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ABSTRACT

Infrastructures play a key role in society. Recent collapses of bridges have underlined their importance
for the road functionality, causing disruptions to commuters and emergency vehicles. Major issues arise
on rural roads, where the lack of redundancy led to the isolation of entire communities. Actual
approaches to assess the resilience of countryside streets rely on the availability of specific datasets,
limiting the practical applications; this issue is typically related to traffic data. This research aims to
propose innovative algorithms to assess the road network’s vulnerability in rural areas, including a
novel traffic data collection process and its calibration. The aggregate metric is called Detour-Impact
Index (DII) and compares the users’ costs before and after a disruptive event. The method uses
traditional network-impact metrics in combination with a new algorithm that allows to gather
quantitative traffic data starting from qualitative information. Users’ travel time showed good
agreement between the proposed procedure and traditional web-based methods. Furthermore, the paper
provides users’ delay costs functions accounting for traffic composition, trips’ purposes, vehicles’
operative costs, nonlinear volume-capacity relation, and average daily traffic. A significant aspect is the
adaptability of this framework, as it is designed to be coupled with existing approaches. The method is
demonstrated on a case study in Tuscany (Italy).

Keywords: Transportation Network, Traffic Engineering, Risk Management, Bridge Failure,
Transportation Management
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INTRODUCTION

Civil infrastructures play a vital function in the management of crisis and commuters’ daily
trips (1). The vulnerability to bridges from hazardous events has been extensively investigated (2). Both
businesses and rescue activities are affected by infrastructures’ collapses. One important issue concerns
the connection between strategic buildings (i.e. hospitals, collective shelters) and countryside’
settlements (3). In those areas, a road link failure might cause the isolation of entire communities. The
problem arises mostly due two aspects: (i) the maintenance of secondary infrastructures and (i) the lack
of network redundancy (4). This introduces the problem of quantifying the vulnerability of secondary
infrastructures. Several authors over the last two decades looked at disruptions on roads, usually by
defining a performance indicator. Reviews of such metrics are given in (5), (6). The body of work
revealed that one metric above all has been widely applied: the Network Robustness Index (NRI)
developed by Scott et al. (7). The study was the first to demonstrate the importance of network
connectivity beside the traditional volume-capacity ratio. In his pioneering work, Scott et al. (7)
associated the travel-time cost to the link performance. This was the key to prove how a local disruption
has a system-wide impact. The concept was taken over by Nagurney and Qiang (8). The network
efficiency introduced the ratio between travel demand and the minimum time associated to an origin-
destination pair. Furthermore, the drop of efficiency is assessed comparing the pre- and post-disruption
conditions. Nevertheless, both metrics cannot account for trips’ purposes. Sullivan et al. (9) tried to
overcome this limitation proposing a modified NRI, known as Network Trip Robustness (NTR). A
further approach, that combines local and global metrics has been proposed by Rupi et al. (10). The
links are ranked based on a local and a global importance index. The former refers to the Average Daily
Traffic (ADT), while the latter to the variation in trips’ costs. The authors drew the attention on the
possibility of having a poor dataset and its implications on the analysis’ outcome. Although researchers
proposed different methods, the impact of a closed link on the network is always assessed based on the
difference in performance before and in the aftermath of a disruption. The main variation relies upon
the alternative metrics adopted. The generalised travel cost is one of the most used (11). A different
approach highlighted the missed cascade effect on traditional path-based scenarios (12). The single link
closure might hide the combined losses of multiple link disruption at a time. To account for multi-roads
failure, several authors have recently tried to link the hazard simulation (e.g. floods, earthquakes) with
network disruption scenarios (13). An example of such integrated approaches can be found in Arrighi
et al. (14). The main difference to classical transportation approaches is the direct dependence of the
accessibility index on the hazard return period. Despite the existence of such advanced methods, there
is still the research need to propose new algorithms to account for datasets availability in rural areas.
Typically, road network analysis problems can be implemented if traffic data is known. For densely
populated areas, there is often the availability of traffic information collected by cameras and traffic
sensors, whereas the countryside’ scenario is quite different (15). The budget constraint is a decisive
factor to local authorities in collecting the traffic data (16), leaving the statistical analysis the most used
in practice, despite its limitations (17). More recently, the use of web-based traffic data was found to be
a valid alternative to the abovementioned methods. Since the release of Google maps API, it was
possible to gather traffic data without the disadvantages of the statistical models (18). Most of these
tools rely on the public version of the API, which represents one of its advantages as it is an open access
resource (19). The image processing technique applied to Google maps is of particular interest (20), as
a specific algorithm was designed to extract the value of congestion of several streets using a histogram
of colours. In the present study, the idea is repeated with the major purpose of combining the image
analysis with engineering theory to quantitatively estimate the traffic on roads. This work presents a
parallel approach compared to the newest ones, that usually rely on the use of crowdsourced data (21).
In here, the methodology is focused on the use of a web image-based algorithm to gather qualitative
data and using traffic engineering theory to transform it into quantitative information. Furthermore, this
work directly answers to the research need of specifically addressing the combination of the following
issues: (i) account for trips’ purposes; (ii) estimate the percentage of heavy vehicles on traffic flow; (iii)
estimate the vehicles’ operative costs related to cars and trucks; (iv) explicitly account for the speed
reduction based on the nonlinear volume-capacity ratio. Although some of these parameters have been
investigated, as the willingness to pay for each extra-minute of driving (22), there is still the need to
merge different approaches and disciplines to assess the disruption on rural roads. Whereas there are
more complex approaches that account both for traffic and hazard simulation methods (23), the present
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study is focused to demonstrate a possible strategy to the mentioned research needs. The method has
been conceived in modules: each step can be further improved or adjusted, including for example a
disruption management module (23) as well as a human-made or natural hazard simulation module
(24). The paper shows how to practically assess the performance of a road network by comparing users’
costs in the aftermath of a disruptive event versus stationary pre-event conditions. The framework is
also focused on data availability issues, by developing an innovative quantitative traffic gathering
method from qualitative information. The applicability of the method is tested on a real network located
in Tuscany (Italy). The paper is organized in four main sections. This section introduces the problem
examining past literature regarding road network performance indicators and traffic data availability.
In Methods the proposed framework is described, whereas in Application a case study is presented. The
resulting implications are discussed in the Conclusions.

METHOD

The most vulnerable component of the infrastructure system is represented by bridges (25).
This has been demonstrated in case of inundations, in which the bridge collapse caused a longer
downtime compared to temporary flooded road links (26). In addition to this challenge, in rural areas
traffic data is often unavailable, leaving the bridge manager to deal with both local and network issues.
Hence, the proposed framework is focused on providing a tool with a wide applicability, especially for
those areas in which data availability represents a serious issue. The output of the model consists in a
performance indicator called Detour-Impact Index (DII). It is defined in Equation 1 as the ratio of the
increased users’ costs in the aftermath of a disruption to the pre-event condition. It is distinguished from
existing metrics as it explicitly accounts for cost-specific functions rather than generalised ones. Thus,
the DII considers the sum of a delay-cost function (DC) and a vehicle’s operational cost (VOC). These
depend on: (i) traffic average speed based on a non-linear volume-capacity relation; (ii) Average Daily
Traffic (ADT) along each link; (iii) driver’s time cost function (DTC) and (iv) traffic composition (i.e.
percentage of trucks), see Equations 3, 4. The DII is also explained through the graphical support of
Error! Reference source not found..

m Network Analysis ™ Collapse Scenario Delay's Costs “

Aim of Analysis OD Matrix Boolean Costs before Detour-Impact
Rescue Activities i=1, .., n paths Triggering Event Collapse Event Index
OR for each O-D pair VAT -
Work trips jth Bridge Collapse fori=1,..,n DIli = AHi / NHj
- Costs before
Traffic Data - NHi
collapse event: NH;j
Vulnerable Traffic Tool Update Costs after
Elements + Traffic Volume Collapse Event Increment of costs
HCM semi-inverse due to the
H procedure i=1,...,n paths fori=1,..,n collapse event: AHi
Steps of the two nested loops: A) loop to all bridges for each 0O-D path
1st. A) B) change O-D
2nd. B)

Figure 1. Flowchart of the Detour — Impact Index Method
DII; = AH;/NH; (1)

Being i = 1, ..., n the alternative paths; j the path closed due to the failure of a network
component; AH is the increment of costs (in €) related to the post-hazard scenario; NH the costs (in €)
assessed in the no-hazard scenario. The greater is DII, the higher is the impact of the traffic-related
costs. It should be highlighted that in Equation 1 the increased cost on alternative paths is normalised
to that of closed route, during normal operations. This allows for the estimation of the impact of the
detour, useful for regular users in case of closed path. Three types of expenditures must be appraised
for each i-th alternative: (i) The normal-operational costs in the j-th path and (ii) in the i-th one; (iii)
The post-hazard costs in the i-th path. Hence, the parameter AH can be evaluated for each link by
subtracting the costs obtained in the post-hazard scenario (DCx+ VOCy) on the i-th path, to the ones in
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the normal condition (NCx+ NVOCy) as in Equation 2; where, k =1, ..., m are the links of the selected
i-th path connecting the O-D for the selected i-th path, as in Error! Reference source not found..
DESTINATION DESTINATION

ORIGIN ORIGIN

Figure 2. Failures and alternative paths. Overall network for OD pairs (left) in which i=1 is taken as
the j-th path. Links for costs computation on the alternative path i = 2 (right)

AH; = Y3 1(DCiy +VOCy) — (NCye + NVOCyi) (2)

It is not possible to compute AH looking only at the post-hazard scenario, since in that case the
information presented by the previous Equation 2 without the (NCx + NVOC) term, would have
provided the total expenditures including the component of traffic during the normal-operational
conditions; this concept is clearer looking at the daily delays’ costs, DCx as in Equation 3.

DCy, = Ty - 1day - ADTy. - ¥7-1(DTCir * pir) (3)

Being T.ix=Li/Saik the k-th link traversal time; S, is the reduced speed obtained through the
updated volume-capacity ratio of the street; Li is the k-th link length; ADTi is the average daily traffic
on the k-th link of the i-th alternative path. The traffic assignment problem is based on a system optimal
management, even though other assignments can be performed, as shown in the section “Collapse
Scenario”. The DTC:; is the cost per unit of time (hours) associated to the users’ trip purpose, namely a
person having a work or non-work trip and driving a r-class vehicle, according to Gervasio and Simdes
(27). The most common scenario in rural areas is represented by commuters’ journeys (i.e. work trips),
while for more refined analyses, the ADTjx can be splitted between work and non-work trips based on
census data and local surveys. In this more complex setup, the indirect costs’ computation shall be
performed separately and added before computing the DII. The percentage of vehicle’s type in traffic
composition is indicated with the symbol pir. The equivalent parameter NCj is evaluated accordingly,
but including the ADT; term and the normal operation speed Snk. The vehicle’s operational cost (VOC)
is computed according to (27) changing the equation syntax for a better application to the proposed
framework. Hence, the VOCix is evaluated as in Equation 4.

Spi
VOCy = =2 Ly - 1day - ADTy - 53-1(DTCyr* pir) (4)

In both parameters, namely VOCix and NVOCiy, the present speed Sk is introduced. In VOCi,
Spik = Saik, while during normal conditions, Syik = Snik. This distinction is made jointly with a negative
value VOC terms, because the vehicle’s operative cost is maximum when (Lik — Spix/Snik*Lik) attains the
lagerst value, i.e. when Spik = Saik. Hence, VOCix — NVOCi« in Equation 2 returns (Lik — Saik/Snik™*Lik)
which is the difference between operative expenditures of vehicles at normal speed Sy and reduced
one, S.ik. The parameter NVOC; is assessed accordingly, with the same recommendation about the ADT;
term and without the minus sign, because no difference is appraised but only the operative costs due to
the volume of traffic ADTj.The DII is just the output of the framework, while the whole methodology
involves five steps: (i) delimitation of the area under study; (ii) acquisition of road network’s and
bridges’ maps; (iii) identification of settlements and build an Origin Destination (O-D) matrix to
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generate the paths; (vi) use of the developed Traffic tool algorithm to analyse congestion scenarios; (V)
assumption of a collapse scenario for each infrastructure and assessment of DII. The flowchart of the
methodology is illustrated in Figure 2 and theoretically discussed in this Section whereas it is used in
a case study in the Application Section.

Setting up of the GIS environment and preliminary analysis of the area under study

The selection of the area under study is made using a GIS tool. Administrative boundaries
delimitate the portion of territory. As the framework is tailored on rural areas, other contexts were not
investigated. Despite this assumption, the theoretical model of the framework is still valid also on urban
areas. In cities only a higher computational effort is required, due to the increased density of bridges,
roads and thus, alternative paths. This issue cannot be taken for granted, but on urban areas the
availability of more data justifies the adoption of existing methods. Hence, the proposed framework
demonstrates its usefulness in rural contexts. The second step consists in gathering the road network’s
map and the bridge location vector, within the area under study. This task can be performed by using
GIS maps. The data-availability issue is highlighted as a possible missed dataset of bridges’ location.
Two procedures are proposed to overcome this problem. The road network map can be considered as a
graph G(S, N), made up by links (S) and nodes (N), being ns the number of links and ny the number of
nodes. The bridges’ location vector B has ng elements. The following two procedures are applicable in
case of missing B. Procedure 1: Consider S in which each link has an elevation attribute, that on Jedlicka
et al. (28) assumes the following values: Z; = {-1, 0, 1}. A bridge b € R"s can be identified using the
following expression: B=Zo N Z1, given Zo < S and Z; < S. The second method allows to find b € R"s
on watercourses. Procedure 2: Given a river network map W made up of nw segments, then B = (W N
Zo) U (W N Z;). The study also requires knowledge about the strategic buildings position. These data
can be found in Emergency Limit Condition (ELC) maps (29). It is crucial to note that either bridges,
strategic structures and infrastructure links, as a design purpose, can be reduced in number depending
if a hazard simulation scenario is run in parallel to this analysis. Then, settlements are identified with
the destination vector D, where D — N. In such way, the arrival point is part of the graph G, and routing
algorithms as Dijkstra can be used (30). The next step concerns the origin-destination (O-D) matrix
design. Each small town is linked to the Civil Protection headquarters, connecting one Origin to several
Destinations. Each O-D pair P includes np paths, each p € R" can be created using existing routing
algorithms (31). Each path is made up by a set of links k = 1...m (Figure 1), each characterized by a
traffic volume vi. Theoretically one can assume that the volume of vehicles is known, but on practical
applications, data availability on rural roads is an issue. Thus, an innovative web-based method has
developed to gather traffic data, and is illustrated in the next section.

Traffic data acquisition

The new method, shown in Figures 3-6, starts looking at web-based traffic layers as the Google
Maps’ one. These layers are qualitative, but it is the Authors’ conviction that they can be considered as
an immediate, simple and effective tool to gather information on traffic conditions in absence of
counters. Indeed, the proposed method is not intended to substitute the more reliable traditional in-situ
counting techniques, but instead to give a first estimation of the traffic quality. The main idea behind
the proposed procedure is to populate each vy vector with a quantitative information gathered using a
two-step method: (i) use of Traffic Tool script to gather qualitative data; (ii) use an algorithm to
transform qualitative traffic information into volumes of vehicles.
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Figure 3. Traffic Tool script flowchart

Traffic script

Firstly, the qualitative data visualized in the web map traffic layer is collected using a script
named Traffic Tool developed by the Authors. The script has been developed using Imagel software
(32). The algorithm’s flowchart is highlighted in Figure 3 and its code can be found in the Appendix
of this paper. The script captures single web-images as from Google Maps, at different
latitude/longitude coordinates and appropriately merges them into a single (bigger) image. In this way
the final picture looks like a single high-definition image. The merging phase is conducted using a
matricial order, by performing two nested loops: one for latitude calculation (rows of the matrix) and
the other for longitude (columns of the matrix). Figure 4 shows a practical example of the assembly
process. Then, one raster per each web-based traffic color is generated by means of another 1J1 script,
provided together with the Traffic Tool. Each image is then overlaid with the road network shapefile
on GIS. This can be done by importing the raster that comes with the tfw companion file, which is also
created by the Traffic Tool. Hence, by employing GIS plugins, the properties of each raster can be
included into the shapefile. An additional column is created on the attribute table of each p € R". User
supervision is always required along these automated steps, as sporadic manual adjustments might be
necessary. The traffic colours from web-based maps as Google’s one, are labelled as follows: green =
AB; orange = CD; red = E; dark red = F. The labels are used to populate the newly created column on
each p vector file. The result is a road network shapefile with qualitative traffic information. As the
simulations are performed by using web-based traffic, multiple simulations can be performed at local
peak hours, or at specific time, depending on the aim of the analysis.

=1 step in i=1
1=1 longitude J=m

step in i=2 i=2
latitude j=2 j=m

-3
|

=

|

b=

» B B D

Figure 4. Assembly process — image from Google Maps©
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From qualitative to quantitative traffic data

The qualitative information is transformed into quantitative one, using a new algorithm that
incorporates equations included in the Highway Capacity Manual (HCM) (33). The process is described
in Figure 5. The qualitative traffic obtained using Traffic Tool is compared to the Level Of Service
(LOS) defined by the HCM. The criterion is established according to Figure 6. The motivations for
such a choice can be explained from the definition of each qualitative metric. For example, Google
stated that the traffic colours represent the delay due to various grades of congestion (34). On the other
side, the LOS is a traffic performance indicator. Hence, the qualitative relationship between the two
indices can be based on the expected-delay level. Since there are four levels in Google traffic and six
in the LOS, a clustering of the HCM index is proposed. A further innovation relies on the use of LOS
as input, while traditionally is an output. A reverse-phased method is then adopted. This allows for the
computation of quantitative traffic volumes. Each LOS is associated to an interval of traffic speed. The
mean value of each speed range Sios is assumed. Then, the link traversal time R; can be calculated, with
the simple relation R=L/Sios, where L is the link length. Similarly, the link traversal time at free-flow
speed Ry can be evaluated by using the HCM. Hence, the quantitative traffic volume, which is based on
road links’ LOS, can be found using the following Equation 5. More in detail, the volume of vehicles
is derived from the images acquired using the script provided in the Appendix of this paper. This script
is also included in GIS environment through the procedures described in the previous subsection.

_ ([T(Re=Ro)+2(Rt—Ro)?]
v= { [2JL2+T(R—Ro)] }C ®)

Where J is a calibration parameter whose values are specified in the HCM, c is the capacity of
the street (vehicles/hour) obtained from OTM maps (28), T is the reference period (typically 1 hour). It
should be noticed that the previous equation does not consider the delay due to signalized intersections.
This can be an issue in an urban area with many traffic lights, but not in rural areas. The traffic volume
obtained through Equation 5 is related to the ADT term on Equation 3, 4, and thus is directly linked
to the DII. To obtain the ADT, the volume in veh/h has to be divided by the hourly volume factor that
can be assumed equal to 0.10. The traffic volume computation sets the stage for the next step which
introduces the collapses.

(OUTPUT of TRAFFIC TOOLJ ( Road Network graph ) ( LOS (from HCM) J

Y

'Qualitative traffic data into Road graph Comparison - see also Figure 6
Google Maps traffic colours are labelled as follow: Qualitative comparisons:

Green = AB AB=LOSA&LOSB
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Red=E E=LOSE

d)ark red=F ) f =LOSF y

( Link Length J (mean LOS speed computation according to HCM

L J
¥

( Link Traversal Time (R) J ( free-flow speed (FFS) and link traversal time at FFS

Quantitative traffic data

see Equation S
\. J

i
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Figure 5. Quantitative traffic assessment flowchart

QUALITATIVE TRAFFIC FLOW

LEVEL OF SERVICE

=f
=
m Km

EQUIVALENCE ACCORDING TO THE FOUR COLORS OF GOOGLE TRAFFIC

Figure 6. Example of LOS levels reduction to the corresponding web-based map classification (in this
case Google Traffic)

Collapse scenario

All data collected and elaborated until this point is employed to simulate the consequences of
a failure in a road. Firstly, the road network is converted to a routable graph. Briefly, in each crossing
anode is generated according to the map’s topology. Directions properties are introduced in the network
and edges act as connectors between nodes. Then, all the paths between an O-D couple are generated
using a routing plugin. To this end, existing algorithms with a GIS interface can be employed (35). This
aspect is crucial when alternative paths are considered. Each route contains information on traffic
volumes calculated with Equation 5. Then, for each O-D path, the following Equation 6 (adapted from
HCM) is assumed to evaluate the traversal time R. expressed in hours, during the collapse scenario.

2
RC=R0+0.25[‘“‘T"”’—1+J('“‘TP”’—1) +16"’“”"L2] (6)

where vyd/c is the volume-capacity ratio that received the detoured traffic from the collapsed
link, as demonstrated below. The total travel time of a specified O-D path is the sum of all computed
R. values for each link of length L. To generate the failure scenario, all the paths for each O-D pair are
considered. The DII computation is demonstrated according to the design in Figure 7, in which bridges’
position is determined by the intersection between the links a, b, ¢, € S and the river w € W. The failure
of a bridge is taken as a Boolean event in this study, whereas the collapse probability can be appraised
using existing hazard simulation models coupled with an appropriate structural analysis (36). The
collapse scenario has the effect of detouring the traffic volume of one path to the alternative one using
a system-optimal assignment. Nevertheless, the proposed method can also accommodate other traffic
assignments such as the user equilibrium. To briefly demonstrate this capability and summarise the
workflow, an example is presented on a simple 3-links network, according to Figure 7. Once that R has
been calculated using Equation 6, the economic costs can be computed, to determine which alternative
path is the most critical. The computation for the network in Figure 7 is done according to the following
workflow:
For p =1 to n, do #n, = number of paths (3 in the network of Figure 7)
Vietour = V) #the volume to detour (Vaetour) is the traffic on the closed path (V)
For iteration = 0 to Vy, do
For i =1 to ny do #n, = number of bridges (3 in the network of Figure 7)
If i =p then
i=i+l1
else
Traffic Assignment computation
compute DII;
According to the example, the input parameters are shown in Table 1.

9
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Figure 7. Network intersecting a river to highlight bridges' locations

TABLE 1. Example parameters and their source for the network of Figure 7.

Source: | Dijkstra on GIS | Traffic Tool O™ HCM HCM Equation 5
Route Length LOS Capacity Av. Speed | FFS Volume

a 2 km E 800 veh/h | 20 km/h 55 km/h | 800 veh/h
b 3 km CD 500 veh/h | 33 km/h 65 km/h | 420 veh/h
c 4 km AB 600 veh/h | 50 km/h 55 km/h | 270 veh/h

During the collapse scenario task, the volume of the closed path is detoured to the remaining
ones according to the selected traffic assignment method. From the point of view of the infrastructure
manager, it would be appropriate to minimize the overall system’s disruption, while in a scenario
without any supervisory intervention, the user optimum assignment offers a more realistic behaviour of
drivers. In compliance with the data of Table 1 and to the network configuration of Figure 7, the results

in terms of DII are presented in Table 2.

TABLE 2. DII results for the parameters of Table 1, network of Figure 7 and two traffic

assignment methods.

Closed: Path “a”. Detoured = 800
veh/h

Sys. Opt. Assignment

Usr. Equil. Assignment

Alternative Paths: ¢ b ¢
Volume/capacity in post-hazard 1.13 1.54 1.54 1.2
condit.

DII 1.1 4.0 2.4 2.3
Closed: Path “b”. Detoured = 420

veh/h

Alternative Paths: a ¢ a ¢
Volume/capacity in post-hazard 1.30 0.75 1.30 0.75
condit.

DII 2.6 1.3 2.6 1.3
Closed: Path “c”. Detoured = 270

veh/h

Alternative Paths: a b a b
Volume/capacity in post-hazard 1.31 0.90 1.21 1.03
condit.

DII 3.8 1.1 2.6 1.6

From this simple example, it is evident that the system optimum assignment enhances the
differences between alternatives, highlighting critical situations that might arise during a network
disruption. On the contrary, this is not well understandable by local managers if the user equilibrium is

10
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employed instead, as no greater differences are observed in terms of DIIs. Nevertheless, this example
highlighted the flexibility of the proposed method, which can successfully accomodate various traffic
assignment models. The framework, in this version, can handle a disruption at time, for each p € R";;
multi-link failures might generate higher DIIs, whereas in such case, the probability of having multiple
disruptions will be included in an updated version of the model. The Detour-Impact Index (DII) has
been proposed here to summarize the influence that the closure of a certain path has on its users, by
looking at the disruptions generated on other routes and compared to the initial conditions of the
network, which might be already in a congested state, being not properly managed. The performance
indicator is applied to a real-world scenario in the following section.

APPLICATION

The framework was tested in the municipalities of Massa and Carrara in Tuscany, Italy. This
province suffered from high damages in the last decade, with two major disasters. One occurred in
October 2011, where severe rainstorms caused the collapse of 11 bridges and damages up to 100 million
euro (37), and another inundation in 2012 on the coastal area, with the collapse of several bridges and
24 million euro damages. In line with this scenario, and apart from major bridge collapses occurred in
the last years (38), several failures on secondary road bridges revealed an unknown problem with a
potential high impact (39), (40). A recent work developed by Puppio (41) has shown that 70% of the
bridges is located on secondary infrastructures (with an average density of one bridge for each km) and
among these, only 20% are found on official maps. Hence, it is not surprising if such collapses cause
severe consequences for the population, leaving entire communities isolated. Thus, the proposed
method has been applied to the Italian territory due to its vulnerability. The superimposition of road and
hydraulic networks showed 756 crossings in the municipalities of Massa and Carrara, located in
Northern Italy. The intersection with the O-D paths reduced the number of crossings to 123, as only the
infrastructures on these routes are considered. Each settlement of these municipalities is connected to
the civil protection headquarter, located in the city of Massa. The framework is here applied to three
zones: (i) area of Avenza (Carrara), connected with suburban freeways to (ii) the city of Massa, (iii)
mountain villages in Massa’s municipality. The traffic composition, according to the average number
of cars and trucks registered to the driving bureau, is 90% of cars and 10% of trucks in the municipality
of Massa, 85% of cars and 15% of trucks in Carrara. In the following analyses, for each path the farthest
village is assumed as Destination.

DII Computation

Between the first and the second zone, seven paths have been identified from the Civil
Protection Headquarter of Massa to Avenza. The analysis showed that only five of them involve a
possible bridge collapse as shown in Figure 8. The results in terms of DII are shown in Figure 9. When
Path 1 is closed, path 4 is the most convenient alternative, with a saving of costs of 44% to path 5, 66%
to path 2 and 100% compared to path 3. Conversely, when path 4 is closed, path 1 is the most
economical alternative. Hence, path 1 and 4 can be considered strategic infrastructures, as the collapse
of any infrastructure on other paths (2, 3, 5) can be dealt by means of these two routes. Furthermore,
path 3 and 4 are those causing the overall major disruptions. Therefore, interventions could be planned
to reduce the indirect costs on these two routes. Matrices as that displayed in Figure 9 can be useful as
support tool for specific improvements on the network, in order to reduce the higher impacts on detoured
users. Thus, after a disruptive event, the connection between the cities of Massa and Avenza can be
assured by several alternatives, with the DII’s matrix as a practical tool for assessing the consequences
on detoured users. A different situation is shown on the second case, where only one alternative path is
available for each O-D pair. From the Civil Protection Headquarter to Massa’s mountain area (zone 2
to zone 3) there are four destinations: Antona, Resceto, Casette and Forno. The last three have almost
all routes in common, so that the collapse scenario is the same. All the other settlements in the area are
located on the way to these three villages. For each destination, the analysis revealed only one
alternative path as shown in Figure 10. The computation of the DII returns the following: DII = 1.7
when path A is closed and DII = 2.6 when path B is closed. In order to choose which is the most critical,
a comparison between DIIs leads to the following statement: closing path B would cause costs 53%
higher than closing path A. Even though this comparison seems to be unreasonable since the
destinations are different, the alternative paths are mutually exclusives as visible in Figure 10. Thus,
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since the costs are computed on each k-th link and, in this particular case, the diverted traffic volume is
equal in both paths, B is more critical than A since path B corresponds to a greater DII.
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Model validation

The validation of the model compares the travel time obtained from the proposed procedure in
the no-hazard scenario to the travel time provided from Google Maps. The traffic analysis is computed
using the same set of traffic data record. Statistical descriptive analysis of the sample returns that the
error variability ranges from 0% to 40% for the lower bound interval, and from 0% to 33% for the upper
bound. Dividing the sample between suburban and mountainous paths, the two measurements can be
treated as independent. Equation 7 was used to compare the error between the Estimated Time of
Arrival (ETA) calculated using the proposed procedure (ETAmetmod) and the same quantity using web-

based maps (ETAyeb)-

Error = | ETApetho

—E TAwebl (7)

TABLE 3. Errors between the ETAs of the proposed method and the web-based maps

estimates.
Statistics of errors Suburban | Mountainous
Compared to Upper 95% confidence interval | 39.4% 12.1%
Lower bound of Mean error 32.1% 5.6%
Google Maps Lower 95% confidence interval | 24.9% 0.9%
Compared to Upper | Upper 95% confidence interval | 8.3% 32.0%
bound of Google Mean error 4.3% 27.2%
Maps Lower 95% confidence interval | 0.3% 22.4%

The results in Table 3 showed that the lowest errors (4.3% and 5.6%) appear in different
boundaries of Google Maps ETA. This implies that the percentage of traffic explained by the model is
considerably different between suburban and mountainous areas. The average ETA in suburban areas
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is closer to the Google Maps ETA upper bound, while the opposite occurs for mountainous areas. This
indicates that the indirect costs are underestimated on highlands compared to suburban ones. Taking
these limitations into account, the results are satisfactory, with low errors (below 5.7%) in both areas.

CONCLUSIONS

Lessons learnt from past events highlight the key role of the road network usability after a
bridge collapse. This aspect is particularly important for countryside and suburban areas, where the
disruption of just one apparently secondary infrastructure might cause the isolation of entire
communities. Moreover, the availability of data on rural areas can limit existing approaches. This is
particularly relevant for traffic data. Furthermore, road performance indicators rely on generalised
users’ costs functions, while the combination of trip’s purpose, traffic composition and vehicles’
operative costs should be explicitly accounted for. This paper addressed these issues proposing a new
aggregate metric, known as Detour-Impact Index (DII). The performance indicator combines traditional
impact metrics with innovative algorithm to address challenges on rural contexts. Indeed, traffic data
availability has been solved using a new web-based method, able to transform qualitative information
into quantitative volumes of vehicles. Furthermore, the method introduced a delay-cost function (DC)
and a vehicle’s operational cost (VOC). This allowed to explicitly account for the driver’s time cost
function, the trip’s purpose and the traffic composition. The method is the first attempt to combine data
availability issues, roads’ disruptions and include the evaluation of users’ specific consequences. As
such, the method is limited by several assumptions, which are critically addressed. These include the
mean LOS velocity as the traffic speed during the conversion from qualitative to quantitative data.
Despite this high-handed decision, the experimental results were found in good agreement with the
predicted values. The validation of the model was verified by a statistical analysis where the error was
4.3% for suburban roads and 5.6% for mountainous ones. Thus, there is evidence to suggest that
assuming the mean speed for each LOS as the mean speed of vehicle’s flow, is an acceptable decision.
It can also be inferred that the street class is a critical parameter to the mean speed assumption. Indeed,
each street category has distinctive values of speed range, and these are summarized in specific tables
in the HCM. Thus, since these are based on semi-empirical studies, it is reasonable to think that the
distribution of speed values on streets follows a normal distribution. Thus, the mean value is also the
most frequent one. This can explain why the method works in good agreement with real-case scenarios.
This procedure is not substitutive of the more reliable traffic counters, but it allows to produce a first
quantitative estimate of the traffic on roads where no traffic data is available. Each path is classified as
being more or less critical to the network, based on a single-link failure. This feature may lead to the
underestimation of DIIs, since a multi-link disruption would lead to higher values. Although this issue
is not for granted, in this situation a different method (i.e. a probabilistic approach) should be assumed
when several disruptions occur at time. This is because in a multi-link failure the worst-case scenario
should be reasonably supported by a probability of occurrence. Future challenges are being made
incorporating a capacity-reduction likelihood. A further expansion might include a refined traffic
volumes calculation applying the same method on other datasets. The proposed framework, in this first
version, might be a useful tool to prevent situations in which the detour implies a significant increase
of users’ costs. The lack of network redundancy on rural areas and critical scenarios can be also
highlighted.
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