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Summary
Bridges with known deficiencies often have to be kept in service as they constitute links in
highly stressed transport infrastructures. Disruptions in the traffic flow are often considered
unacceptable. The current project was aimed at bridges with known deficiencies in particular,
with the purpose of securing the serviceability and the safety using an innovative smart system
for surveillance and condition assessment.
Related to measurements and collection of data, the project has focused on wireless sensor
networks. In comparison to traditional wired systems, the installation demands less resources
and the locations of the sensor nodes are not restricted by cabling issues. The research activities
regarding sensors have been aimed at energy harvesting and energy efficient scheduling of
operations. A completely wireless installation requires local power sources as batteries with
limited lifetime, which restricts the time for measurements. With the purpose of extending the
lifetime, systems for energy harvesting have been evaluated as, e.g., units based on vibrations
and electromagnetic waves. Another aspect is when and for how long measurements and
communication should be performed. By scheduling the activities of the sensor node, the results
of the project shows a potential to save energy.
The purpose of a monitoring system is to provide data for condition assessment and damage
detection. A condition assessment involves the estimation of the present safety level and a
prediction of the remaining service life. Within this field, degradation models for the interaction
between corrosion and fatigue have been studied, and a probabilistic model have been developed
facilitating considerations of uncertainties in the measured response and in the results from
inspections. The purpose of damage detection is to find anomalies in the behaviour of the
structure that might be caused by damages or a change in structural behaviour. It can involve
unexpected events difficult to predict in advance, but detectable by thorough investigation of
measured data. A method based on machine learning and statistical inference have been
developed in the project and tested on fictitious damage cases.
If the results form a condition assessment or damage detection indicates insufficient safety, a
decision has to be made on interventions. A decision support model based on Bayesian decision
theory have been implemented in the project and tested on data from the Old Lidingö Bridge.
Cloud based services have been developed to transfer data from the sensors, to the analysis parts,
and on to the decision agent. The purpose was to simplify the management of large data volumes
from a monitoring system and to visualize the results in a comprehensible format. Solutions for
collecting, storing and sharing of data have been developed, together with a mobile app for
presentation of the results.
The objective to develop an integrated system for surveillance, sharing of data, condition
assessment, and decision support is partly completed. Some parts of the integration remains to
be solved before a complete solution can be launched.
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Sammanfattning
Broar med kända skador måste idag hållas i drift för att de utgör kritiska delar i en högt ansträngd
infrastruktur. Avstängningar av trafiken eller trafikomläggningar bedöms ofta som oacceptabla.
Föreliggande projekt var inriktat på just broar med kända brister med syftet att säkerställa
funktionen och säkerheten med hjälp av ett innovativt smart system för övervakning och
tillståndsbedömning.
För mätningar och insamling av data har projektet varit inriktad mot trådlösa sensornätverk.
Jämfört med traditionella trådade mätsystem är installationen mindre tidskrävande och
placeringen av sensorer är inte begränsad av problem med kabeldragning. Forskningsinsatserna
gällande sensorer har inriktats mot energiinsamling och energieffektiv drift av sensornätverk.
En helt trådlös installation erfordrar lokal energiförsörjning med batterier vars driftstid
begränsar tiden för mätningar. I syfte att förlänga driftstiden har system för energiinsamling
utvärderats, t.ex. enheter baserade på vibrationer och radiovågor. En annan aspekt är när och
under vilken tid mätningar och kommunikation ska bedrivas. Genom schemaläggning av
sensornodens aktivitet har studierna i projektet visat på en potential att spara energi.
Syftet med ett mätsystem är att skapa ett underlag för tillståndsbedömning och skadedetektering.
Med tillståndsbedömning avses en uppskattning av konstruktionens aktuella säkerhet och en
bedömning av den återstående livslängden. Inom detta område har nedbrytningsmodeller för
interaktionen mellan korrosion och utmattning studerats, och en sannolikhetsbaserad modell har
utvecklats som tillåter hänsyn till osäkerheter i uppmätt resultat och i bedömningar från
inspektioner. Vid skadedetektering är syftet att hitta avvikelser i en konstruktions beteende som
kan bero på skador eller ett förändrat verkningssätt. Det kan vara oväntade orsaker som är svåra
att förutsäga men som kan detekteras genom ingående analys av mätdata. I projektet har en
metod baserad på maskininlärning och statistisk utvärdering utvecklats och testats på fiktiva
skadefall.
Om resultaten från en tillståndsbedömning eller en skadedetektering visar på otillräcklig
säkerhet måste beslut tas om underhållsåtgärder. En beslutsstödjande modell baserad på
Bayesiansk beslutsteori har upprättats i projektet och testats på data från fallstudien Gamla
Lidingöbron.
Molnbaserade tjänster har utvecklats för att överföra data från mätsystemet, till analysdelarna
och vidare till beslutsfattaren. Syftet var att förenkla hanteringen av stora datamängder från ett
mätsystem och att visualisera resultatet på ett tilltalande sätt. Lösningar för insamling, lagring
och delning av data har utvecklats och även en app för presentation av utvärderat resultat.
Projektets ansats att utveckla ett integrerat system för övervakning, dataöverföring,
tillståndsbedömning och beslutsstöd för kritiska broar är delvis uppfyllt. Vissa delar av
integrationen återstår att lösa innan en helhetslösning kan lanseras.
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Preface
This report summarizes the work and outcomes of the research project Smart condition
assessment, surveillance and management of critical bridges. It was conducted in collaboration
between researchers from KTH Royal Institute of Technology, Uppsala University, RISE SICS
and CNet Svenska AB.
The authors wish to acknowledge the financial support provided by the strategic innovation
programme InfraSweden2030, a joint effort of Sweden’s Innovation Agency (Vinnova), the
Swedish Research Council (Formas) and the Swedish Energy Agency (Energimyndigheten).
The Old Lidingö Bridge in Stockholm was used as a case study in the project. Thanks are due
to the responsible officials at the City of Lidingö allowing us to use the bridge for the research
activities.
Stockholm, January 2019
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1 Introduction
The fast development within the concept of Internet of Things (IOT) facilitates access to vast
amounts of data from interconnected objects. A quick survey reveals a broad range of
applications as, e.g., waste management, household machines, and civil infrastructure. More
examples are shown in Figure 1.1. IoT is associated with the wider concept Smart Cities, as a
service to provide information about objects and systems to solve problems in modern cities
(Perera et al., 2014). With access to information from connected objects, a smart city aims at
using digital data to deliver better public services and a more effective use of resources (Alavi
et al., 2018).

Figure 1.1. An overview of IoT applications within the concept of Smart Cities. From Alavi et al. (2018).

The technical solutions within IoT, with different kinds of sensors and communication solutions,
have reached a high readiness level and are for many applications commercially available. How
to supply the sensors with energy, the treatment of large amounts of data (Big Data), and the
interconnection to practical decisions on interventions are, however, subjects in need of further
development.
This projects was limited to a small segment of public management – the management of
bridges. As parts of the transport infrastructure, the serviceability of bridges is often crucial for
local and regional communications. Closing a bridge for repair or replacement may cause
significant disruptions in the traffic, especially in urban areas with high traffic intensity. Due to
this, traffic diversions are often suspended as far as possible even in cases with known structural
deficiencies. In order to sustain the safety of a bridge until repair or replacement is possible, an
approach based on IoT solutions has been elaborated in this project. Through the use of wireless
sensors, cloud based communication services, and presentation of results using applications for
mobile devices, the status of a bridge can be remotely monitored and incorporated in a complete
system for the transport infrastructure of a Smart City.
1.1

Background

With many bridges approaching their expected service life, in Sweden as in most countries with
a developed transport infrastructure, a prolonged use is inevitable. Already today, many bridges
with known deficiencies are kept in service because traffic disruptions are considered
2

unacceptable. One example is the Söderström Bridge, a railway bridge in Stockholm between
Riddarholmen and Södermalm. The bridge is a part of the so-called wasp waist (getingmidjan)
with the highest traffic intensity in Sweden. This bridge is subjected to fatigue cracking and its
service life is exhausted according to theoretical assessments (Leander et al. 2010).
Nevertheless, it has been kept in service due to its critical position in the railway system by
recurrent inspections to establish the structural safety. The superstructure of the bridge will be
replaced during the refurbishment of the whole wasp waist scheduled between 2017 and 2021.
A photo of the bridge is shown in Figure 1.2(a).

(a) The Söderström Bridge in Stockholm.

(b) The Götaälv Bridge in Gothenburg.

Figure 1.2. Examples of bridges with known deficiencies.

Another example is the Götaälv Brigde in Gothenburg, see Figure 1.2(b). This bridge is also
afflicted with fatigue problems but as the only link for the tram to the island Hisingen, it is
crucial for the local commuter traffic in the city (Göteborgs Stad, 2014). Despite known
damages, it will be kept in service until the new bridge, Hisingsbron, will be inaugurated around
2021.
A condition assessment of a bridge pursuant to the governing regulations can be divided in two
parts, a theoretical verification of the load bearing capacity and a practical in-situ inspection of
the condition. The bridge manager needs to combine the outcome of these individual
investigations, often performed by different experts, into a final judgement of the structural
safety. If deemed insufficient, the bridge manager has to decide on interventions as, e.g., repair,
maintenance of critical components, strengthening, or demolition (ISO 13822, 2010). Another
possible strategy is to engage more advanced assessment methods with the purpose of reaching
a more accurate service life prediction. This can be pursued in different directions and depends
to a large extent on the preferences of the decision maker. Guidelines by, e.g., Kühn et al. (2008)
and Sustainable Bridges (2007) suggest a stepwise increase of the assessment level. A decision
model based on a rational evaluation of risk is suggested by Björnsson et al. (2018), allowing
an evaluation of the expected utility of different assessment actions.
The preservation of a condemned bridge requires recurrent inspections and on-demand repair
actions. For the bridge examples mentioned above, the costs of such actions are significant. The
hesitation against costs and labour associated with more advanced assessment actions is natural,
however, well-motivated actions can help reducing the total costs for bridge management.
The utility of using monitoring is well recognized in the research community. It can contribute
with information about the real loads, structural behaviour, and deterioration rate. It is, however,
rarely implemented as a tool for service life prediction in conventional bridge assessments. This
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is something that has been addressed in the European COST Action TU1402 – Quantifying the
value of structural health monitoring (http://www.cost-tu1402.eu/). Based on the concept of
Value of Information (VoI), methods for proving the benefit of monitoring and promoting its
use have been developed within the action (Straub et al., 2017).
IoT has contributed to the utilization of monitoring from another angle – the technical
development of easy deployable gauges. Commercial systems for wireless sensor networks has
made monitoring of various objects, bridges for example, less costly and more accessible (Lynch
and Loh, 2006). This has entailed a broad implementation of monitoring systems on existing
and newly built bridges. Some examples are the Golden Gate Bridge (US), Han River Railroad
Bridge (Korea), Stork Bridge (Switzerland), and Jindo Bridge (Korea). More examples have
been reviewed by Zhou and Yi (2013). A backlash of extensive monitoring programs is the
collection and storage of large data volumes, especially for bridge managers that don’t have a
strategy for utilizing the information from the measurements.
The motivation for the project presented in this report, is the lack of systems covering the whole
chain of information flow from measurements, communication, condition assessment, and
decisions on interventions. Much research have been conducted focusing on parts of this chain
but few contributions can be found on how to utilize modern IoT solutions for condition
assessment and decision support.
1.2

Objectives

The overall aim of the project was to develop an integrated system for surveillance, data transfer,
condition assessment and decision support for the maintenance of critical bridges. It was divided
in the following objectives:


Development of routines for energy efficient sensor management within wireless
sensor networks.



Review and evaluation of systems for energy harvesting.



Development of routines for condition assessment and damage detection.



Review of cloud based services for infrastructure asset management (IAM) and
development of an app for exchange of information.

The work was initially divided between three areas as depicted in Figure 1.3. The energy
efficiency of wireless sensor networks and energy harvesting are represented by box A.
Condition assessment and damage detection was contained in box C. The arrows represents the
flow of information with the cloud based services in box B as the base for information exchange.

Figure 1.3. The three main parts of the project and the flow of
information in a monitoring based condition assessment.
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1.3

Limitations

The aim of the project was to address the whole chain of information from sensors to decision
support. This made it necessary to limit the depth in each individual part already from the
beginning. The tested hardware, the methods for condition assessment, and the cloud based
solutions were adapted to the specific conditions of the case study, the Old Lidingö Bridge. It is
a riveted steel bridge subjected to deterioration due to corrosion and fatigue. Large
displacements have, moreover, been detected at one of the supports. More details about the
bridge can be found in Chapter 5.
The systems for monitoring and energy harvesting were adopted to this specific bridge and may
not be adequate for other types of bridges.

5

2 Wireless sensor networks and energy harvesting
Wireless sensor systems are easier and less expensive to install than wired systems, and thus
enable installations at locations where it is not possible or expensive to draw cables. This
freedom comes at the price that the sensors have to be driven by own power sources, such as
batteries. To maximize the maintenance cycles before batteries have to be replaced, it is
therefore important to consider both energy-efficient operation and possibilities to harvest
energy from the environment to extend the battery lifetimes.
A railway bridge provides an interesting context for wireless sensor systems. Bridge monitoring
involves data sampling with a relatively high data rate during and after a train pass, and the
system is mostly idle in between the typically sparse events of a train passing. From a system
design point of view, it is therefore essential to keep energy consumption to an absolute
minimum during the long idle periods, while still being able to timely detect an approaching
train. Another trade-off is to find a good balance between communicating large amounts of raw
data, or processing data on the sensor itself to extract important features from the data and
communicate less.
In this project, we therefore aimed to create building blocks to minimize energy consumption in
the context of railway bridge monitoring, and to evaluate the opportunity to extend the system
lifetime with energy harvesting. To that end, we designed and implemented a wake-up
mechanism based on a vibration harvester that allows us to power-off the sensing system
completely during idle periods. Moreover, we installed and evaluated two energy harvesting
alternatives based on vibrations and electromagnetic waves. On the algorithmic side, we
implemented an efficient algorithm for data collection and analysis on the sensor itself, and
proposed an energy-aware task scheduling mechanism. The overall goal was to provide a
quantitative understanding of limits and opportunities of energy-efficient sensing on a railway
bridge.
2.1

Evaluation of Systems for Energy Harvesting

Energy harvesting from the environment and wireless communication make sensor systems
easier to deploy. Typical energy sources include light, flows (e.g., wind, water), mechanical
movements, or temperature gradients that can be translated into electric energy and stored into
any form of energy storage such as batteries. This energy is weighted against the power
consumption for sensing, computations to filter or compress the data, and communication. The
balance between supply and consumption decides whether the system can operate autonomously
or if the energy source has to be charged or replaced by an operator.
The obvious energy harvesting approach on a railway bridge would be to install a small solar
panel or wind turbine, as today’s technology is efficient enough to get significant energy even
on short and cloudy days, and bridges are typically placed at narrow landforms that canalise
wind. However, in this project we evaluated two sources of energy that are particular to the
physical system that we want to monitor and less studied: vibrations from the train, and
electromagnetic waves.
To store the harvested energy, we designed a circuit consisting of a rectifier and a power
management chip to charge a battery and/or capacitor. We used a Grainacher rectifier to convert
the AC voltage from the harvester into a DC voltage and a power management chip (Texas
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Instruments BQ25570) including a boost converter to obtain a suitable voltage level for charging
the battery. A scheme of the circuit is shown in Figure 2.1.

Figure 2.1. Energy harvesting system overview.

Harvesting from Vibrations on the Rail

Vibration energy harvesting is the concept of converting the kinetic energy inherent in vibrations
into electricity. The basic technologies enabling vibration energy harvesting are electromagnetic
induction or the concept of piezoelectric effect. For both technologies, the energy that can be
harvested is linear with the amplitude, frequency and duration of the vibrations. On a railway
bridge, the significant vibrations come from the train passing and we expect the highest
amplitude on the rail itself.
In the project, we explored a harvester from ReVibe Energy (ModelD, see Figure 2.2), which is
based on electromagnetic induction and tuned for vibrations with a centre frequency around
93 Hz. ReVibe Energy is a Swedish company exclusively developing vibration harvesters. They
have experience from railway systems through a collaboration with Deutsche Bahn, and were
able to provide both a harvester tuned for the relevant frequencies and a holder to mount the
harvester on the rail. We therefore decided to evaluate their technology and mounted the
harvester directly to the rail of the track.

Figure 2.2. ReVibe Energy ModelD.

Figure 2.3 shows a typical output voltage of a train passage and its power density spectrum with
the main frequency response around 90 Hz. As the harvester is tuned to a center frequency of
93 Hz this result is not surprising, and it should be kept in mind that the harvester therefore
cannot replace an accelerometer for accurate frequency measurements.
A typical train passage on the Lidingö Bridge lasts around 12 s, and the energy harvested per
train passage is in average 150 µJ (equivalent to 13 µW), measured over a shunt resistor at the
output terminal of the harvester. It is likely that an improved electric circuit would have
increased the harvested energy, but unfortunately we were not able to verify this hypothesis as
the harvester got destroyed during bridge maintenance work in the course of the project.
7

(a) Time history response.

(b) Power density spectrum.

Figure 2.3. Output voltage from the vibration harvester and its power density spectrum.

Related work: The reported results are in the same ballpark as comparable electromagnetic
bridge vibration energy harvesting results reported in the literature (Khan, 2016). Piezoelectric
vibration harvesters tend to generate more power than electromagnetic harvesters for
comparable accelerations, but are also more difficult to install on an existing rail. An innovative
transmission mechanism combined with a flywheel was shown to generate a power output up to
2 W (Penamalli, 2011).
Harvesting from Electromagnetic Waves

Electromagnetic waves from TV and radio stations, WiFi, and cellular systems (e.g., 3G, 4G)
are ubiquitous in urban environments. Radio waves could even be generated artificially to
transfer energy, which is done, for example, in RFID systems for identification and access
control. The energy in the radio waves is converted into electric current through an antenna.
Because of the typically high carrier frequency of the waves (cellular systems, for example,
operate around 900, 1800 and 2600 MHz), a matching circuit has to be implemented to avoid
loss due to reflections in the electric circuit.
The implemented circuit design was tuned for the 800-900 MHz frequency band. The maximum
harvested energy 100 m from a base station was 35 µW (average 10 µW). At longer distances
the results fall well below 1 µW. We put these numbers in the context of the energy required for
a full measurement of the bridge’s response to a train passage in Section 5.3, but we can already
now conclude that even though energy can be harvested continuously and independent of train
passages, the obtained values are too low for a self-powered system.
An alternative might be to install a high power radio wave source below the train to induce
energy to a sensor system mounted on the bridge while passing over at a relatively small distance
(< 1 m). However, the time of such a power source passing over the sensor system is very brief
and seldom.
Related work: An outdoor RF power level survey was conducted in the London underground,
showing that approximately 50% of the 270 stations tested were suitable locations for energy
harvesting (Piñuela et al., 2013). A novel six-band rectifier and antenna circuit managed to
harvest 96 μW with an input power level (summed over all used frequencies) of -15 dBm (Song
et al., 2016). Also WiFi is used as an energy source, and an antenna array of 9x9 cm was shown
8

to power a digital thermometer at -40 dBm signal strength (Olgun et al., 2012). A more extensive
review of the field can be found in the Master thesis by Starck (2018).
Energy Storage System

As part of the project, we designed and implemented an energy storage system to decouple the
energy storage from the sensor node. This separation is important when the energy level is below
what is needed to complete a full measurement and allow the energy storage to be filled up to a
minimum level before draining it again. Using this approach, the system can harvest energy in
the rate available from the environment (which is not deterministic and depends on many factors
as if a solar cell is used) and provides power to the sensor whenever enough energy is available
to execute a task to its end. In this project, we used a threshold to allow a complete accelerometer
measurement, frequency analysis, and communication of the results over the wireless interface.
Future work could extend this approach to adapt the threshold based on coordination with
energy-aware task scheduling (see Section 2.4).
In the implementation we used both rechargeable batteries and capacitors as energy storage.
Batteries typically have higher capacity and provide a more constant voltage level than
capacitors, but it is therefore also more difficult to estimate their energy level (i.e., state of
charge). For a proof of concept implementation we therefore used a capacitor with limited
capacity as the main energy source, and a battery as backup when the capacitor voltage fall
below a threshold. An ultralow-power microcontroller was used to track the voltage of the
capacitor and battery. The tracking frequency was adapted to the variance of the voltage, that is,
a higher tracking rate was used when the energy storage system was charged or discharged.
Replacing the CPU for a more energy-efficient solution to track voltage is an area for possible
future research.
2.2

Wake-up mechanism

As part of the project, we designed and implemented Ecovibe, Eco-friendly Vibration, an ondemand sensing subsystem with the capability to automatically turn itself on when a train passes
on the bridge, and to adaptively power itself off after finishing the sensing and reporting tasks.
After that, it can return into an inactive state with near-zero power dissipation. An overview of
the system is shown in Figure 2.4.
The wake-up system achieves these objectives through three different parts. Firstly, a novel,
fully passive event detection circuit to continuously detect passing trains without consuming
any energy. Secondly, combining train-induced vibration energy harvesting with a transistorbased load switch, a tiny amount of energy is sufficient to keep the wake-up system active for a
long time. Thirdly, a passive adaptive off control circuit is introduced to quickly switch the
system off. This circuit does not consume any energy during inactivity periods.
The zero-power event detector includes a vibration energy harvester, a rectifier, and an energy
management unit. The vibration energy harvester is used as a passive sensor to continuously
monitor and detect vibrations from trains. For interrupt generation, we merely rely on the
harvested energy stored in the energy management unit to wake up the sensor node.
The evaluation of possible placements for the vibration harvester showed that both a guard rail
or a wooden sleeper placement were feasible for harvesting sufficient energy from a train
passage to wake up the rest of the sensor system.

9

Figure 2.4. Wake up system overview.

The samples in Figure 2.5 show the results of voltage generated from the vibration energy
harvester and the output voltage of the event detector at the guard rail (a) and the wooden sleeper
(b). The black lines show when the harvested energy is sufficient to wake the rest of the system
up. For the wooden sleeper, the startup delay is only 0.47 seconds (from second 3.73 to 4.20)
since the vibrations are much stronger for this harvester placement.

(a) On guard rail.

(b) On wooden sleeper.

Figure 2.5. Voltage response and detector output on guard rail (a) and wooden sleeper (b).
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After the wake-up voltage has been generated, the connected monitoring sensor system will
have some further start-up delays. The start-up bottleneck for an accelerometer-based
monitoring system is the accelerometer startup time, which for standard accelerometer sensors
can have a worst case startup delay as high as hundreds of ms. Other involved device
components – MCU and bus initialization – have delays that are several orders of magnitude
smaller, and will only marginally add to the total startup delay. For our target scenarios, the
sensing should be activated in less than 1.9 seconds in order to start measuring while the train
is still passing the sensor. This value is determined by the train’s length and speed. With a
suitable harvester placement, this is feasible even when taking worst-case accelerometer startup
delays into account. Thus, monitoring scenarios with strain gauges and accelerometers are both
possible with the Ecovibe wake-up system.
Since the vibration harvester has its own cable, other parts of the system including sensors can
be placed some distance away at the most suitable sensor position.
This sub-system is well suited to work together with the energy storage system (see Section
2.1); together they can ensure to start measurements only when there is a sufficient amount of
energy available for the desired measurement cycle. More detailed information is available in
the paper by Liu et al. (2019), Appendix B in this report.
2.3

Algorithms for Data Collection and Data Analysis

We have refined and implemented algorithms for real time integer FFT calculations. This
allowed us to do peak detection on the resource-constrained target sensor devices. The sensor
system can be powered either directly by the smart battery that is being recharged by energy
harvesting, or with the wake-up system in between.
The algorithm was evaluated on samples from the bridge, where raw accelerometer data was
collected to determine which sampling parameters giving the best trade-off in terms of peak
detection accuracy and energy consumption.
For our peak detection experiments, we have found that a sample length of 8192 samples at
256 Hz allows the system to capture the structural response of a passing train after the wake-up
system has activated the system. The sample was captured in 32 seconds. Through Contiki-NG
functionality for energy measurements of individual sensor system components, the total energy
consumption for the measurement cycles could be determined. To perform one measurement
cycle with this experimental setup, the system consumed 240 mJ in 33 seconds, corresponding
to 7.3 mW during the active phase. This was achieved by putting the MCU in low power mode
for most of the time, and only wake up periodically for computations. (Otherwise the
consumption of the MCU in active mode was 60 mW.) Depending on the measurement
requirements, a shorter sampling period could be acceptable, further reducing the energy
needed.
Reference/Results: The drivers and code are made available for the Contiki-NG operating
system.
2.4

Energy aware task scheduling

A complementary technique for creating energy-efficient systems is the usage of energy-aware
task scheduling for the sensing tasks. By modelling the energy harvesting rate and the sensing
task energy usage, the system can predict the energy requirements for the upcoming future. A
11

relatively simple linear regression model has been adjusted and implemented for the resourceconstrained sensor system. The model can be used to determine whether a sensing task should
be initiated or postponed for later. The predictions can also be used to tune the sensing
parameters. For instance, when the system predicts a high energy harvesting rate, the sampling
length can occasionally be modified to record longer samples.
Additional experiments with a more complex neural network based energy prediction model has
been conducted, with pre-recorded training data from solar panels at Umeå University. While
the more complex model can achieve more accurate predictions for long running tests, current
resource-constrained sensor systems are not fit for running the complex learning algorithms.
Hence, the system would need to be pre-trained, adding overhead that offsets the ease of
deployment advantages for wireless systems. This is a possible area for further studies. The
interested reader is referred to the Master thesis by Alabi (2017).
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3 Condition assessment and damage detection
The purpose of engaging measurements is to gain knowledge about the behaviour and condition
of a structure. This requires degradation models allowing the incorporation of measured
response, or some kind of surrogate model representing the healthy state of the structure
established from the measurements themselves. While measurements are typically considered
to give accurate estimations of the true behaviour, they are always afflicted with uncertainties
and some degree of measurement error. This requires careful consideration in the assessment of
the true condition. The work presented in this chapter builds to large extent on probabilistic
methods allowing an explicit modelling of the uncertainties.
The work was divided between condition assessment, with the purpose of predicting the
remaining service life of a structure, and damage detection focused on detecting anomalies in
the structural behaviour. Both options are related to the condition of a structure but the former
constitutes the basis for decisions on preventive maintenance actions, while the latter is aimed
at detecting damages within a system at an early stage to issue warnings.
The relations to the other parts of the project are schematically visualised in Figure 3.1. The
measured response from a wireless sensor network is used as input for the analyses. The
outcomes are predicted service life, probability of damage, and expected utilities for different
decision alternatives. See also Figure 1.3 for a complete overview of the project.

Figure 3.1. The three main parts of the project and the flow of
information in a monitoring based condition assessment.

3.1

Service life prediction

For steel bridges, fatigue and corrosion are the main causes for limiting the service life (Kayser
and Nowak, 1989). They are time dependent degradation phenomena causing a monotonically
decreasing structural reliability. Fatigue is characterised by the initiation and propagation of
cracks, typically appearing in zones with high stress concentrations, and the appearance of
defects will contribute to an increasing propagation rate. Corrosion degrades the material of the
load bearing members causing higher stresses in the remaining sections and may cause local
cavities leading to stress concentrations. Both effects are detrimental for the fatigue resistance
rendering a reduction of the service life. The interaction between corrosion and fatigue have
been treated by, e.g., Peng et al. (2018); and Adasooriya and Siriwardane (2014), exemplifying
the need for rather complex and case specific analyses.
Linear elastic fracture mechanics (LEFM) and the exponential function for corrosion depth
progression as suggested in ISO 9224, have been combined in Leander and Karoumi (2018) for
service life prediction. The paper is appended to this report. The probabilistic model enables an
estimation of the crack depth considering measured stresses and uncertain input values. The
influence of corrosion is schematically shown in Figure 3.2 as the expected crack growth over
the service life. This approach is rather easy to implement on the condition that parametric
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geometry functions for the crack configuration are available. See the paper by Leander and
Karoumi (2018) for more detailed information.

Figure 3.2. The expected crack size as a function of the service life.

The monitoring system must deliver stress range spectra for the condition assessment. These are
typically computed by rainflow analysis of stress histories (Amzallag et al., 1994). While the
stress histories consists of time series often of large sizes, the stress range spectra are histograms
with limited size. See some examples in Figure 3.3. From a communication perspective, it is
advantageous to perform the rainflow analysis already at the sensor node, transmitting only a
spectrum. However, commercial wireless sensor networks typically allows limited software
operations at the nodes. For the case study in this project, the cycle counting have been
performed as a part of the assessment routine in Box C (Figure 3.1), but the possibility of moving
it to the sensor node (Box A) should be investigated further.

(a) Measured stress history for the passage of a train
on the Old Lidingö Bridge.

(b) Computed stress range spectrum based on
measured stress.

Figure 3.3. Examples of measured response for service life prediction considering fatigue.

The probabilistic assessment model gives the probability of failure, or the associated reliability
index, over the service life. This allows an assessment against target levels which for existing
structures are suggested in the standard ISO 13822. An example of the estimated reliability is
shown in Figure 3.4. For a tentative target reliability of β = 3.1, the service life is estimated to
120 years represented by the solid line.
The probabilistic model allows an updating of the reliability by Bayesian theory considering
results from inspections. The procedure is explained in, e.g., Leander and Selén (2017); and
Madsen et al. (2006). For the example in Figure 3.4, the updated reliability was estimated
considering an inspection at T = 120 with no detected crack. The reliability updating gives a
significant increase in service life.
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Figure 3.4. Estimated reliability over the service life measured in years.

The probabilistic format for assessment is well established in the research community. However,
despite its ability to combine measurements, theoretical models, and inspections, an
implementation in conventional bridge assessments is far away. Vrouwenvelder (2017) states
that there is (still) only a relatively moderate degree of enthusiasm among the practicing
engineers for probabilistic methods. But in a smart system for condition assessment, the
approach described above has its place and can readily be integrated with the other parts of the
project.
3.2

Damage detection

While the condition assessment described in the preceding section is based on established
degradation models, damage detection does not necessarily need to be based on predefined
failure scenarios and explicit modelling. Artificial intelligence (AI) can be used on measured
data directly to detect abnormalities at an early stage by interpreting large data volumes and
finding events potentially hidden in the vast information.
Machine learning is a branch of AI where a mathematical model is trained on data to establish
a normal state. For new data, the trained model can then be used to make predictions which fall
either within or outside the bounds of an expected normal state. If the new data falls outside, a
novel state has been detected, see e.g., Pimentel et al. (2014). This approach, typically called
unsupervised training, is in most cases the only possibility for civil engineering structures due
to the lack of known abnormalities (failures) to use for training.
As a part of the current project, a damage detection approach based on machine learning and
statistical post-processing has been developed and presented by Neves et al. (2019). An artificial
neural network (ANN) was trained on measured accelerations from the Old Lidingö Bridge and
tested on fictitious damage case scenarios. Both input and predicted output consisted of
accelerations caused by the tram travelling over the bridge. The evaluation was based on a
prediction error representing the difference between the estimated acceleration and the actual
measurement. An example of the outcome is presented in Figure 3.5 as the RMSE values of the
prediction errors for a number of tram passages. A distinct difference between the healthy state
and the damage state is to prefer but not always achieved. Statistical evaluation is typically
needed to distinguish damage cases from the normal state. Clustering and a KolmogorovSmirnov goodness-of-fit test have been used in the suggested approach.
The studies indicate that relatively mild damages can be detected on the condition that it appears
close to a sensor where predictions are being made. The statistical approach for novelty detection
was capable to discriminate healthy from damaged conditions with discrepancies of merely 2%
in the acceleration amplitudes. More details can be found in the paper by Neves et al. (2019).
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Figure 3.5. Prediction errors for an artificial neural network (ANN)
and a specific damage scenario. From Neves et al. (2019).

3.3

Decision support

Decisions related to structural safety should consider the inherent uncertainties in the condition
assessments and the risks to the public. An extreme consequence is human fatalities with a high
impact on the society. A more common consequence is local structural damages causing costs
due to repair and traffic disturbances. The latter might, however, also involve a substantial
societal impact due to increased travel time for persons and business deliveries. As an example,
the societal cost due to the damage of the road bridge in Södertälje 2016 was estimated to around
two million SEK per day (Benson, 2016).
For decisions under risk, Aven and Kørte (2003) distinguish between:
1. Cost/benefit analysis, described as a tool providing input to the decision-maker but not
prescribing a decision.
2. Formal Bayesian decision analysis by maximizing the expected utility, described as a
mathematically coherent approach with a numerical measure as output.
Aven and Kørte argue that reaching a decision is about discourse and negotiations, more than
mathematical optimization, and advocate the former method described as cost/benefit analysis.
It allows the decision-maker to weigh consequences and risks as a part of the judgement process
in reaching a decision. Regarding Bayesian decision analysis, Aven and Kørte express a concern
that important aspects of the involved risks are hidden in the analysis, where the choices of input
parameters are made by the analyst and not necessarily by the decision maker.
Nevertheless, in the processing of measured data and the condition assessment in the current
project, a Bayesian decision analysis is considered to be the most appropriate choice. The
evaluation of decision alternatives will involve a limited set of situations where the
consequences of the decision are the same. The decision scenario will always be related to the
structural safety of a specific bridge and the obligations of a specific bridge manager. However,
as Aven and Kørte emphasise, the input comprising uncertainties, consequences and utilities
need to be communicated with the formal decision maker. The Bayesian decision analysis can
be represented by so-called influence diagram (ID), see the example in Figure 3.6 reproduced
after Björnsson et al. (2018). The rectangles represent decisions like which assessment method
to engage and decisions on repair actions. The ovals represent uncertain variables such as the
true state of a structural detail and the accuracy of the assessment actions. The diamonds
represent the utilities which are related to the costs of the actions and the consequences of the
outcomes.
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Figure 3.6. An influence diagram (ID) for decisions on interventions.

The results from the analysis of the ID are expected utilities for the different decision
alternatives. The optimal decision is interpreted as the alternative with the maximum expected
utility. The mathematical approach is described as Bayesian preposterior analysis by Benjamin
and Cornell (1970). More information about IDs can be found in, e.g., the textbook by Jensen
and Nielsen (2007). The challenge of the implementation is, first of all, the design of the ID
itself with its nodes and their relations. The next challenge is the assignation of the uncertainties
and the utilities. The probabilistic condition assessment provides the basic information for the
uncertainties but the accuracy of different actions typically have to be estimated based on
experience or educated guesses. The utilities can be costs in monetary values but can also be
expressed in a weighted arbitrary scale. It is, however, important that the assigned utilities reflect
the correct relation between the costs and the consequences since they form the basis for the
evaluation of the expected utilities, and in turn, the selection of the optimal decision.
The mathematical framework of Bayesian decision theory makes it appropriate for
implementation in a decision support tool. The results from measurements in combination with
condition assessments can be used as a basis for decisions on further actions as, e.g., doing
nothing, repair, or engaging more advanced assessment measures. The application of the
framework to steel bridges subject to fatigue deterioration is demonstrated by Leander et al.
(2018); Leander and Karoumi (2018). An application to damage detection using machine
learning is presented by Neves et al. (2018).
The outcome of the decision analysis – the expected utilities – is intended for support of
decisions. To be seen as a recommendation of the most beneficial option regarding interventions
to ensure the structural safety.
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4 Cloud based services
One long time goal of the project has been to improve and make the maintenance of public,
critical infrastructures such as bridges, roads, railways, sewer and water systems more efficient.
This is usually referred to as Infrastructure Asset Management. Today’s IAM system lacks
models and solutions for utilising continuously collected data about the usage and load on the
infrastructure.
4.1

Data model and storage

The project has therefore investigated and developed solutions for providing support for
collection, storage and visualisation of continuously measured data from Internet of Things
solutions, and utilised cloud based technologies to make these data available for different tools,
apps and services.
There is a need to store and manage three types of data in our platform:


IoT Data which is time series of measured values of some property such as vibrations,
tensions etc.



Domain Data which is structured relational data corresponding to the application data
needs.



Meta Data regarding the apps, the infrastructure and the users.

Model and Storage for IoT Data

In this first prototype we have focused on storage of the IoT data, basically the time series
generated. As the data model for the IoT data we have selected OGC SensorThings API (Open
Geospatial Consortium). The OGC data model is visualized in Figure 4.1.

Figure 4.1. The OGC SensorThings API (Open Geospatial Consortium) model for the IoT data.
18

The OGC SensorThings API data model consists of the Sensing and Tasking profiles, but in our
project we have used the Sensing Profile. This profile allows IoT devices and applications to
CREATE, READ, UPDATE, and DELETE (i.e., HTTP POST, GET, PATCH, and DELETE)
IoT data and metadata in a Thing service. Managing and retrieving observations and metadata
from IoT sensor systems is one of the most common use cases. As a result, the Sensing profile
is designed based on the ISO/OGC Observation and Measurement (O&M) model1 (OGC and
ISO 19156:20112).
The key to the model is that an Observation is modelled as an act that produces a result whose
value is an estimation of a property of the observation target or FeatureOfInterest. An
Observation instance is classified by its event time (e.g., resultTime and phenomenonTime),
FeatureOfInterest, ObservedProperty, and the procedure used (often corresponding to a Sensor).
Things are also modelled in the SensorThings API, together with the historical set of their
geographical positions.
More specifically, in the Sensing profile, a Thing has Locations and HistoricalLocations. It can
also have multiple Datastreams associated. A Datastream is a collection of Observations
grouped by the same ObservedProperty and Sensor. An Observation is an event performed by a
Sensor that produces a result whose value is an estimate of an ObservedProperty of the
FeatureOfInterest.
The OGC message format is a straightforward and simple JSON structure. This is used to
communicate measurements from the bridge to the cloud backend. An example is shown in
Figure 4.2.
{
"resultTime": "2018-10-30T08:00:00+01:00",
"Datastream": {
"@iot.id": 2206
},
"phenomenonTime": "2018-10-30T08:00:00+01:00",
"result":
{
"valueType": "NO2",
"Position":
{
"type": "Point",
"coordinate": [
59.316006853996,
18.057807343668
]
},
"response":
{
"value": "10.3983"
}
}
}

Figure 4.2. An OGC message format to communicate measurements from the bridge to the cloud backend.

Model and Storage for Domain Data

To manage the domain data an already existing bridge maintenance system is used, which is
modelled using an Entity Relationship approach. The IoT Data model is focused on expressing
1
2

http://www.opengeospatial.org/standards/om
https://www.iso.org/standard/32574.html
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time series of data while the domain data model is focused on the structural relationship between
different business oriented concepts. A screenshot of the existing bridge maintenance system
WebHybris is shown in Figure 4.3.

Figure 4.3. A screenshot of the existing bridge maintenance system WebHybris.

4.2

Visualisation and Decision Support

A smart phone app has been developed to provide a visualisation of the monitored data in order
to assist bridge engineers and inspectors in taking decisions regarding the maintenance and
repair work that might be needed and to assess the status of the bridge. Screenshots of the app
are shown in Figure 4.4.
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(a) Front page.

(b) Large time frame.

(c) Detailed time frame.

Figure 4.4. Screenshots of the developed app for the Old Lidingö Bridge.

4.3

Cloud Service based API

To extract data from the cloud services the OGC query language was used. This is a standard
query language that can be used for any OGC database implementation. Any query will return
a JSON structure which can be easily parsed by an application or smart phone app:
Here are some examples of the query API:


http://ebridge.cloudapp.net:8081/#/Things(12)?$expand=Datastreams
o



http://ebridge.cloudapp.net:8081/#/Datastreams(42)/Observations
o



List all sensors attached to the bridge

http://ebridge.cloudapp.net:8081/#/Datastreams(42)?$select=name,Observations&$exp
and=Observations/FeatureOfInterest
o



Retrieve all observations in a certain datastream (vibrations=42).

http://ebridge.cloudapp.net:8081/#/Sensors
o



Retrieve the data streams for bridge number 12 (briges is modelled as a “thing”)

Returns the name property of the Datastream entity, and all the properties of the entity
identified by the Observations and FeatureOfInterest navigation properties

http://ebridge.cloudapp.net:8081/#/Observations?$top=3&$orderby=phenomenonTime
desc
o

Returns the first three Observation entries after sorted by the phenomenonTime
property in descending order.

For a complete documentation of the API
http://docs.opengeospatial.org/is/15-078r6/15-078r6.html
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see

the

OGC

web

site,

5 The Old Lidingö Bridge
The Old Lidingö Bridge connects the island Lidingö to the city of Stockholm. As shown in
Figure 5.1 it was from the beginning the only permanent connection until the new bridge for
road traffic was built 1971. Over the years the old bridge has carried heavy freight trains, road
vehicles, and pedestrians. Since 1978 it only carries the tram travelling along the Lidingöbanan
and pedestrians. The number of travellers is, however, large. An average of about 14 000
passengers take the tram every day which passes the bridge 166 times every weekday and 102
times during Saturdays and Sundays (November 2018).

Figure 5.1. A photo of the Old Lidingö Bridge taken 1930 (Photographer: Unknown/Tekniska museet).

The major part of the bridge consists of riveted steel trusses with members built up by plates
and U- and L-shaped profiles. An elevated span of the bridge is a tied arch with a span length
of 140 meters. The end spans of the bridge have conventional steel beams as the load bearing
structure.
5.1

Background

A complex design of the riveted connections in the bridge and a deficient corrosion protection
have led to a degradation of the structural condition. The corrosion is extensive on both external
surfaces and between the profiles in the built-up sections. Other documented damages are
missing bolts and rivets, malfunctioning bearings, and crevice corrosion. Examples of defects
are shown in Figure 5.2. Furthermore, the toughness of the material in the structural members
has been questioned and subject to investigations. The base material origins from different
manufacturers with varying properties causing discussions regarding the safety of the bridge
(Lundmark, 2006).

(a) Crevice corrossion.

(b) Fractured bolt.

Figure 5.2. Examples of defects from the Old Lidingö Bridge.
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(c) Pitting corrosion.

The condition of the bridge necessitates recurrent inspections and repair actions causing
substantial costs for the bridge owner, the City of Lidingö. Economic considerations have
resulted in a decision to replace the Old Lidingö Bridge with a new bridge with the working
name Lilla Lidingöbron. The replacement is planned to be inaugurated 2022 after which the
demolition of the old bridge can start. This means that despite its defects, the bridge has to be
maintained with a sufficient structural safety at least until 2022.
As a precaution, the City of Lidingö requested monitoring of the bridge by continuous
measurements at critical structural parts starting 2017. The objectives were to investigate the
true structural response under the in-service loads and to monitor possible changes in the
structural behaviour over time. Besides a conventional wired system for strain measurements, a
wireless sensor network was implemented and tested. The sections hereafter are focused on the
wireless system and other experimental setups tested within the current research project. A
detailed description of the monitoring campaign and the results can be found in the report by
Leander (2018).
5.2

Monitoring

A commercial monitoring system based on a wireless sensor network was installed during the
summer 2017. The system was delivered by the company Load Indicator System AB (LISAB)
consisting of sensors from LORD MicroStrain for strain and acceleration measurements, and
Vigor Technology for tilt measurements. The locations of the sensor nodes are shown in Figure
5.3. A gateway of type WSDA-1500-LXRS for data acquisition and external communication
was placed in a shed at support 1. The node for strain measurement close to support 3 was of
type VLink-200 with 4 channels for uniaxial strain gauges. At support 5, one accelerometer
node of type GLink-200 was located. Support 6 was instrumented with two accelerometers, one
G-Link-2G and one GLink-200, and one inclinometer of type SST440 connected to the WSN
through a V-Link-200. The network operated as a low-rate wireless personal area networks (LRPWAN) following the standard IEEE 802.15.4 developed for low cost communications.

Figure 5.3. The part of the bridge close to Ropsten with the locations of the sensor nodes indicated. The blue
circle and arrow between support no. 2 and 3 indicate the location of the energy harvester.

Even though wireless sensor networks and gauges are commercially available their robustness
for continuous measurements in harsh outdoor environments is not certain. Moreover, the
application to bridges typically entail long distances between the nodes in the network, as for
the Lidingö Bridge where the gateway was placed about 300 meters from the most remote node.
For this specific application, extra antennas were required to ensure reliable communications
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even though the specifications of the equipment promised a significantly longer range capacity.
Photos of some of the installed nodes are shown in Figure 5.4.

(a) Installation at support 6.

(b) Box with sensor node, antennas, and inclinometer.

Figure 5.4. Photos of the installation at support 6.

The costs of purchasing and placing cables become significant when the distances between the
units in the monitoring system stretch to the length of a bridge span or more. Wireless
communication has obvious advantages in such situations. Experience from the Old Lidingö
Bridge has shown that the wireless system is also less sensitive to electrical disturbance. Figure
5.5 shows signals from two strain gauges located next to each other but connected to two
different systems, one WSN and one conventional wired system. The wired system has
registered oscillations in the signal before the dominating part of the tram passage. This is
believed to be electrical disturbance from the cables. The phenomenon is known from other
cases reported, e.g., by Shenton et al. (2003) where radio interference in the environment, being
picked up by the strain gauge wires, caused spikes in the registered response. The cause was
proven by using dummy gauges located adjacent to the real gauges.

Figure 5.5. A passage of the tram registered 4 October 2017 with gauges located on the crossbeam.
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The oscillations prior to the quasi-static response of the tram shown in Figure 5.5 cannot with
certainty be referred to electrical disturbance. It is, however, clear that they only occur in the
wired monitoring system. Moreover, the disturbance is not appearing for all passages. Except
for these oscillations, the registered response from the two systems show a good conformity.
5.3

Energy harvesting

Vibration energy harvesting

During the project, a vibration energy harvester was installed and evaluated on the Lidingö
Bridge. A photo of the installed harvester is shown in Figure 5.6. It was placed between supports
two and three as indicted in Figure 5.3. The system was mainly used as a basis for the
development and evaluation of the wake-up system described in Section 2.2. This use case is
where we have seen the best potential, but also the potential for charging the smart battery has
been investigated.

Figure 5.6. ReVibe ModelD vibration harvester mounted on one of the rails on the Lidingö Bridge.

Comparing the energy consumption for a complete accelerometer measurement, data analysis,
and wireless transmission of the result with the vibration energy harvested during a train passage
makes it clear that a self-powered system cannot measure every train passage. With the current
implementation, roughly one measurement per day would be realistic if the system would be
driven entirely by harvested energy from vibrations. The implemented system can be improved
and optimized, but we do not expect more than a few sporadic measurements during the day.
Harvesting from cellular systems (i.e., 3G and 4G) is not efficient enough given the signal
strengths. Interesting paths to pursue would involve the installation of external radio transmitters
(e.g., on the manoeuvre house) to increase the signal strength. Traditional energy harvesting by
solar panels or small wind turbines are more efficient. Expected issues with solar panels include
dust and dirt that are not uncommon on a railway bridge and would require regular cleaning.
5.4

Decision scenario

Based on the condition assessment, a decision scenario has been designed to evaluate the use of
a monitoring system. This description is a recapitulation of the case presented in a conference
paper by Leander and Karoumi (2018). The overall aim was to maintain the bridge in service
until the year 2023, equivalent to a service life of 98 years, at an acceptable safety level. An
initial estimation based on a theoretical assessment gave a reliability index of β = 1.06 at the end
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of this period, corresponding to a probability of failure of 0.14. Notwithstanding the target
reliability, this is an alarmingly low safety level. The case study was limited to the following
three decision options:
i.
ii.
iii.

e0 – Prior assessment (no additional action).
e1 – Assessment based on measured strains.
e2 – Assessment based on measured strains and visual inspections.

The first option is to accept the initial assessment and the high probability of failure. This will,
however, lead to a repair action as the most beneficial intervention which can be seen from the
results presented later. The two other options involve measurements and whether to include
inspections in the prediction or not.
The decision analysis requires probabilities, sample likelihoods, and utilities to be assigned. The
values used for this specific case are presented in Table 5.1 and Table 5.2. A prior estimate of
the probability of failure was assigned to Pf = 0.14 as estimated with the initial assessment. The
sample likelihoods reflect the accuracy of the assessment actions as probabilities conditional on
the true state. As an example, the value of P[z0|e1,θ0] = 0.8 means that for a true state of no
failure (θ0), the assessment method will indicate no damage with a likelihood of 80%, typically
called a true negative. The higher accuracy of the option e2 is reflected by the higher sample
likelihoods for the true states.
Table 5.1. Sample likelihoods for the case study, P[zk|θi]. Detail state θ0~no failure, θ1~failure.

Option e1/State

Option e2/State

Assessment outcome

θ0

θ1

θ0

θ1

No damage, z0

0.8

0.1

0.95

0.05

Damage, z1

0.2

0.9

0.05

0.95

The utilities in Table 5.2 are estimated based on the cost of monitoring, inspections, repair, and
traffic disruptions. While the costs for monitoring and inspections can be estimated with
reasonable accuracy, the other costs are most uncertain. The number of days for a possible
closure of the bridge and the direct repair costs are strictly dependent on the severity of the
damage. Moreover, the effect on the travel time for the commuters is difficult to predict. No
fatalities or injured persons are considered in this case, only consequences of a detected damage
to the bridge.
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Table 5.2. Tentative utilities of interventions and consequences.

Interventions

Consequences

e0

0

No failure, no repair

e1

–3

No failure, repair

e2

–5

Failure

0
–50
–1 000

The utilities in Table 5.2 describe that doing nothing (e0) cost nothing, while adding assessment
actions increases the cost to a maximum of 5 units. For the consequences, the repair of a detected
damage costs 50 units before the damage has propagated to a complete failure. If a failure occurs
leading to an unscheduled repair, it will cost 1 000 units to restore the bridge safety. This imply
that the cost of a scheduled repair equals 5% of the cost of failure, and that the most extensive
assessment action costs 10% of a scheduled repair. The results of the decision analysis are shown
in Figure 5.7 as expected utilities for the different decision alternatives. Doing nothing (e0) gave
an expected utility of –50 which actually is the cost of repair since the expected utility of a
failure would be 0.14×(–1000) = –140. This means that with no further assessment action, the
bridge should be repaired. However, the two additional assessment actions provide a higher
utility as shown in the figure. Even though the alternative with measurements and inspections
cost more it provides a higher overall benefit. The suggestion in this case would be to engage
assessment option e2.

Figure 5.7. The part of the bridge close to Ropsten with the locations of the sensor nodes indicated. The blue
circle and arrow between support no. 2 and 3 indicate the location of the energy harvester.

More details about the case and the computations can be found in the paper by Leander and
Karoumi (2018).

27

6 Discussion and conclusions
The outcomes of the current project are the findings in each individual study and the experience
form the implementations on the Old Lidingö Bridge. A more complete integration of the
different parts was aimed at in the beginning of the project but due to limitations in time and
scope, parts of the integration remains as future work.
6.1

Conclusions

The conclusions presented below summarize the main findings of the project. More specific
outcomes of the individual studies can be found in the appended papers.


The test deployments have shown that vibration energy harvesting clearly can play a
role in controlling a system for energy efficient sensing and communication. Given the
low amount of energy that can be extracted per train passage, powering the whole
system only on energy from vibrations would severely limit the amount of
measurements. For the Old Lidingö Bridge with 166 daily train passages, the system
might need one full day of harvesting to perform one measurement cycle. For more
frequent measurement scenarios the vibration energy harvester needs to be
complemented with additional power sources, such as a traditional (preloaded)
batteries or solar panels.



The model suggested for service life prediction allows a combination of the
degradations phenomena corrosion and fatigue. The probabilistic format also enables
an explicit modelling of the uncertainties related to measured response and inspections
in the assessment of the safety. Thereby, this model is well adapted for an integration
with a smart system for condition assessment.



The damage detection approach based on measured accelerations and machine
learning, successfully identifies artificial damages created by manipulating signals
from the Old Lidingö Bridge. Validation based on real damage cases will be sought as
the next step.



Decision evaluation based on expected utility is shown to be an eligible option for
rating different interventions to ensure the structural safety. The implementation on the
case study shows an example how it can be used to plan maintenance actions that
minimizes the costs of the uncertain outcomes.



A smart phone app has been developed to provide a visualisation of the monitored data in
order to assist bridge managers, in taking decisions regarding the maintenance and repair
work that might be needed and to assess the status of the bridge.

6.2

Future research

Several issues for further research have been identified during the work. The list below contains
a summary of the most urgent.


In the process of harvesting and storing energy, estimating the available energy level is
crucial for efficient use of sensor nodes. Adaptive threshold levels between harvesting
and consumption energy is an area for further research in this respect and, furthermore,
solutions to track the provided voltage.
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Monitoring can provide accurate response measurements at the locations where the
sensor nodes are located. For a complete condition assessment, however, response at
unmeasured locations are also needed. This can be accommodated with a sensible
placement of the nodes but the state at unmeasured locations are still uncertain. Spatial
correlation or digital models of the structure have been proposed as methods to assess
the condition at these locations but are afflicted with large uncertainties. More research
is needed regarding response prediction at unmeasured locations.



Machine learning for damage detection appears promising based on the results
presented in Appendix D. The application is, however, in its early stages and require
more development and validation against real damage scenarios.



The integration of the whole chain from sensor node, condition assessment, to cloudbased services for decision support requires more research efforts. To reach a true
smart condition assessment system, the interfaces between the parts have to be put in
focus and tested in real applications. The ideal system would consist of wireless and
self-powering sensor nodes, submitting data to the cloud where a condition assessment
would be performed, and finally be presented to the bridge manager as a decision
suggestion in an app.
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ABSTRACT
Bridges with critical roles in heavily loaded transport infrastructures often need to be kept in service despite
known damage and deficiencies. Closing or limiting the traffic on a bridge, leading to traffic diversions, is
sometimes not a feasible option. The current paper describes an approach for securing the functionality
and the safety of critical bridges by using an innovative smart system for monitoring and condition
assessment. It builds on the use of wireless sensor networks, advanced assessment methods, and cloud
based services for storage and distribution of results. This is an ongoing research project and the progress
so far is presented in this paper. A case study of the Old Lidingö Bridge in Stockholm, Sweden, is used to
demonstrate the approach. The monitoring system installed, devices for energy harvesting, and methods
for condition assessment are presented. Some preliminary results on the condition of the bridge are also
presented.

1.

INTRODUCTION

There is a growing demand to keep existing bridges
with known deficiencies in service. Due to lack of
funding or because the structure is a vital part of a
crucial network, necessary interventions are often
delayed and sometimes obstructed. The problem in
the U. S. is well known from the political scenery
and ASCE reports that about 9% of the nation’s
bridges were structurally deficient 2016 [1]. A
similar situation prevails in European countries
with many bridges approaching their expected
service life [2, 3]. A specific example from Sweden
is the Söderström Bridge in Stockholm [4] which is
a critical part of the railway network, has high
traffic intensity, and subjected to fatigue cracking
in load carrying members. Another example is the
old Lidingö Bridge, also located in Stockholm,
carrying the tram to the island Lidingö, see Figure
1. The latter is used as a case study in this paper and
described in Section 5.
By structural health monitoring (SHM), the real
response of a bridge can be recorded and used for
damage detection and service life prediction [5].
The former is typically based on the identification
of abnormalities in the measured response [6],
while the latter is used for updating theoretical
prediction models [5]. The benefits of SHM are
often highlighted, however, it is still rarely used in
conventional condition assessments. Hence,

research efforts have been spent lately on proving
the value of SHM, see e.g. [7] and [8].

Figure 1. The Old Lidingö Bridge in Stockholm, Sweden.

In the case of bridges with known deficiencies, the
use of monitoring is apparent. Measurements of the
response from actual loads can be used to decrease
uncertainties and ensuring the safety when
theoretical assessments have failed to show
sufficient resistance. How to perform the
measurements in practice and especially how to
utilize the data for condition assessment is,
however, not well established and few guidelines
can be found in the literature.
This paper has been written within the ongoing
research project Smart condition assessment,
surveillance and management of critical bridges.
The purpose is to investigate the possibility to
connect novel monitoring techniques and advanced
condition assessment methods with a decision

support system for bridge management of critical
bridges. The three parts of the project are
schematically visualised in Figure 2.

power supply looking at energy efficient data
management and energy harvesting.
2.1 SENSOR MANAGEMENT

Figure 2. Schematic visualization of the parts of the project
and the flow of information.

Box A in Figure 2 represents the monitoring system
based on a wireless sensor network. The data from
the network is transmitted to and stored in a cloud
based service represented by box B. The stored data
is used for condition assessment and service life
prediction in box C, of which the result is also
stored in the cloud (box B). For the bridge manager,
the results from the monitoring and the condition
assessment will be available through an app for, e.g.,
smartphones. The overall aim of this scheme is to
facilitate the use of monitoring to ensure the safety
of condemned bridges. A case study on the Old
Lidingö Bridge is used to illustrate how the parts
are connected.
2.

WIRELESS SENSOR NETWORKS

For monitoring of bridges, the costs for purchasing
and installation of wiring can easily become
dominant due to large distances between sensor
locations, power supply, and data acquisition units.
Sometimes it might be necessary to have separate
systems on the same bridge due to impractically
long distances. With the development of sensor and
communication technology, wireless sensor
networks (WSNs) have emerged as an appealing
alternative to tethered monitoring systems. An
extensive review of the historical development of
wireless sensors and sensor networks intended for
SHM can be found in, e.g., [9] and [10].
With the purpose of providing information for
condition assessment, the WSN itself has to be
reliable and provide long-term trustworthy results.
Some obstacles to be solved are, according to Zhou
and Yi [10], the power supply, data transmission
reliability, and network bandwidth. Within the
current project, efforts are focused on the issue of

For a typical WSN the wireless radio
communication consumes more electrical energy
than data operations using sensor embedded
software [9]. Hence, local software operations has
the potential to reduce the power consumption by
minimizing the amount of data being transmitted.
In combination with energy harvesting, the usage of
the sensor can be optimised against the available
electrical power. When the supply of electrical
power is expected to be large, intensive sampling
and transmittal of data can be initiated. The
possibility to schedule sensor operations
considering energy supply forecasts have been
investigated and reported in [11].
At times when the power supply is low and no
loading events occur, the sensors should be set into
sleep mode. A smart switch have been developed,
based on vibrations, which enables setting sensors
into sleep mode when the energy from vibrations is
absent, and activating them when the structure
starts to vibrate. The switch enables an autonomic
energy efficient on-demand sensing system which
captures vehicle passages and reduces the power
waste in-between.
2.2 ENERGY HARVESTING
Established technologies are available for energy
harvesting from, e.g., sunlight, wind, and vibrations
[12]. The focus within the current project is to
investigate the applicability for long-term
monitoring of bridges. The energy possible to
harvest from vibrations of structural members on
the Old Lidingö Bridge will be compared against
the energy from conventional solar panels. For this
purpose, a modelD harvester from ReVibe Energy
has been installed on the bridge, see Figure 3.
The project also involves the development of a
smart battery based on a capacitator and a lithium
battery for short-term and long-term energy
accumulation, respectively. The process of
accumulating and consuming energy will be
controlled by a computer software integrated with
the sensor management treated in Section 2.1.

where R represents the resistance and S represent
the load effect. The partial safety factors γM and γF
represent the model uncertainties associated with
the resistance and the load, respectively. A safety
margin equal to or less than zero indicates an
insufficient safety meaning that the bridge should
be strengthen or replaced. This binary format
adopted in conventional assessments builds on a
sharp border between a safe and an unsafe structure.

Figure 3. An energy harvester modelD from ReVibe Energy
installed on the Old Lidingö Bridge.

3.

CLOUD BASED SERVICES

g x, t   Rx, t   S x, t 

The distribution and presentation of the data from
the WSN will be managed through a cloud based
service. It builds on the concept of Internet of
Things (IoT) where recorded data from structural
elements on bridges can be exchanged using cloud
technologies. An app for mobile phones is under
development which will be able to present statistics
of the recorded data and snapshots of the time
history for selected events. The next step in the
development is to design a big data solution
compatible with existing infrastructure asset
management (IAM) systems like, e.g., the Swedish
system BaTMan. The purpose is to connect the data
from monitoring with the information from
inspections and maintenance actions.
The cloud based service also supplies storage for
the data from the WSN for use in condition
assessments. As indicated in Figure 2, measured
data stored in the cloud can be collected and used
as an updated estimation of the response in the
condition assessment. The result can then be
transmitted back to the cloud and be integrated with
existing data.
4.

CONDITION ASSESSMENT

The governing regulations for design and
assessment of bridges prescribes a deterministic
verification format which can be formulated as a
safety margin expressed as
M 

R

M

  FS

With a probabilistic formulation, the uncertainty of
the decisive variables can be considered and the
verification can be based on an acceptable
probability of failure. A general limit state equation
can be formulated as

(1)

(2)

where g(x,t) depends on the stochastic variables in
the vector x and the time t. The resistance and load
effect, R and S, respectively, will in this case be
dependent on the stochastic variables in x and can
also be dependent on the time t. A state of failure is
defined for g ≤ 0 and the probability of failure is
defined as

Pf t   Pg x, t   0

(3)

Tentative values for an acceptable probability of
failure can be found in the Eurocode EN 1990 [13]
and in [14] for structures in Sweden. However, very
limited information on how to perform probabilistic
analyses and how to assign the properties of the
stochastic variables is available in the regulations,
why the practicing engineers typically stop at the
deterministic verification represented by (1).
If an initial assessment indicates an exhausted
service life, the bridge manager has to decide on
possible interventions such as repair, rehabilitation,
performance monitoring, and demolition to reduce
the danger with respect to public safety [15]. The
implementation of performance monitoring is the
focus in this paper and treated in the following
section.
4.1 ASSESSMENT BASED ON MONITORING
In a conventional assessment, the load effect is
considered using theoretical load models specified
in the regulations. They are characteristic loads that
should cover a large variety of conditions which
entail a high level of conservatism. By monitoring,
the actual response of a structural member due to

the real loads can be recorded. This typically leads
to less conservative estimations and a reduced level
of uncertainty. The load effect in both equations (1)
and (2) can be estimated based on monitoring,
however, the uncertainty of the measured data
should be considered in the partial safety
coefficient if a deterministic format is chosen [16].
Looking specifically at fatigue of steel bridges,
which is one of the most common reasons for
limitations in service life, the load effect is
represented by a stress range spectrum. It is
typically derived by rainflow cycle counting [17] of
measured strains. If the communication is reliable,
complete strain histories for vehicle passages can
be submitted to the cloud and the cycle counting
can be performed on the stored data. However, if
the communication is questionable or the
bandwidth is limited, the cycle counting should be
performed at the sensor node and only the
calculated stress range spectrum should be
transmitted. For densely sampled signals, this will
reduce the amount of data significantly. Details on
how to perform a fatigue assessment based on
measured data can be found in, e.g., [16].
If the verification is related to a serviceability limit
state as, e.g., dynamic oscillations measured in
acceleration, R in (1) and (2) should specify an
acceptable level and S the measured response. The
load effect can be measured directly using
accelerometers and maximum values for a
representative reference period can be predicted
using asymptotic extreme-value distributions, see
e.g. [18]. Considering the sensor management part,
transmitting daily or weekly maxima suffice for the
statistical evaluation of the load effect.
4.2 RELIABILITY UPDATING

The prior probability of failure can be updated
using the well-known Bayes law as
Pf U  Pg x   0 | H D x   0


(4)

where a(x,t) is the estimated damage at time t
considering the stochastic variables in x. The
detectability aD represents the result of the
inspection and should be considered as a stochastic
variable. If the limit state equations (2) is based on
crack growth, a(x,t) is the expected crack size and

Pg x   0  H D x   0
PH D x   0

(5)

where H D x   0 indicates no detected crack or
damage. This corresponds to the probability of
failure of a parallel system with two components.
The flow of information in the assessment
procedure starts with monitoring using a WSN (box
A in Figure 2). The data is transmitted to and stored
in the cloud (box B in Figure 2). For the assessment
(box C), the measured data is collected and used for
estimating the load effect. The result is then
transferred back to the cloud and can be viewed by
the bridge manager through an app together with
selected data from the measurements. When
inspections are performed, the bridge manager
should be able to state the outcome directly in the
app, rendering an updating of the estimated
reliability. Thereby, the bridge manager will
automatically receive a condition estimate based on
a combination of a theoretical assessment,
monitoring, and inspections.
5.

A probabilistic verification format as specified by
(3) allows a connection between a theoretical
condition assessment and result from on-site
inspections. A detection event can be expressed as

H D x, t   ax, t   a D

aD is the detectable crack size using nondestructive testing (NDT), see e.g. [19]. However,
the detection event could also be based on a
qualitative evaluation of damage, especially since
the mere appearance of a crack in a structure
indicates an exhausted fatigue life if a safe life
philosophy is adopted. In this case, a(x,t) is the
expected accumulated damage and aD is the
judged result of a visual inspection.

THE OLD LIDINGÖ BRIDGE

The Old Lidingö Bridge in Stockholm, Sweden, is
used as a case study in the project and the condition
of a critical member is assessed in this paper to
illustrate the suggested procedure. The bridge,
shown in Figure 1, was inaugurated 1925 and
carried from that time on pedestrians, road vehicles,
and heavy freight trains between the island Lidingö
and the Stockholm mainland. In 1971 the road
vehicles were moved to a new bridge and the heavy
freight transports ceased 1978. Nowadays, the
bridge carries pedestrians and the tram between
Lidingö and the station at Ropsten. The tram is light

but accommodates on the average 9 thousand
travellers every day.
The bridge has a total length of about 740 m divided
in 15 spans and has a width of 11 m. The major part
of the bridge consists of riveted steel trusses and
one span is a riveted steel arch with a span length
of 140 m. Investigations have shown that the steel
material origins from different manufacturers and
with varying material properties. Due to severe
corrosion, questionable material properties, and an
extensive demand for maintenance, the owner of
the bridge has decided to replace it. However, the
process of planning and building a new bridge takes
time and the Old Lidingö Bridge has to be kept in
service to provide a path for pedestrians and the
tram until the new bridge is in place.

In addition to the sensors, the energy harvesting
device shown in Figure 3 is located in the span
between support 2 and 3.
5.2 FATIGUE ASSESSMENT
The first crossbeam in the arch span, considered as
a critical member for the safety of the bridge, is
heavily corroded. A photo of the beam is shown in
Figure 5. Corrosion causes a reduction of the crosssection area and in severe cases create crack-like
defects which will shorten the service life
significantly [20].

5.1 INSTRUMENTATION
A WSN is installed on the Old Lidingö Bridge for
monitoring of critical components. The sensor
locations are shown in Figure 4. At the moment, the
system consists of one node for strain
measurements close to support 3, a total of three
nodes for acceleration measurements divided
between supports 5 and 6, and one inclinometer at
support 6.

Figure 5. A photo of the critical crossbeam.

Strain gauges are mounted close to mid-span of the
cross-beam. The stress history for the passage of a
tram recorded Thursday 21 December 2017 is
shown in Figure 6. The gauges 1 and 3 are mounted
to each side of the bottom flange of the crossbeam.
As shown in the figure, the stress levels are
relatively low, below 20 MPa.

Figure 4. A view of the western part of the bridge closest to
Stockholm City with the instrumentation indicated.

A gateway of type WSDA-1500-LXRS for data
aggregation is located at support 1. The node for
strain measurement close to support 3 is of type VLink-200 with 4 channels for uniaxial strain gauges.
At support 5, one accelerometer node of type GLink-200 is located. Support 6 is instrumented with
two accelerometers, one G-Link-2G and one GLink-200, and one inclinometer of type SST440
connected to the WSN through a V-Link-200. All
parts of the WSN are delivered from the company
LORD MicroStrain Sensing Systems.

Figure 6. Stress history for a passage of the tram recorded at
09:18 Thursday 21 December 2017.

The result of a rainflow analysis of 34 tram
passages recorded with strain gauge 1 is shown in
Figure 7. Every passage gives typically one large
stress range above 12 MPa and several smaller ones.

size at the starting point of the monitoring was
assigned a lognormal distribution with a mean
value of 0.15 mm and a coefficient of variation
(CoV) of 0.66. The model uncertainty associated to
the stress levels was assigned a lognormal
distribution with a mean of unity and a CoV of 3%
as suggested in [16].
Table 1. Stochastic variables. N ~ Normal, LN ~ Lognormal,
DET ~ Deterministic. The values are valid for a crack growth
Figure 7. A normalised stress range spectrum for strain gauge
1 calculated for 34 tram passages.

A probabilistic fatigue assessment is performed
using linear elastic fracture mechanics (LEFM) and
a limit state equation formulated as
g x, N   N c x   N

(6)

where N c represent the resistance, R in (2),
expressed in total number of cycles to reach a
critical crack size, and N is the number of cycles at
the studied point in time. A linear crack growth law
was adopted for which the expected crack growth
rate can be expressed as [21]
√

(8)

where ⋅ denotes the expected value, is the
and
are model uncertainties
crack depth,
associated to the stress levels, and together with
describe the linear crack growth law. The
functions
is related to the geometry of the
crack and the structural detail. Since the structure is
old and defects due to corrosion are frequent, a
linear crack growth rate with a constant slope of 3
was assumed to give an adequate representation of
the fatigue deterioration. Furthermore, no crack
growth threshold was considered. More
information about the model can be found in, e.g.,
[19].

in mm/cycle and stress intensity in MPa mm .

Variable

A
m
N
Sr

Distribution
LN
LN
LN
LN
DET
DET
DET
DET

Mean
0.15
1
1
2.5×10–13
3
48

CoV
0.66
0.03
0.07
0.54
-

The reliability estimated using crude Monte Carlo
simulations considering the result from monitoring
and the stochastic variables in Table 1 is shown as
the solid line in Figure 8. Due to the relatively low
stress ranges caused by the tram, the remaining
service life is far longer than required. If a target
reliability of 2.3 can be accepted, the service life is
about 90 million cycles corresponding to about 300
years if the traffic type and intensity remains the
same. The reason for this low utilization is that the
bridge originally was designed for much heavier
trains. It is also expected that a part of the fatigue
endurance already have been consumed. However,
a fatigue assessment approach based on LEFM
allow an estimation of the previous damage though
the initial crack size, in this case assigned the
properties stated in Table 1.

The number of cycles to reach a critical crack size
was calculated by integrating the crack growth law
as
(9)
The stochastic variables considered are listed in
Table 1. The distributions and parameters were in
principle assigned as suggested in the JCSS
Probabilistic Model Code [21]. The initial crack

Figure 8. The estimated reliability from the initial fatigue
assessment and after an updating considering no detected
cracks.

5.3 RELIABILITY UPDATING
Even though the estimated service life is more than
sufficient in the current case, a hypothetic scenario
has been considered to exemplify an updating of the
reliability. On the condition that a structure is
inspected regularly, a target level of 2.3 is
suggested considering fatigue of existing structures
in ISO 13822 [15]. This level is reached after about
90 million cycles with the initial assessment. If an
inspection is performed at that time and no crack is
detected, the reliability can be updated by (5). The
result of visual inspections can be considered with
in (4) as the minimum detectable crack size,
modelled with a probability of detection curve
(PoD curve). The result shown in Figure 8 as the
dashed line was calculated as described in [19]. The
figure shows that the fatigue life increases from 90
million to 120 million cycles, an increase with
about 30%.
5.4 SUMMARY
The individual parts of the condition assessment
approach have been outlined in this case study of
the Old Lidingö Bridge. From the view of a bridge
manager, however, the combined result of the
monitoring with WSNs, the condition assessment,
and potential inspections should be presented. To
make this possible, all parts must be connected to
the cloud service for storage and distribution of the
results. Based on Figure 2, the flow of information
is visualized in Figure 9 for this specific case study.

surveillance and management of critical bridges.
The different parts of the project have been
developed separately so far. What remains is to
connect the whole chain from the WSN to the app
presenting the result of the measurements and the
condition
assessment.
Some
preliminary
conclusions are listed below.
 Commercial WSNs are available for bridge
applications and a successful installation on
the Old Lidingö Bridge has been demonstrated.
However, an experience from the case study is
that the communication reliability of wireless
sensor networks need to be improved.
 Devices for energy harvesting have been
installed on the case study bridge to investigate
the possibility to provide power to the wireless
sensor nodes. The result is yet to be analysed.
 The measured response form the monitoring
system can readily be combined with
established methods for condition assessment
as shown for the case study.
 By using Bayesian updating, a theoretical
assessment based on measured response can be
combined with results from in-situ inspections
for a complete estimation of the condition.
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of a critical steel bridge
J. Leander & R. Karoumi
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ABSTRACT This paper is focused on the service life prediction of steel bridges subjected to a combination of
corrosion and fatigue. Both deterioration mechanisms are dubious to handle in theoretical assessments due to large
uncertainties, on the action effect side and the resistance side. A reliability-based assessment in combination with
updating considering monitoring and inspections provide an approach to reduce the uncertainties. To evaluate
what assessment actions to engage, this approach has been combined with Bayesian decision theory which
provides a rational basis to evaluate the value of information (VoI). The Old Lidingö Bridge in Sweden is used
as a case study to demonstrate the reliability-based approach. This bridge is subjected to severe corrosion and
has been deemed unfit for service. However, it provides the only link to the island Lidingö for the local tram
and pedestrians why the bridge owner has decided to keep it in service until a new bridge is in place. To secure
the safety of the bridge, recurrent inspections are conducted and discovered defects are repaired immediately. A
system for continuous monitoring of critical parts was installed during the spring 2017. The bridge, the approach
for assessment, and the procedure for evaluating the VoI are presented in the paper.

1

INTRODUCTION

If a bridge is judged unfit for service in a preliminary assessment, the bridge manager has to decide
on interventions to secure the safety of the structure.
Possible interventions are, e.g., repair, maintenance
of critical components, strengthening, and demolition (ISO 13822 2010). Another strategy is to engage
more accurate assessment methods with the purpose
of extending the theoretical service life. A general
approach for classification of assessment actions and
supporting decisions on interventions has been suggested by Leander et al. (2018). It builds on three
attributes; modelling sophistication (M), uncertainty
consideration (U), and knowledge content (K). The
modelling sophistication is related to the structural
model and/or the deterioration model, the uncertainty
consideration reflects the safety format, and the knowledge content is related to how the information about
the real structure has been collected. At high levels in
all three attributes, a high accuracy of the assessment
is expected.
The knowledge content (K) can be improved by
using in-service monitoring which reduces uncertainties in the loading conditions and the structural
behaviour, see e.g., ISO 13822 (2010) and Kühn
et al. (2008). It is, however, rarely used in practice
for bridges due to an apprehension of costly implementations. Hence, considerable research efforts have
been spent lately on proving the value of structural
health monitoring (SHM), see e.g. Straub et al. (2017),

Thöns et al. (2015), Zonta et al. (2014), and Pozzi and
Der Kiureghian (2011). These contributions explores
the concept of value of information (VoI) based on
Bayesian decision theory enabling an estimation of
the benefit of a monitoring system before it is installed
(Straub 2014).
In the current paper, an evaluation of the VoI is presented for a steel bridge in Sweden, the Old Lidingö
Bridge, which is heavily afflicted with corrosion. A
photo of the bridge is shown in Fig. 1. A specific
decision scenarios has been considered with an aim
of extending the service life of the bridge, using a
monitoring system and a detailed deterioration model
considering the combined effect of corrosion and
fatigue. These two deterioration phenomena are the
main causes for limiting the service lives of steel
bridges (Kayser and Nowak 1989). The corrosion
process typically causes an increase in stress due to
reduced cross-section area and develops local stress
risers. Both effects are detrimental for the fatigue resistance. The interaction between corrosion and fatigue
has been demonstrated in, e.g., Peng et al. (2018) and
Adasooriya and Siriwardane (2014). The aim of the
presented investigation was to develop an assessment
method at the highest level of the MUK approach
mentioned above, where a sophisticated degradation
model is combined with a reliability-based verification
format and data from in-service monitoring.
The investigation is limited to the fatigue deterioration of one specific critical detail in the bridge. No
system effects have been considered.
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Table 1. Stochastic variables. N ∼ Normal, LN ∼ Lognormal, DET ∼ Deterministic. The values are valid
√ for crack
growth in mm/cycle and stress intensity in MPa mm.

Figure 1. A photo of the Old Lidingö Bridge in Stockholm,
Sweden.

The paper is organized as follows. The reliability based model for fatigue assessment is outlined in
Section 2. It is followed by short descriptions of the
decision support model and the concept of VoI analysis
in Section 3. The Old Lidingö Bridge is presented in
Section 4 together with the conditions and results for
the case study. The paper is ended with conclusions in
Section 5.

2

FATIGUE ASSESSMENT

A fatigue life assessment of bridges following the
governing regulations is typically performed using
linear damage accumulation and fatigue endurances
described by S–N curves. The outcome is a damage
index which is verified against an acceptable threshold value, see e.g. the Eurocode EN 1993-1-9 (CEN
2006). This damage index has no physical meaning
and cannot be measured in practice. To enable a reliability updating considering results from inspections,
a prediction model based on linear elastic fracture
mechanics (LEFM) was implemented in the current
investigation. This model and the consideration of
corrosion are described in the following sections.

2.1

Variable

Distrib.

Mean

CoV

CS
CSIF
Aa
Ab
ma
mb
Kth
a0
ac
Sr
rcorr
bcorr

LN
LN
LN
LN
DET
DET
LN
LN
DET
DET
LN
N

1
1
4.80 · 10−18
5.86 · 10−13
5.10
2.88
140
0.15

0.10/0.03
0.07
1.70
0.60
–
–
0.40
0.66

72.5
0.523

0.53
0.05

where a0 and ac are the initial crack depth and the
critical crack depth representing the final failure of
the component, respectively. The vector x contains the
basic variables of the deterioration model. For variable
stress range amplitudes, the crack growth rate can be
estimated as suggested in JCSS (2011)

where E[ · ] denotes the expected value. The threshold
stress range Sab corresponds to the inflection point of
the bilinear crack growth rate.A detailed description of
the model can be found in, e.g., Leander andAl-Emrani
(2016). The properties of the variables are listed in
Table 1.
A limit state equation based on number of cycles
can be formulated as

Linear elastic fracture mechanics (LEFM)

The fatigue deterioration was modelled using a bilinear
crack growth rate as suggested in BSI (2013) and JCSS
(2011). The crack driving force is the stress intensity
range which can be formulated as

where Sr is the stress range, a is the crack depth, Y (a)
is a geometry correction factor representing the base
component, and Mk (a) is a stress magnification factor considering the influence of possible on-welded
attachments (Hobbacher 1992). The number of cycles
to failure Nc (x) is calculated by integrating a crack
growth rate as

where Nc (x) is described by Eq. (2) and N (t) is the
number of cycles at the studied point in time. A state of
failure is defined for g ≤
 0 and the probability of failure is defined as Pf = P g ≤ 0 . The reliability index β
is related to the probability of failure as β = −Φ−1 (Pf )
where Φ−1 (·) is the inverse of the standardized normal
distribution function.
2.2

Corrosion

In the current investigation, the corrosion was considered as a reduction of the cross-section area. No
stress rise due to local discontinuities was modelled.
The time dependent penetration depth was modelled
as an exponential function (ISO 9224 2012, Kayser
and Nowak 1989)
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where t is the exposure time expressed in years,
rcorr is the corrosion rate experienced in the first
year expressed in micrometres per year, and bcorr
is the metal-environment-specific time exponent. As
emphasized in ISO 9224 (2012), the applicability of
this model for long-term exposures beyond 20 years
of service life can be questioned. However, in lack of
better models, it was adopted with a relatively high
coefficient of variation (CoV) for the variable rcorr ,
see Table 1.
A reduced cross-section area due to corrosion
causes higher stresses in the remaining material. This
time dependent effect alters the stress range Sr in
Eq. (1) which makes the stress intensity range dependent on the time and crack depth both. In the current
investigation, this was considered by executing the
integration in Eq. (2) incrementally with the reduction of the cross-section constant over each increment.
A convergence study lead to a final routine with 500
logarithmic crack depth increments giving a negligible influence of the stepwise increase of penetration
depth.

Figure 2. Crack growth rates. The shaded area represents
a 95 % confidence interval for the distribution suggested by
King et al. (1996).

2.3 Reliability updating
The probabilistic formulation of the verification,
together with the deterioration model based on LEFM,
enables a consideration of results from nondestructive
testing (NDT). A damage (crack) detection event can
be formulated as

where a (x, Ni ) is the estimated crack depth at Ni cycles
and ad is the lower level detectability which is typically modelled with a probability of detection (PoD)
function. The preferred outcome of an inspection is
no detection which is reflected by a detection event
HD (x) ≤ 0. This information can be used for updating a prior estimate of the probability of failure using
Bayes’ theorem as (Madsen et al. 2006)

where PfU is the updated probability of failure.
If a crack in a steel bridge is detected, a condition
class 3 is prescribed by the Swedish bridge and tunnel management system (Trafikverket 2018), implying
an indication of severe damage. It requires immediate
interventions to guarantee the structural safety. Therefore, only the event of no detected crack motivates an
updating of the theoretically estimated reliability.
2.4

Uncertainties

The probabilistic format enables a consideration of the
inherent uncertainties of the variables and models. The
variables were in principle assigned distributions and
parameters as suggested in JCSS (2011), see Table 1.
The model uncertainty for the stress range, CS , was
assigned a lognormal distribution with a mean value

of unity and a coefficient of variation (CoV) of 0.10
when the stresses were estimated by a theoretical structural analysis. When the stresses were determined by
monitoring, a CoV of 0.03 was assigned as suggested
in Leander et al. (2015). A lognormal distribution was
assigned also for the model uncertainty considering
the stress intensity factor, SSIF , but with a CoV of 0.07
as suggested in JCSS (2011).
The material parameters in Eq. (3) for the crack
growth rate, Aa , Ab , na , and nb , were assigned values as suggested by King et al. (1996) based on tests
of offshore steels. The applicability to steel bridges
can be questioned but crack growth data for steel
from old bridges are rare. Conservative deterministic values are suggested in Barsom and Rolfe (1999),
Kühn et al. (2008) and Ali et al. (2017) but without
any information on dispersion. The crack growth rates
are shown in Fig. 2 where the distribution suggested
in King et al. (1996) is shown as a 95 % confidence
interval. As shown in the figure, the deterministic relations suggested by Barsom and Rolfe, Kühn et al., and
Ali et al. falls within the shaded area. The crack growth
threshold, Kth , is considered in the figure.
The variable rcorr in Eq. (5) for the corrosion
penetration depth was modelled with a lognormal distribution with a mean value of 72.5 µm and a CoV of
0.53 derived from the guidelines in ISO 9223 (2012).
The variable bcorr was assigned a normal distribution
with a mean value of 0.523 and a CoV of 0.05 as
suggested in ISO 9224 (2012).

3

DECISION SUPPORT MODEL

If a preliminary theoretical assessment indicates an
exhausted service life, the bridge manager has to make
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AVoI equal to zero indicates that the decision option
cannot be expected to render any increase in knowledge. With a value larger than zero, the expected utility
has to be balanced against the cost of the information
gathering. The concept of VoI is demonstrated further
in relation to the case study.

4 THE OLD LIDINGÖ BRIDGE

Figure 3. An influence diagram for decision support under
uncertainty.

a decision on possible interventions to secure the structural safety. Ideally, the decisions should be based on a
rational evaluation of possible options which, however,
might be problematic in reality. An approach based
on Bayesian preposterior analysis using an influence
diagram (ID) was implemented in this investigation.
The theoretical background is beyond the scope of this
paper, the interested reader is referred to, e.g., Benjamin and Cornell (1970), Pozzi and Der Kiureghian
(2011), Straub (2014), and Straub et al. (2017).
The ID in Fig. 3 is a restructured version of the
ID suggested by Straub (2014) for structural health
monitoring. The random variables are represented by
ovals, decisions by rectangles and utilities by diamonds. The influence diagram is explained in more
detail in Section 4 in relation to the case study.
The optimal decision is determined in the preposterior analysis by maximizing the expected utility. This
enables an evaluation of different actions before they
have been implemented. The decision boxes in the
influence diagram (see Fig. 3) can involve different
assessment and intervention actions. If an assessment
action involves testing, e.g., monitoring, the increase
in knowledge will be associated with a monetary cost
of the instrumentation and management. The balance
between the increase in knowledge and the cost can
be evaluated using the concept of value of information
(VoI) described in the following section.
3.1 Value of information
The VoI can be described as the maximum expected
utility including the information from testing, minus
the maximum expected utility without the information from testing, with the cost of the testing excluded
(Straub et al. 2017). Mathematically, it can be formulated as

where E [·] denotes the expected value, u (ei |t) is the
utility of the decision option ei which includes testing,
and u (e∗ ) is the utility of the optimal decision option
e without testing.

The Old Lidingö Bridge in Stockholm, Sweden, is a
riveted steel bridge inaugurated 1925, see Fig. 1. During the years it has carried a mix of heavy freight
trains, road vehicles and pedestrians. Since 1978 only
the tram, connecting the island Lidingö and the Stockholm mainland, and pedestrians are loading the bridge.
The tram is light but it accommodates about 9 thousand travellers every day and is a crucial part of the
local transport network.
One part of the bridge consists of an arch with a span
length of 140 m. The rest is a mixture of trusses and
beams. The total length of the bridge is about 740 m.
Investigations have shown that the steel parts have been
delivered by different manufacturers and have varying material properties. Due to problems with severe
corrosion, increasing maintenance costs, and questionable material properties, the bridge owner has decided
to replace the bridge. As a measure to ensure the
structural safety until the new bridge is in place, a monitoring system has been installed with gauges mounted
at strategic locations. A more detailed description of
the bridge and the monitoring system can be found in
Leander et al. (2018).

4.1 Fatigue assessment
One of several critical members in the bridge is one of
the crossbeams in the arch span. The beam is a part of
the main load carrying structure and a damage would
jeopardize the safety of the bridge. The combination
of corrosion and fatigue crack growth has been judged
decisive for its service life. A part of the crossbeam
with the installed strain gauges indicated is shown in
Fig. 4. The letter G denominates strain gauges connected to a wired monitoring system and the letter W
gauges connected to a wireless sensor node. Gauges
G11 and G12 are mounted to either side of the bottom
flange of the I-shaped crossbeam. The analyses presented hereafter are based on results at the position of
gauge G12.
A prior estimate of the service life was performed
using a theoretical structural analysis. The load was
modelled with a conservative representation of the
A36 tram shown in Fig. 5. The geometry of the load
corresponds to the real train but the axle loads are
the maximum permitted values. The stress history for
a passage of the tram was calculated using a simple
beam model of the grid consisting of the crossbeams
and the stringer beams carrying the track. The level
of detailing corresponds to a preliminary evaluation
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Figure 4. An instrumented crossbeam on the Old Lidingö
Bridge. The letter G denominates strain gauges connected to a
wired monitoring system, and the letter W gauges connected
to a wireless sensor node.

Figure 7. The location and configuration of the anticipated
crack.

Figure 5. The A36 tram frequently passing over the Old
Lidingö Bridge. Axle loads are given in kN and distances in
meters.

Figure 8. Corrosion penetration on the crossbeam. The
shaded area indicates the maximum wastage of the
cross-section.

Figure 6. Stress range spectra calculated at the location for
strain gauge G12.

as defined by Kühn et al. (2008). A stress range spectrum for the theoretical load model calculated using
rainflow analysis is shown in Fig. 6(a). One passage
of the tram gives three stress cycles divided between
12 MPa, 16 MPa, and 36 MPa in stress range.
A crack is assumed to initiate from a defect in one
of the rivet holes, see Fig. 7. The crack then propagates towards the edge of the flange covering the
whole thickness. The geometry factor Y (a) for the
stress intensity factor in Eq. (1) was taken as suggested by Newman and Daniewicz (2014). No welded
attachment is present why Mk (a) was set to unity.
A corrosion wastage was considered along the top
and vertical surfaces of the bottom part of the crosssection. This is, according to Kayser and Nowak
(1989), where corrosion typically can be found on
bridge beams and it agrees with the actual state of
the crossbeam. A photo of the crossbeam and a visualization of the considered corrosion wastage are shown
in Fig. 8. The expected crack growth is shown in Fig. 9

Figure 9. The expected crack growth as a function of the
total number of cycles.

where the influence of corrosion is evident. The result
was calculated based on mean values for the variables
in Table 1 and the theoretical load model. As a conservative assumption, no crack growth threshold was
considered (Kth = 0).
A prior estimate of the reliability is shown in Fig. 10.
The result was calculated for the probabilistic model
using a crude Monte Carlo simulation considering the
variables in Table 1 and the theoretical load model.
As before, no crack growth threshold was considered
(Kth = 0). The figure shows the reliability over a normalized number of cycles T which can be interpreted
as time in years. A plausible target reliability of β = 3.1
(ISO 13822 2010) is reached at T = 21.
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Table 3.

Utilities for the assessment actions.

e0

e1

e2

0

−3

−5

Table 4.
actions.

Utilities for the random outcomes and repair

No failure, θ0
Figure 10. Prior reliability estimated using the response
from the theoretical load model.
Table 2. Tentative sample likelihoods for the case study,
P [zk |θi ]. Detail state θ0 ∼ no failure, θ1 ∼ failure.
Option e1 State

Option e2 State

Assessment outcome

θ0

θ1

θ0

θ1

No damage
Damage

0.8
0.2

0.1
0.9

0.95
0.05

0.05
0.95

4.2

Failure, θ1

No repair

Repair

No repair

Repair

0

−50

−1 000

−50

Decision scenario

Based on the result in Fig. 10, the reliability is insufficient for T > 21. As basis for a fictitious decision
scenario, the bridge has to be kept in service until year
2023 corresponding to T = 98 when the new bridge is
to be completed. The reliability index at that time was
predicted to be β = 1.06 with a corresponding probability of failure of Pf = 0.14. Out of many possible
options to secure the safety of the bridge, the following
three were considered in the current investigation:
(i): e0 – Prior assessment (no additional action).
(ii): e1 – Assessment based on measured strains.
(iii): e2 – Assessment based on measured strains and
visual inspections.
To support the decision maker in the choice between
doing nothing or the actions e1 and e2 , an evaluation
of the expected utility was performed using the influence diagram in Fig. 3. As input for the analysis in
node Detail state, a prior probability of failure of the
detail was assigned to θ1 = Pf = 0.14. Sample likelihoods stated in the node Assessment outcome are listed
in Table 2 for the assessment actions. They reflect the
expected accuracy of the actions as probabilities conditional on the true state of the detail P [zk |θi ]. As an
example, the value P [z0 |e1 , θ0 ] = 0.8 means that for
a true state of no failure, the assessment method will
indicate no damage with a likelihood of 80 %, typically
called a true negative.
The decision in the node Repair action is between
doing nothing and repair. The latter is considered as
a perfect repair rendering a negligible probability of
failure.

Figure 11. Expected utility for the three assessment options.

Only costs were considered for the case study why
the utilities were assigned negative values. The values
stated in the nodes Assessment cost and Cost of outcome are listed in Table 3 and Table 4, respectively.
The values should be seen as ratios between costs and
not monetary values. A discussion about consequences
and utility functions can be found in, e.g., Goyet et al.
(2013).
The results of the preposterior analysis are shown
in Fig. 11 as expected utilities. For the option of doing
nothing, the expected utility is −50 corresponding
to the repair cost. The expected failure cost for the
same option would be 0.14 · ( − 1000) = −140. The
expected utilities for options e1 and e2 are −32 and
−21, respectively. This indicates that the latter option,
based on strain measurements and visual inspections,
would be the best alternative.
Considering the probability of failure, the posterior
values were calculated to 0.02 and 0.009 for the two
options e1 and e2 , respectively, on the condition that
the assessments indicate no damage. It corresponds to
reliability indices of β = 2.0 and β = 2.4, respectively.
None of the values reach up to the target of 3.1 but are,
nevertheless, significant improvements from the prior
value of 1.06.
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assumed numerical values and should not be generalized. The preliminary estimation of the reliability
was performed using a simplified theoretical structural analysis which in some aspects was based on
conservative assumptions. This may have contributed
to the large differences of the expected utility between
the assessment options. It should also be noted that
the sample likelihoods and the assigned utilities are
tentative values.

Figure 12. Estimated reliabilities for all three assessment
options.

4.3 Value of information
The VoI can be calculated based on the numerical values from the results in Fig. 11. For the two options e1
and e2 the VoI was calculated to

The numbers above indicate that both suggested methods would supply significant values of information.
The numerical values are almost as large as the cost
of repair. This indicates that the decision maker would
gain a great value by procuring any of the assessment
options.

5

CONCLUSIONS

A reliability-based method for the fatigue assessment
of steel bridges considering corrosion wastage has
been suggested. It allows a consideration of measured
response and updating based on results from inspections. The paper demonstrates how the concept of VoI
can be used, together with the suggested assessment
method, as a tool for decision makers to secure the
safety of critical bridges.
A case study of the Old Lidingö Bridge in Stockholm has been presented. With tentative values in the
model for VoI analysis, a procedure for quantifying
the value of structural health monitoring (SHM) has
been demonstrated. The concept has been validated
using measured response from the bridge. For the case
study, the monitoring is shown to greatly improve the
estimated safety of the bridge.
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Abstract
This paper explores the decision making problem in SHM regarding the maintenance of civil
engineering structures. The aim is to assess the present condition of a bridge based exclusively on
measurements using the suggested method in this paper, such that action is taken coherently with
the information made available by the monitoring system.
Artificial Neural Networks are trained and their ability to predict structural behaviour is evaluated
in the light of a case study where acceleration measurements are acquired from a bridge located
in Stockholm, Sweden. This relatively old bridge is presently still in operation despite experiencing
obvious problems already reported in previous inspections. The prediction errors provide a
measure of the accuracy of the algorithm and are subjected to further investigation, which
comprises concepts like clustering analysis and statistical hypothesis testing. These enable to
interpret the obtained prediction errors, draw conclusions about the state of the structure and
thus support decision making regarding its maintenance.
Keywords: Artificial Neural Networks, Clustering analysis, Model free damage detection, Statistical
Hypothesis Testing, Structural Health Monitoring.
case the structure may even be found beyond
repair and required to be demolished and, in the
utmost extreme case, if action is taken too late,
the safety of the users can be compromised with
consequent great costs.

1. Introduction
Civil engineering structures serve our societies in
many ways, contributing for their sustainability
and rapid development. However, a significant
part of these structures is presently being used
past the timeframe they were originally designed
for. Additionally, this extended use may take place
under environmental and operational conditions
different from the initial ones, for e.g. if a bridge
experiences an increase in traffic it will be thus
exposed to higher loads. In this sense the natural
deterioration process can even be accelerated and
it is not uncommon that when damage is exposed
it has already grown far and required reparations
are extensive and expensive. In a more severe

2. STRUCTURAL HEALTH
MONITORING AND DAMAGE
DETECTION
Systematic monitoring and inspection are needed
to assess the present state of a structure and
predict its future condition. If irregularity is
noticed, repair actions may take place and the
adequate intervention will most probably reduce
the future costs with maintenance, minimize
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used in this case study. Unsupervised damage
detection algorithms only use data that has been
labelled as reference, i.e. “normal” data, in the
training‐phase. The trained algorithm can then
take new observed data under the so called
testing‐phase, comparing it to the reference data.
If these new data are outside the norm, that one
can say that the algorithm performs novelty
detection [2]. Given the nature of civil engineering
structures, unsupervised methods are preferred.
One of the common available data driven
algorithms used to solve the task of novelty
detection are Artificial Neural Networks (ANNs) ‐ a
family of mathematical models inspired by the
structure of biological neural networks.

downtime and increase safety by avoiding the
failure of the structure as a whole or of one of its
structural parts. For this to be possible decisions
must be made at the right time, which implies
using systems that can detect abnormalities in
their early stage. In this sense, Structural Health
Monitoring (SHM) is seen as an effective tool for
improving the safety and reliability of
infrastructures. The damage identification process
entails the comparison between two different
states of the system: the reference state (usually
the original state of the structure) and the current
state (based in new measurements performed on
the structure). As the reference state is usually
associated with a healthy condition, if the new
measured response differs significantly from the
expected response than it is likely that the
structure has experienced some kind of damage
that has altered its natural behaviour. To establish
the different structural states, considerably large
samples of data are collected, treated and
compared. SHM can hence be seen as a problem
of statistical pattern recognition that is composed
of four parts [1]:
•
•
•
•

In this paper ANNS are trained and their
performance in predicting the future behaviour of
the structure is evaluated in the light of a case
study where experimental data is acquired from a
real bridge in Stockholm, Sweden. The prediction
errors provide a measure of the accuracy of the
algorithm and, therefore, are subject of study
through statistical analysis methods. Concepts like
clustering analysis and statistical tests are
considered in order to interpret the obtained
prediction errors, draw conclusions about the
present state of the structure and support
decision.

Operational evaluation;
Data acquisition, normalization and
cleansing;
Feature extraction and data compression;
Statistical model development for feature
discrimination.

3. Case Study

This paper will essentially focus on the last of
these parts. The statistical‐model development is
an important part of the SHM process as it is
responsible for the development of algorithms
that operate on the damage sensitive features
extracted from data. These algorithms analyse
statistical distributions of the measured feature to
enhance the damage identification process and
they essentially fall into three categories [1]:
•
•
•

3.1

The Old Lidingö Bridge

The Old Lidingö Bridge (Figure 1) connects
Rospten in the mainland Norra Djurgården in
Eastern Stockholm to the island of Lidingö. The
bridge was constructed between 1917 and 1925
and was initially designed to be used by
pedestrians, road vehicles and heavy freight
trains. Due to the growing traffic demands, in
1971 road traffic was relocated to the newly built
Lidingö Bridge and later, in 1978, freight train
traffic was discontinued in the Old Bridge. At the
moment it carries one rail track that serves the
Lidingöbanan (light train rail) with a daily average
of 9 thousand travellers, as well as a pathway
designated for pedestrians.

Group classification: the output variable
takes discrete class labels;
Regression analysis: the output variable
takes continuous values;
Novelty
detection:
“one
class
classification”.

The first two categories belong to the supervised
learning approach; the last category belongs to
the unsupervised learning category, which will be
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Figure 2 (a). Corrosion of one crossbeam.
Figure 1. The Old Lidingö Bridge (reproduced from
[3]).
The Old Lidingö Bridge is a steel truss bridge with
a total length of 740m. With 140m, the longest
span consists of a riveted steel arch. The
remaining spans are made of riveted steel trusses
located below the deck and the end span on both
sides is made of a grid of beams.

Figure 2 (b). Misplaced bolt in the connection of
one longitudinal beam.

The quality of the steel in the bridge has been
recurrently questioned. Samples of the material
extracted from different parts of the structure
have shown a wide spread in properties which is a
consequence of the steel coming from several
different steel manufacturers. However, according
to Lundmark (2006) [4], the assessment is that the
static capacity and integrity meet the
requirements for the loads observed in the bridge
these days.

Figure 2 (c). Locked up roller bearing.

Nevertheless, the bridge has been subject to
considerable long periods of high loads induced by
freight train traffic in the past and it is well known
that time dependent degradation processes such
as corrosion and fatigue can cause severe damage.
Significant damage caused by fatigue has not been
reported but corrosion (Figure 2(a)) has been
documented during the inspections. Other
reported types of damage are missing rivets and
bolts (Figure 2(b)) and defective bearings (Figure
2(c)). A summary of the results of 2015
inspections is provided in Ahne (2015) [5].

3.2

The monitoring system

The most recent ongoing measurements in the
Old Lidingö Bridge are expected to enable the long
term monitoring of the structure’s condition, as
well as to follow up the actual behaviour at critical
parts of the bridge.
A Wireless Sensor Network (WSN) system was
installed in the Old Bridge and the sensor
locations are shown in Figure 3.
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STEP 2 ‐ Identify train passages
Each train passage usually happens with minutes
of unloaded signal between passages, so the
moments when a train is over the bridge are
notorious in the signal (Figure 4). To pinpoint the
maximum response produced by a train passage,
MATLAB’s function findpeaks, which returns the
values of local maxima or peaks in the input data
as well as their locations. The function allows one
to define the minimum peak distance and
amplitude threshold as parameters. In a simplified
manner, a window of 1400 time steps (700 to
each side of the local maximum) was chosen to
isolate what is considered to be a train passage.

Figure 3. Scheme of the monitoring system.
In order to test the system’s performance and
reliability, the number of sensors is intentionally
limited in the system installed so far. The system
configuration is however susceptible to
adjustments and can be expanded according to
necessity. Based on the outcome of previous
inspections, the system consists at the moment of
one node for strain measurements close to
support 3, a total of three nodes for acceleration
measurements in supports 5 and 6, and one
inclinometer at support 6. A gateway for data
aggregation is located at support 1 and the energy
harvesting device is located in the span between
support 2 and 3. More detailed information about
the sensors can be found in Leander (2017) [9].

3.3

The data provided by both sensors and for each
train passage is then assembled and saved in a
matrix: the first column contains the time span,
the second column contains the vertical
acceleration time history of sensor 1, the third
column contains the vertical acceleration time
history of sensor 2, the remaining columns 4 to 6
contain the two previous and the current hourly
average air temperatures, respectively. A total of
265 train passages, spreading over several
months, were collected, from which 200 were
used for training and 65 were used for testing the
ANN.

Methodology

The following steps form the approach carried out
on the light of the Case Study:

STEP 1 ‐ Choose representative measurements
samples
Data has been continuously collected by the WSN
system
since
September
2017.
Daily
measurements are performed during three
periods of the day: around 8 a.m., noon and
midnight, the latter corresponding to a period
where there is no tram traffic on the bridge. It is
important that the selected data from the total
available is chosen over a large span of time as
that will allow taking temperature fluctuations
into consideration while monitoring. The sampling
frequency of the signal is 64Hz. In the present
study, only the data of the two accelerometers ‐
sensor 1 and sensor 2 ‐ placed in supports 5 and 6
respectively (Figure 3), was considered for the
analysis, specifically vertical accelerations.

Figure 4. Segment of the time history of the
vertical acceleration at sensor 1, where is possible
to recognize the moment where the train is on the
bridge.

STEP 3 – Train the Artificial Neural Networks
In order to train the ANN we need first to define
some aspects, such as the input/output, training
algorithm and number of layers and neurons. The
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temperature records are given as input. This
allows studying if the consideration for
temperature enhances the network’s predictions.

structure of the ANN can easily be changed and
the training procedure can be repeated, in order
to optimize the ANN performance.
In this case study, both input and output data
comprise the running vehicle induced vibration
data: the former comprise the past acceleration
data from two accelerometers; the latter
comprises the current acceleration at one of the
two sensors. Ideally, input parameters should be
sensitive to damage but not to operational and
environmental conditions. Rules of thumb ([10],
[11], [12]) exist regarding the number of neurons,
here chosen to be 30. Each ANNs is composed of
one input layer, one hidden layer and one output
layer and the training algorithm is the Levenburg‐
Marquardt Backpropagation algorithm. The
following networks (Table 1) were trained:

STEP 4 – Test the Artificial Neural Networks
To test and validate the network trained with a
reference case, measurement data different from
that used for training needs to be adopted. The
baseline case is established form the data
measurements collected from the Old Lidingö
Bridge. In order to validate the ability of the
network to perform novelty detection, testing is
performed with new unseen measurements from
the baseline case (“healthy” condition) and with
the same measurements adulterated to some
degree (“damaged” condition). The idea is that
the predicted output corresponding to the
“healthy” measurements should be coincident or
close to the respective target, while the predicted
output
when
looking
at
“damaged”
measurements should be significantly different
from the respective target. According to the
results of a measuring campaign performed in
May 2012, reported in Kullberg and Trillkott
(2012), unusual large movements had been
noticed at support 6 during inspection of the
bridge. The “healthy” measurement data collected
by sensor 2, which is located in support 6, can
therefore be artificially corrupted in order to
simulate damage in said support. Augmented
response amplitude registered by the sensor could
mimic the situation where the support is damaged
as, when damaged, the element loses stiffness
making frequencies decrease and accelerations
increase. In this sense, part of the healthy
measurements was corrupted by increasing the
amplitude of the acceleration signal and by
increasing the sampling frequency in some
amount, which is equivalent to simulating a lower
natural frequency. The new corrupted signal is
obtained through the function resample in
MATLAB (Figure 5).

Table 1. Configurations of the trained artificial
neural networks 1‐4.

Input

ANN1

ANN2

,…,

,…,

,…,

,…,

ANN3

ANN4

,…,

,…,

,…,

,…,

Output

Input

,…,

,…,

Output

where {a_n }_i is the current time n acceleration
at sensor i, t_n is the current time n hourly
average air temperature. Each configuration aims
to study different influences:
ANNs 1(3) and 2(4) outputs concern sensors 1 and
2, respectively. This allows studying how the
location of damage that is closer or further away
from one of the sensors will contribute for the
better or worse prediction of the output of said
sensor.
ANNs 1 and 3 (2 and 4) outputs both concern
sensor 1 (2) with the difference that in the second
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the prediction errors. Cluster analysis consists in
grouping a set of objects in such a way that
objects in the same group are more similar to
each other than to those in different groups. One
of the most popular clustering algorithms is the k
means clustering algorithm, which is applied in
this paper. This algorithm consists in the partition
of n observations into k clusters, assuming that
each observation belongs to the cluster with the
nearest mean. However, this clustering procedure
is not free of error and some observations may be
wrongly classified, i.e. attributed to the wrong
cluster.

Figure 5. Healthy and corrupted (equivalent to
DC6) segments of the time history of the vertical
acceleration at sensor 1.

For the statistical hypothesis testing, a Two‐
sample Kolmogorov Smirnov test can be applied.
This test checks whether two samples are drawn
from the same distribution. Fixing the prediction
errors’ distribution of the training data set as the
reference distribution, any prediction errors
obtained from new acquired data (the testing data
set) can be compared with the reference. If the
distributions match, and given that the training
data is known to be derived from a healthy bridge,
then the new data is also assumed to be collected
under healthy circumstances. If there is a
significant difference between the two
distributions, then one can assumed that the
structure is damaged.

Several Damage Case Scenarios (Table 2) are
tested with two different configurations: in the
first configuration damage takes place at support
5 (from which sensor 1 is closer) and in the second
configuration damage takes place at support 6
(from which sensor 2 is closer).
Table 2. Damage Case Scenarios.
Increase of
the sampling
frequency
Damage Case
scenario
1

∆%
5

Increase in the
amplitude of
the signal
∆%

4. Results

0

2

0

2

3

0

5

4

5

5

5

5

20

6

10

10

7

10

30

Figures 6 and 7 represent the prediction errors
corresponding to ANNs 1 and 2, respectively, in
the presence of either healthy condition () or
DC6 near sensor 1 (). The prediction errors
concerning ANNs 1 and 2 in the presence of either
healthy condition () or DC6 near sensor 2 ()
are plotted in Figures 8 and 9, respectively. The
prediction errors are given by the Root Mean
Square (RMS) of the difference between each
target and the corresponding predicted output.
Only the predictions obtained in the presence of
DC6 are shown in the subsequent plots (Figures 6‐
9).

STEP 5 – Clustering and statistical analysis
methods
Once the networks are trained and validated,
statistical data analysis techniques can be
employed in order to evaluate the distributions of
6
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Figure 9. Prediction errors for ANN2 ordered by
increasing error. DC6 with damage near sensor 2.

Figure 6. Prediction errors for ANN1 ordered by
increasing error. DC6 with damage near sensor 1.

It is obvious from the figures that, as expected,
ANN1 performs better separation between
healthy and damaged structural states than ANN2
if DC6 occurs near sensor 1, while the opposite is
verified if DC6 occurs near sensor 2. In other
words this means that for a specific damage in the
structure, certain localizations of sensors will
enable for correct assessment of the structural
condition (Figures 6 and 9), whereas others will
reveal to be inadequate as they make the system
completely miss out damage (Figures 7 and 8).
Figure 7. Prediction errors for ANN2 ordered by
increasing error. DC6 with damage near sensor 1.

Moreover, the results obtained in this study do
not demonstrate the effects of time
synchronization in the suitability of ANN
algorithms for novelty detection in the presence
of WSN systems. Despite their advantages in
terms of purchasing and installation costs when
compared with their counterpart wired systems,
wireless systems can have problems related with
limited accuracy, energy efficiency, scalability and
complexity. With the proposed ANN approach
time synchronization may reveal to be the main
problem as the use of many sensor nodes is used
to observe one single physical phenomenon, say
damage in one structural element. The sensor
network assembles the observations coming from
the different sensors to produce coherent
information about the phenomenon. This process
is called data fusion and time becomes a crucial
element for its successful execution.

Figure 8. Prediction errors for ANN1 ordered by
increasing error. DC6 with damage near sensor 2.

Furthermore, the two sensors are placed in
elements of the bridge (the supports) that seem
to have relatively independent behavior from
each other. This fact can also contribute for the
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fact that the applied temperature data base was
not obtained at a location close enough to the
structure. Also, the considered temperature data
concerns the air temperature, which can be
considerably different from the temperature the
structure is actually subjected too. For example,
given that the two treated sensors are located at
the supports that sustain the bridge, these
components may alternately be exposed to the
sun or under the shadow. In any case, the point is
that if this study aimed at investigating the
temperature effects on the performance of the
trained algorithm, then proper instrumentation
should be employed for that purpose.

outcome in Figures 5 and 6, where one of the
sensors is unable to identify existing damage near
the other sensor.
In order to study the influence of temperature,
such parameter is also given as input to the
network. Figures 10 and 11 are analogous to
Figures 6 and 9, respectively, being the only
addition that temperature is now being
considered and given as input as well.

Another possible way to look at the problem is by
training the neural network (ANN5) to predict the
absolute difference between the responses
captured by the two sensors located in different
supports, according to Table 3.

Table 3. Configuration of the trained neural
network 5.

Figure 10. Prediction errors for ANN3 ordered by
increasing error. DC6 with damage near sensor 1.

ANN 5
Input
Output

Figure 11. Prediction errors for ANN4 ordered by
increasing error. DC6 with damage near sensor 2.

Temperature effects are expected to alternate the
results, as it is known to have significant influence
in the structural behavior. However, both Figures
10 and 11 are very similar to their analogous
Figures 6 and 9, respectively, where temperature
is not accounted for, which kind of contradicts the
just mentioned expectation. This seemingly
unaffected performance of the networks in
predicting the output may be explained by the
8
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It still is possible to identify some pattern where
more severe damage scenarios tend to lead to
higher prediction errors. Ideally, all the red
colored points in this plot would be over the blue
ones, meaning that they are associated with
higher prediction errors as anticipated but it is
possible to observe some instances of red points
fall below those reference points. As long as that
amount is limited to a few points, this outcome is
acceptable since the accuracy of any predicting
method is never 100% and the occurrence of
inevitable errors has to be recognized.

By establishing the baseline case on previous
measurements, the discrepancy between future
measurements and the values expected to be
measured may be an indication that one of the
supports is damaged. Figure 12 shows the
obtained prediction errors when new data from
the (healthy) baseline case is looked at, as well as
in the cases where support 6, where sensor 2 is, is
damaged. The damage scenarios, comprising
different severities of damage, are listed in Table
2.

Clustering methods can also be applied. Figure 14
depicts the prediction errors of both sensors:
sensor 1 in the x‐axis and sensor 2 in the y‐axis.
The input data for the network comprises
acceleration measurements under several
possible conditions of the bridge and the
associated predicted outputs, for healthy and DC7
conditions, are depicted in the figure as  and ,
respectively. The observations belonging to the
reference cluster are depicted as . To plot Figure
14, DC7 was selected to better accentuate the
difference between data coming from a healthy
and damaged situations of the bridge.

Figure 12. Prediction errors for ANN5 ordered by
increasing error. DCs1‐7 with damage near sensor
2.
In the figure above the prediction errors are
sorted by ascending order as that enables the
clear distinction between the different scenarios.
If the train passages are sorted by the order of
train passage (1 to 265), in other words by the
chronological time and not by increasing error,
then Figure 13 is obtained.

Figure 14. Error ellipses of the ANNs 1 and 2
prediction errors.

In a first approach, the covariance of each group
of distributed output data associated with a
different structural condition can be evaluated.
Assuming the samples to follow a Normal
distribution, error ellipses (or confidence ellipses)
can be drawn giving the regions that contain 95%

Figure 13. Prediction errors for ANN5 ordered by
chronological order of the train passage. DCs1‐7
with damage near sensor 2.
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Figure 15 was tested to be arranged into 2, 3, 4
and 5 clusters and the function evalclusters was
applied to reveal the optimal partition. The
computer suggested that number of optimal
clusters is 3, arranged according to Figure 16. The
labeling of points does not perfectly match with
the original one in Figure 14 but is still very good,
suggesting that different health states of the
bridge can be differentiated by the algorithm.

of all the samples. It is possible to observe that the
prediction errors concerning both DC7 situations
with damage near sensors 1 and 2 fall somewhat
outside the regions where the healthy predictions
lie. One criterion to roughly identify any condition
different from the “normal” condition, say
damaged, could be to set a threshold for the
percentage of area of the ellipse of the new
predicted data that is coincident with the area of
the ellipse of the healthy data (the reference). A
match of the areas falling below the threshold can
mean that the newly observed data is ruled by a
different distribution than that of the reference
data and, therefore, the measured structure is
assumed to be damaged.
However, in reality, these outputs are not
perfectly labelled as in Figure 14. The starting
point will be instead presented as Figure 15.

Figure 16. Cluster assignments and centroids: =3.

More accurately, a Two‐sample Kolmogorov
Smirnov test can be used (kstest2), returning a
test decision for the null hypothesis that the data
in vectors x_1 and x_2 are from the same
continuous distribution, where, for example, x_1
contains the data attributed to cluster 1 and x_2
contains the data attributed to cluster 2. The
result is 1 if the test rejects the null hypothesis at
the 5% significance level, and 0 otherwise. Table 4
shows the test results when each measured data
set (sample x_2) within different situations
ranging from healthy to damaged with increasing
severity (DC1‐DC7) is compared to the reference
healthy data set (sample x_1).

Figure 15. ”How can these data points be grouped
based on the similarity in their distribution”?

This is when the use of clustering methods
becomes relevant in order to categorize the data
distribution into different groups. In a MATLAB
environment one can use the function kmeans
that performs k means clustering to partition
observations of a data matrix into k clusters using
the squared Euclidean distance metric. Even
though, one can more or less perceive different
zones in the figure above that can comply with
different clusters, one can let the computer
decide on that. The MATLABs function evalclusters
permits to evaluate the optimal number of
clusters using the Calinski Harabasz clustering
evaluation criterion. The same sample data of

Table 4. Results of the Two‐sample Kolmogorov
Smirnov tests.
Sensor 1
Sample
healthy

10

Sensor 2

kstest2
0

Sample
healthy

kstest2
0
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1

0

1

0

2

0

2

1

3

1

3

1

…

“

7

1

…
7

“
1
•

As expected, the prediction errors obtained when
looking at the measured healthy data set are
assumed to be taken from the same distribution
of the prediction errors for the reference healthy
data. The Two‐sample Kolmogorov Smirnov test
used for both sensors 1 and 2 returns a “0”,
meaning that both sensors are capable of
indicating the healthy state of the structure. This
could be perceived as a True Negative [13] in the
context of damage detection. If, instead,
measurements are performed in the presence of
DC1, both sensors seem to miss out the existing
damage since the test suggests that the measured
damage data set belongs to same distribution as
the reference healthy data set, which is obviously
not true. This could be perceived as a False
Negative [13]. For DC2 sensor 1 indicates that the
structure is healthy (“0”) whereas sensor 2 detects
damage (“1”), meaning that sensor 2 is capable of
detecting the existing damage while sensor 1 is
not. For DC3 and remaining Damage Case
Scenarios, both sensors seem to be able of
identifying damage in the structure, with such
events corresponding to True Positives [13].

•

•

•

5. Conclusions

•

This paper proposes a set of techniques to enable
the assessment of the present state of structures,
supporting timely maintenance decisions. Some
general conclusions can be derived from the
obtained results:
•

located near sensor 1, then the ANN
trained to predict the respective outcome
will be able to perform novelty detection.
If instead, for the same damage position,
the ANN concerning sensor 2 is used, no
damage is detected. This later situation
corresponds to a misjudgment of the true
condition of the structure that can
commence a series of problems;
the k means clustering method by itself
shows overall good ability to assign
observation points into the right number
of clusters that represent different health
conditions of the monitored structure;
the statistical tests using the Two Sample
Kolmogorov Smirnov test appears to
capture most of the studied Damage Case
Scenarios, conforming to different damage
severities. With just 2% increase in the
amplitude of the measured signal
compared to the reference (healthy) one,
sensor 2 seems capable to discriminate
healthy from damaged conditions. With
5% increase, both sensors 1 and 2 can do
it.
Based on the results and aforementioned
conclusions, some suggestions for future
research work can be enumerated:
give additional and relevant input
parameters to the ANN, in both training
and testing phases, and see if that it
improves its predicting capability. One of
such parameters could be temperature
data recorded in several different points
of the body of the structure (for example,
where the accelerometers are placed) at
smaller time intervals;
study the effects of time synchronization
in the applicability of the proposed ANN‐
based damage detection method when
using WSN networks.

6. References

given the nature of the structural
elements where the sensors are placed –
in two consecutive supports of the bridge
– damage will only be detected when it is
located near the sensor which outcome is
being predicted. For instance, if damage is

[1]
C. R. Farrar and K. Worden, Structural
Health Monitoring, A Machine Learning
Perspective, Wiley, 2013.

11

IABSE Symposium 2019 Guimarães: Towards a Resilient Built Environment ‐ Risk and Asset Management
March 27‐29, 2019, Guimarães, Portugal

[2]
M. A. F. Pimentel, D. A. Clifton, L. Clifton
and L. Tarassenko, "A review of novelty
detection," Signal Processing, vol. 99, p. 215–249,
2014.
[3]
Ett tåg mot Ropsten bestående av A36 553
på Lidingöbron den 6 december 2015. Foto
Markus Tellerup..
[4]
T. Lundmark, "Gamla Lidingöbron. Rapport
2006‐01‐31," Ramböll Sverige AB, 2006‐01‐31.
[5]
A. Ahne, "Sammanfattning av 2015 års
inspektioner – Gamla Lidingöbron. Rapport 2015‐
12‐03," Grontmij Anläggningsunderhåll Stockholm,
2015.
[6]
A. Ansell, "Töjningsmätning vid tågpassage
över gamla Lidingöbron. TRITABKN‐BKN. Rapport
73," Kungliga Tekniska högskolan, 2003.
[7]
A. Ansell, "Töjningsmätning vintertid vid
tågpassage över gamla Lidingöbron. TRITA‐BKN.
Rapport 75," Kungliga Tekniska högskolan, 2004.
[8]
R.
Karoumi,
"Gamla
Lidingöbron:
Fördjupad analys av mätta accelerationer på
fundament 6 och 8," KTH Byggvetenskap,
Stockholm, 2012.
[9]
J.
Leander,
"Gamla
Lidingöbron.
Töjningsmätningar – Preliminär rapport.,"
Kungliga Tekniska Högskolan, 2017.
[10]
A. Blum, Neural Networks in C++, N.Y.:
Willey, 1992.
[11]
M. Berry and G. Linoff, Data Mining
Techniques, NY: John Wiley & Sons, 1997.
[12]
K. Swingler, Applying Neural Networks: A
Practical Guide,, London: Academic Press, 1996.
[13]
C. Neves, "Structural Health Monitoring of
Bridges: Model‐free damage detection method
using Machine Learning. Licentiate Thesis. TRITA‐
BKN. Bulletin 149," Kungliga Yekniska Högskolan,
Stockholm, 2017.

12

