
1 INTRODUCTION 

The exposure of critical transport infrastructure to 
natural hazards has severe consequences on world 
economies and societies. Indicatively, transport in-
frastructure closures and delays result on an average 
annual economic loss of £2 billion in the UK, which 
is expected to $10 billion by 2040 (Department for 
Transport 2015). Thus, safety and reliability of road 
networks are critical for supporting the world econ-
omy. For example, the heavy 2007 rainfall in the UK 
affected the road network, with the cost estimated at 
£60m, while during the 2009 floods in Cumbria, at 
least 20 bridges were destroyed or damaged, causing 
one fatality, £34m of restoration costs and large so-
cietal impact. The direct and indirect economic loss-
es due to landslides affecting road networks are of 

similar impact (Winter et al. 2016). Common fail-
ures of transport infrastructure and traffic disrup-
tions are frequently caused by hydraulic nature haz-
ards, e.g. heavy precipitation, flash floods, scour, 
debris accumulation and ice, as well as by other 
geohazards, e.g. earthquakes, landslides, subsidence, 
shrinking/swelling of soils and debris flows. These 
effects were proved to be exacerbated due to climate 
change, which is one of the acknowledged challeng-
es that the infrastructure owners currently face 
(Dawson et al. 2016). In Europe, 30%–50% of road 
maintenance cost (up to €13bn p.a.) is due to weath-
er stresses, while 10% of these costs are associated 
with extreme weather events (Nemry & Demirel 
2012). Therefore, transport infrastructure operators 
are increasingly faced with the challenge of deliver-
ing resilient infrastructure by optimising asset miti-
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gation measures against natural hazards and climatic 
changes, based on their resources.  

It is widely recognised that Quantitative Risk 
Analysis (QRA) is important, especially for the re-
silience and adaptability of critical assets (FHWA 
2013, HM Government 2016). QRA estimates the 
potential economic, functional and social losses in a 
specific period, determined probabilistically as a 
function of hazard, exposure and vulnerability in-
cluding the associated uncertainties. Hazard refers to 
the possible occurrence of natural or human-induced 
physical events that may have adverse effects on ex-
posed assets. Each hazard is characterized by its lo-
cation, intensity or magnitude, frequency and proba-
bility. Exposure refers to the inventory of elements 
in an area or a network in which hazard events may 
occur. Vulnerability refers to the propensity of ex-
posed elements such as transport infrastructure as-
sets to suffer adverse effects when impacted by haz-
ard events (UNISDR 2009). Nevertheless, recent 
comprehensive research by Argyroudis et al. (2019) 
into the available vulnerability models has shown 
that the literature is fragmented and covers only par-
tially the QRA of bridges exposed to single hazards, 
e.g. earthquakes (Gidaris et al. 2017).  

Furthermore, the resilience-based design and as-
sessment frameworks, which account for the assets’ 
vulnerability and the rapidity of damage recovery 
(Dong and Frangopol 2016), have been mainly de-
veloped for bridges exposed to earthquakes. They 
are gradually being adopted in practical applications 
(Chan & Schofer 2015), while are expected to be in-
corporated in the next generation of provisions and 
guidelines (Cimellaro et al. 2010, Almufti & Will-
ford 2013).  For the quantitative resilience assess-
ment, well-informed recovery models that account 
for both geotechnical, structural and operation-
al/functionality effects are required, yet, completely 
missing from the literature or they are limited solely 
for earthquake hazard (Mitoulis et al. 2019).  

More importantly, a vast of monitoring and re-
mote sensing data and evidence, which is available 
to transport asset owners remains unexploited. This 
includes terrestrial, e.g. data generated by cameras 
and mobile activity, instrumented monitoring of 
bridges and geotechnical assets, and airborne data, 
e.g. InSAR, hyperspectral imaging, aerial photog-
raphy, UAV/Drone sensors, as well as open-access 
crowd data, e.g. Google and/or Waze traffic data, 
weather and air pollution measurements. Yet, this 
wealth of information provides reliable means for 
producing accurate and rapidly informed QRAs and 
resilience assessments for critical transport assets. 

The present paper proposes an integrated frame-
work along with representative examples for the 
monitoring data-driven risk and resilience assess-
ment of transport infrastructure exposed to multiple 
hazards by integrating multiscale monitoring sys-
tems. Monitoring data is expected to provide reliable 

means for producing accurate and rapidly informed 
and automated quantitative risk and resilience as-
sessments for transport assets. The framework aims 
to facilitate stakeholders’ unbiased decision-making 
for daily and catastrophic events. A monitoring en-
hanced asset management is also discussed, includ-
ing the use of early warning signals to detect critical 
behaviour of infrastructure assets. In this respect, 
monitoring driven asset management aims to support 
adaptation and preparedness with preventive and/or 
retrofitting measures against multiple hazards for 
short-term planning or extensions of the transport 
networks for enhancing resilience in the long-term. 

2 MONITORING DATA DRIVEN RESILIENCE 
ASSESSMENT OF TRANSPORT ASSETS  

The proposed framework is illustrated in Figure 1, 
and it is outlined in the following for representative 
and common types of transport infrastructure assets. 
The framework includes the different components of 
risk and resilience, namely, exposure, hazard, vul-
nerability, functionality and restora-
tion/reinstatement models. Monitoring and remote 
sensing data can be used to develop new models 
and/or improve the accuracy and reduce the uncer-
tainty of the theoretical models and the input for risk 
and resilience assessments in asset and network level 
(Figure 1F).  

2.1  Exposure of critical assets 
Transport infrastructure are exposed to diverse natu-
ral and weather-related hazards throughout their life-
time, which may have different effects on the vari-
ous transport assets (Figure1A). Argyroudis et al. 
(2019) summarised the effects of critical geotech-
nical and hydraulic hazards to transport infrastruc-
ture assets. For example, road pavements can sustain 
inundation, cracking or washout when exposed to 
floods, and ground failures, such as settlement, 
heaving or lateral spreading. The effects of floods on 
bridges include scour, hydraulic forces on 
piers/abutments/deck, aggravated by debris accumu-
lation and ground movements, which can be aggra-
vated due to climate change effects. In case of seis-
mic hazard, structural elements of bridges can 
experience different damage modes, while geotech-
nical assets, e.g. backfill, can sustain settlement, 
heave, or slump failures. Walls retaining slopes or 
embankments may be exposed to precipitation, 
scouring, ground and landslides/debris flows.  

Exposure and inventory data of transport net-
works are key components of reliable disaster risk 
assessment, commonly obtained from available da-
tabases, census data or by in-situ surveys. Monitor-
ing systems and new technologies can enable accu-
rate and low-cost evaluation of infrastructure 



exposure or improvement of inventories, and hence, 
they can reduce the relevant uncertainties. For exist-
ing or older infrastructure for which the available 
databases are limited or not existing, remote sensing 
can provide fast and low-cost retrieval of exposure 
data with sufficient accuracy. In this context, LiDAR 
systems have been used to obtain information for 
road surface geometry (e.g. lane width, number of 
lanes) and its environment (e.g. road markings, 
pavement cracks, street signs, vegetation) (Guan et 
al. 2016). Exposure datasets and network models can 
be retrieved through Open Street Maps, Google 
maps and high-resolution imagery (Gil 2015, Wang 
et al. 2016).  

2.2  Hazards and intensity measures  
The intensity measures (IM), describe the severity 
and characteristics of the hazard and are used to cor-
relate the response of each asset with the hazard. 
Common IM are the peak ground acceleration 
(PGA) for ground shaking, permanent ground de-
formation (PGD) for ground failure, and peak flow 
discharge or velocity or water depth for floods. The 
IM are usually defined based on available hazard da-
ta and maps provided by national agencies or plat-
forms, e.g. for floods (Alfieri et al. 2014) or earth-
quakes (ESHM13, Woessner et al. 2015) or with 
site-specific hazard analysis (Figure 1B). The hazard 
maps or models correlate the IM with the annual ex-
ceedance probabilities of the hazard for different re-
turn periods, e.g. 5, 50, 100, 500, 1000 years. Based 
on the available hazard data, asset-specific hazard 
actions can be defined by utilising closed-form solu-
tions. The IM should be adjusted by providing a 
range of projections, to account for exacerbation of 
hazard effects under climate change (Forzieri et al. 
2016). Continuous monitoring of hazards provides 
new data for more reliable hazard models, or site-
specific hazard analysis. For example, gauge stations 
in river bridges provide hydrologic data and flow 
records, which can be used to estimate the flood ac-
tions on bridge components (Archer & Fowler 2018, 
Dysarz et al. 2019). 

2.3 Vulnerability and functionality models 
The quantification of risk is commonly based on 
fragility functions, which describe the probability of 
exceeding certain damage states (minor, moderate, 
extensive, complete). They are defined based on 
probabilistic correlations between engineering de-
mand parameters (EDPs) and IMs, on the basis of 
representative failure modes of the infrastructure as-
sets, which may include combinations of structural 
and geotechnical failures (Figure 1D). The fragility 
functions can be developed based on numerical 
modelling, statistical data from past damages, expert 
elicitations or combination of the above (Yuan et al. 

2019, Argyroudis et al. 2019). They are usually pro-
vided for representative typologies of the assets 
based on critical vulnerability parameters, e.g. for 
bridges: type of pier and abutment, deck, number of 
spans, lengths and foundation type. In some cases, 
asset-specific fragility models are developed 
(Stefanidou & Kappos 2019). Long-term monitoring 
data, such as vibration data recorded with accel-
erometers on a bridge, can be used to track changes 
in the structural system, due to changes in natural 
frequencies, i.e. degradation of element structural 
stiffness due to ageing. Moreover, accelerometers 
and LVDTs can be used to monitor the deflection of 
the deck, concrete cracks, stiffness reduction and 
expansion joint movements. These measurements 
can provide data for the safety and risk assessment 
of the structure, as well as for the time-dependent 
fragility analysis of the asset. This information can 
be used to update the numerical model of the struc-
ture, and consequently, to update the estimated fra-
gility functions, considering the change in asset pa-
rameters (e.g. Torbol et al. 2013, Cheng et al. 2019), 
due to ageing effects or accumulation of damage 
(dashed curves in Figure 1D). 

Functionality loss models quantify the induced, 
i.e. non-structural related, effects of hazards on the 
mobility, i.e. vehicle speed as shown in Figure 1C 
(e.g. Lam et al. 2018). Traffic cameras and drones 
can be used to identify the traffic conditions, includ-
ing the closure or partial obstruction due to: (i) inun-
dation, snow, ice or debris accumulation on the 
pavement, (ii) rockfall, ice or debris on the road sur-
face at bridge decks, (iii) debris or water flow and 
accumulation on the road/embankment surface or 
tunnel portals originating from the slope. These data 
can be used to correlate the functionality of the road 
with a hazard intensity measure, for example the 
standing water depth (Pregnolato et al. 2017). 

2.4 Restoration models for transport infrastructure 
The reinstatement (for induced non-structural dam-
age) and restoration (for structural damage) func-
tions, correlate the level of the restored functionality 
with time after the commencement of repair works, 
i.e. rapidity of recovery (Figure 1E). They are com-
monly developed based on expert elicitation ap-
proaches or completely missing from the literature 
(Mitoulis et al. 2019), considering the type and ex-
tent of damage, the available resources, the local 
practices and the associated uncertainties. Traffic da-
ta provides valuable evidence for the recovery pro-
cess after a disruption and can be used to improve or 
develop new reinstatement and/or restoration mod-
els. These models can be updated with the use of 
satellite or UAV/Drone images, taken in different 
periods after the disruption and during the recovery 
of the damaged asset, to quantify the process of traf-
fic recovery and/or the process of the restoration 



works (dashed functions in Figure 1E). Traffic data 
and drivers’ characteristics and behaviours after a 
disaster can be detected and analysed using UAV 
and surveillance cameras (Salvo et al. 2017, Kim et 
al. 2019). 

3 MONITORING DATA DRIVEN RESILIENCE 
ASSESSMENT OF TRANSPORT NETWORKS  

The resilience analysis in a network level considers 
the post-disaster evolution of the origin-destination 
(OD) matrix, as this is dependent on the damaged 
assets with partial or full closures. Damage and 
functionality level are identified based on the models 
described in 2.3 for the given exposure (2.1) and 
hazard intensities (2.2). Traffic analyses are em-
ployed based on dynamic adaptation of the OD ma-
trices, prior to and after the hazard event, consider-
ing the gradual repair and opening of the assets and 
the network functionality recovery on the basis of 
the restoration/reinstatement functions described in 
2.4. The critical components of the network are de-
fined based on their impact on the cost and down-
time during the restoration of the network function-
ality, considering the resilience objectives set by the 
stakeholder. Traffic information extracted from Call 
Detail Record (CDR) crowd data, e.g. Google and/or 
Waze, or weather and air pollution measurements 
can provide input for the quantification of indirect 
losses and consequences, such as traffic delays, 
business interruption and environmental impacts af-
ter the occurrence of a disaster (Kaiser et al. 2017). 

The resilience assessment of the network and its 
evolution with time is illustrated in Figure 2 meas-
ured by the functionality of the network for an ex-
treme hazard event, e.g. a flash flood, a debris flow 
or an earthquake. Practically, the network resilience 
is a function of the resilience and functionality of its 
assets, e.g. bridge, tunnel, embankment, road pave-
ment, and is dependent on the capacity of the struc-
tural components, e.g. foundations, deck, piers. The 
black solid line represents a transport network with-
out monitoring (NM), where inspections are only 
performed in certain periods of time. The red line 
corresponds to the improved resilience models based 
on the monitoring (M) of infrastructure as described 
in the previous section. The functionality of the net-
work starts from 1.0, i.e. the designed performance, 
while different periods at the life-cycle of the infra-
structure are shown in the figure, i.e. 1: normal func-
tion (with monitoring M1 or without monitoring 
NM1); during this period is possible to observe a 
drop in the functionality due to degradation of the 
infrastructure.  2: mitigation measures (M2, NM2) 
after the occurrence of an extreme event, which 
causes an abrupt loss of the network functionality. 3: 
normal function/adaptation (M4, NM4), and poten-
tially life extension. 

 These periods are usually different and do not 
necessarily coincide when monitoring is applied. 
Monitoring influences the abovementioned periods 
as follows: (a) a more reliable evaluation of the 
functionality loss due to degradation or increased 
traffic demands can be achieved if monitoring is ap-
plied in period 1 (normal functionality), (b) the post-
damage response time and the lag time in decision 
making can be reduced when monitoring data are 
available, for defining the extent of damage and the 
impact on the network (period 2), (c) the recovery 
will be faster ( ) due to more expedient and 
better understanding of the infrastructure condition 
(period 2), (d) the reliability of the loss and resili-
ence assessment models is increased, by lowering 
the uncertainty (in all periods), and particularly in 
the post-disaster period when information is limited 
and of low quality when monitoring is not available, 
(e) a timely decision making and application of mit-
igation or adaptation measures can be enabled (peri-
od 4), well before the infrastructure reaches its criti-
cal functionality fcritical, and hence allowing 
continuous and expedient adaptation to the new de-
mands ( ). For item (c), it is noticed that a 
monitored infrastructure is more likely to gain its in-
itial functionality, whereas an infrastructure that is 
not monitored is unlikely to accurately reach the 
same level of functionality, after mitigation 
measures are applied. Moreover, monitoring systems 
can provide timely early warnings after the time of 
the initiation of the infrastructure deterioration, due 
to the accumulation of damage or after the loss of 
capacity of the infrastructure following an extreme 
event. The use of early warning techniques is further 
discussed in the next section.  

4 MONITORING ENHANCED ASSET 
MANAGEMENT 

4.1 Use of airborne data in asset management 
Satellite images or UAV/Drone LiDAR data can be 
enabled for high-resolution measurements of ground 
and pavement displacements, such as settlements, 
lateral spreading, heaving and potholes, caused by 
floods, earthquakes or ground failures (Pan et al. 
2018). Remote sensing techniques, including photo-
grammetric surveys, Light Detection and Ranging 
(LiDAR) datasets, Interferometric Synthetic Aper-
ture Radar (InSAR), aerial and hyperspectral image-
ry can facilitate the management of geotechnical as-
sets, such as embankments, cuttings and natural 
slopes and support the decision-making by the net-
work owners (Wolf et al. 2015, Pritchard et al. 
2018). UAV/Drone LiDAR technology can be used 
to generate 3D images of the assets and identify dis-

𝑡𝑟𝑒𝑐𝑀 < 𝑡𝑟𝑒𝑐 ) 1 

(𝑡𝑎𝑑𝑎𝑝𝑡𝑀𝑖 < 𝑡𝑎𝑑𝑎𝑝𝑡𝑁𝑀𝑖  1 



placements and possible failures, while multispectral 
aerial imagery can be applied to assess the slope sta-
bility, the debris flow or water flow and their accu-
mulation originating from the slope. For example, 
Miller et al. (2011) used airborne laser scanning 
(ALS) and multispectral aerial imagery to determine 
key slope stability variables. This data was used to 
parameterize a coupled hydrological–geotechnical 
model, to simulate slope behaviour of highway or 
railway earthworks, such as embankments and cuts, 
under current and future climates. The resulted slope 
risk mapping provides practical means to infrastruc-
ture operators for prioritising site inspections.  

Recently, UAVs have been integrated in post-
disaster reconnaissance to document structural or 
geotechnical damage and collect data of system be-
haviour during and after extreme hazard events such 
as earthquakes, floods and hurricanes (Zekkos et al. 
2016, Greenwood et al. 2019). UAVs have been also 
integrated in the inspection and monitoring of bridg-
es, to detect deformations and cracking (Gillins et al. 
2016). 

4.2 Early warning signals of critical behaviour of 
infrastructure assets 

Early warning signals is a part of general tipping 
point analysis (Livina et al. 2015, Prettyman et al. 
2019) that allows one to anticipate, detect and fore-
cast critical trajectories of dynamical systems. Re-
cently the early warning signals were studied in sen-
sor data of bridges (Livina et al. 2014) and in 
electromagnetic da-ta (Livina et al. 2019). The NPL 
footbridge was studied with multiple sensors in-
stalled along the construction, which underwent var-
ious stress and damage experiments (Livina et al. 
2014). Those parts susceptible to damage demon-
strated early warning signals, along-side the envi-
ronmental signals with clear seasonal oscillations. 
Perry et al. (2015) demonstrated early warning sig-
nals in laboratory experiments with beams made of 
reinforced concrete, and early warning signals al-
lowed to distinguish various conditions of the instal-
lation. Prettyman et al. (2019) summarised the mul-
tivariate approach in analysis of sensor data and 
their early warning signals in the context of geo-
physical data. This framework provides techniques 
for detecting and tracking of development of crucial 
behaviour in spatially distributed data. The principle 
of early warning signals is in monitoring (in sliding 
windows) the changes of memory in time series – by 
means of lag-1 autocorrelation or longer-term persis-
tence that can be estimated using Detrended Fluctua-
tion Analysis (Livina & Lenton, 2007) or power 
spectrum (Prettyman et al. 2018). When the auto-
correlated memory increases in time series, it indi-
cates approaching critical behaviour in the dynam-
ical system. This approach allows to implement a 
proactive system for structure health monitoring in 

infrastructure assets, where sensor data would be an-
alysed for early warning signals prior to crucial 
events, such as cracks, failures, and other damages.  

5 CONCLUSIONS 

This paper introduced a resilience-based assessment 
and management framework for critical transport in-
frastructure exposed to natural hazards and climate 
change effects, enhanced by terrestrial and airborne 
monitoring systems. Monitoring data and evidence 
can be used to develop new models, and/or to cali-
brate, improve, and reduce the uncertainties of avail-
able ones for assessing the exposure, hazard, vulner-
ability, functionality and damage restoration. Hence, 
a monitoring data-driven resilience-based manage-
ment of transport infrastructure can be achieved for 
improved functionality, and adaptation of the net-
work to changing conditions. This can be extended 
by including early warning signals for the detection 
of critical behaviour of transport assets. Monitoring-
data driven asset management is expected to facili-
tate stakeholders’ unbiased decision-making for dai-
ly and catastrophic events, and to support adaptation 
and preparedness with preventive and/or retrofitting 
measures against multiple hazards. 
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Figure 1. Monitoring data-driven resilience assessment of transport infrastructure exposed to multiple hazards 

 
 

 

 
Figure 2. Resilience of transport networks throughout their life-cycle due to natural or human-induced hazards: e.g. seismic event, 

flush floods, landslide, fire, explosion. 
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