic zones. This method identifies more realistic travel paths and consequently 
travel time during the occurrence of extreme floods. 

The most vulnerable traffic zones were identified for each of the selected extreme flood scenarios using the population-weighted 
Hansen index (A1) and the opportunity-weighted Hansen index (A2), as well as the modified accessibility measures TOPS-A1 and 
TOPS-A2 to incorporate the influence of flood-affected populations and opportunities. The newly proposed accessibility measures 
TOPS-A1 and TOPS-A2 follow the general behaviour of accessibility measures, A1 and A2. The strength of influence on the accessi-
bilities before and during the flood depends on the considered parameters (travel time, population, opportunities) used in the different 
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vulnerability approaches. Changes of travel time during the flood have less influence on the vulnerability results considering the 
directly affected traffic zone but indicate a more indirect influence if road sections of high connectivity are flooded. The influence of 
the differences of populations or opportunities during the flood on the vulnerability results are dependent on the different patterns of 
each flood scenario and on the spatial distribution of the parameters in the study area. Overall, TOPS-A1 is influenced by population 
and TOPS-A2 is strongly dependent on opportunities. Therefore, the use of these modified approaches to explicitly include flood- 
affected populations and opportunities was found to improve the accuracy of accessibility assessments of flood scenarios at the 
traffic zone level. Moreover, the results indicate a 1–2% higher difference of vulnerability on a regional scale compared to the measures 
of A1 and A2, but a much higher diversity in the individual traffic zones that are affected. 

The comparative study of four different vulnerability approaches related to flood impact on the road network shows three 
important results: (i) the strong dependency of weighted parameters in the approaches, (ii) the different vulnerability results related to 
the aggregation level (overall study area vs traffic zones therein) and (iii) the effects of different flood scenarios with their direct, and 
more importantly, indirect impacts due the spatial distribution of the road network and the different connectivity levels of affected 
road sections. Therefore, flood protection work, planning and construction of detour routes should be carried out in these high 
connectivity road segments that are associated with relatively higher vulnerabilities. Since our analysis was carried out without traffic 
congestion information, the incorporation of travel time and traffic flow information in future work on accessibility-based vulnera-
bility due to flood disruptions is recommended. 
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Appendix 

See Tables A.1–A.4 and Figs. A.1–A.4. 

Table A1 
Type of road in TLM road data set (Federal Office of Topography, 2019) and assigned weight as width.  

Type of road in integer Type of road in text Weight as width [m] Maximum speed allowed [km/hr] (depending on urban/rural area) 

0 Motorway exit 8 60 
1 Motorway entry 8 80 
2 Motorway 12 120 
4 Connection 8 50/80 
5 Driveway 8 50/80 
8 10 m street 10 50/80 
9 6 m street 6 50/80 
10 4 m street 4 50/80 
11 3 m street 3 50/80 
12 Place 8 50/80 
20 8 m street 8 50/80 
21 Motor street 12 50/80  
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Table A2 
Ranking of flood scenarios by three measures and difference between two ranks in ascending order.  

(continued on next page) 
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Table A2 (continued ) 

(continued on next page) 
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Table A2 (continued ) 

(continued on next page) 
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Table A2 (continued ) 
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Table A3 
Traffic zones affected by floods and their population and opportunity affected. No impact (0.000) or very high impacts of the parameters are indicated 
with the different colours.  

(continued on next page) 
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Table A3 (continued ) 
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Table A4 
Correlation coefficients before flood condition   

POP and A1 POP and A2 OPP and A1 OPP and A2 

Spearman 0.77 (p ¼ 0) 0.24 (p = 0) 0.31 (p = 0) 0.9 (p = 0) 
Pearson 0.74 (p = 0) − 0.01 (p = 0.88) 0.26 (p = 0) 0.97 (p ¼ 0)  

Fig. A1. Correlation of Loss Index and Total-EBC per 150 flood scenarios.  

Fig. A2. Monotonous relationship between total population and A1 accessibility before the onset of floods. Monotonous relationship means when 
population increases, A1 accessibility increases in general. X-axis: population per traffic zone, Y-axis: A1 accessibility. 

Fig. A3. Linear relationship between total opportunities and A2 accessibility before the onset of floods. X-axis: opportunities per traffic zone, Y-axis: 
A2 accessibility of a traffic zone. 
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