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Abstract A railway system degrades over time due to several factors such as
aging, traffic conditions, usage, environmental conditions, natural and man-made
hazards. Moreover, the lack or inadequate maintenance and restoration works may
also contribute to the degradation process. In this aspect it is important to under-
stand the performance of transportation infrastructures, the variables influencing its
degradation, as well as the necessary actions to minimize the degradation process
over time, improve the security of the users, minimize the environment impact as
well as the associated costs. Thus, it is crucial to follow structured maintenance plans
during the life cycle of the infrastructure supported by the forecasting of the degra-
dation over time. This paper presents a brief description of the variables influencing
the degradation of a rail-way system, and the way the performance of the railway
track can be measured, within a probabilistic environment. The work developed in
other transportation infrastructures, like roadway, is briefly presented for comparison
purposes and benchmarking. It also presents an overview of the predictive models
being used in railway systems, from themechanistic to the data-drivenmodels, where
the statistical and artificial intelligence models are included.

Keywords Predictive models · Railway · Performance indicators · Probabilistic
assessment

1 Introduction

Regular, planned and predetermined inspections and maintenance are essential to
control the process of degradation of railway infrastructures and restore the damaged
railway sections, thereby guaranteeing the reliability and availability of the railway
track, as well as the passenger safety and comfort, not forgetting the cost reduction
over the life cycle [1]. The management of railway infrastructures is supported by
maintenance plans, that in turn are supported by quality indicators [2]. Just recently,
with the aim of simplifying the communication between consultants, operators and
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owners, these indicators started to be called performance indicators [3, 4]. During
the 12th Florence Rail Forum on the performance of the railway system, in 2016 [5]
it was stressed the need to improve the performance of the European railways. For a
more accurate maintenance, the railway track degradationmust be predicted by using
the appropriate models and methodologies [1] following a risk based approach with
the identification of the possible risks and levels of risk. The causes of degradation
of the track as well as the factors that could influence this degradation to happen
should be known [6]. The aim of this paper is to present the most relevant factors
affecting the degradation of the railway track as well as some possible damages,
presenting also some relevant aspects to take into account. This will be made in
parallel with the analysis of railway track through performance indicators based in
railway standards, and the possible improvements that could be adopted from the
work developed in other transportation infrastructures, as well as by providing an
overview of predictive models being used in the railway system, namely with some
operational aspects, possible variables to be used and the most relevant advantages
anddisadvantages. Special focus is given to the frameworks andmanagement systems
based on probabilistic methods.

2 Railway System and the Variables Influencing Its
Degradation Over Time

The railway system is divided into railway infrastructure and rolling stock. The
railway infrastructure involves the railway track (or simply track), the railway
stations, signaling, the catenary system, the drainage system, among others. This
paper focus on the first one, particularly in the railway track. The importance of
the description of each component, within this paper, is mainly related to the use of
Predictive models that are dependent on the component type as they present different
deterioration models and patterns. For structural assessment purposes, the track is
composed of the superstructure and the substructure [7]. The superstructure corre-
sponds to the top of the track, consisting of rails, fastening system, rail pads and
sleepers, while the substructure corresponds to the support and could consist of a
ballast system (ballast, sub-ballast and subgrade) or a slab system [6, 8] and may be
directly over the soil or crossing bridges, box culvert or tunnels.

Among the most relevant factors affecting the track degradation, the following
ones can be highlighted. The track geometry has a heterogeneity along its path, thanks
to the existence of straights, curves and crossovers. Besides that, there are disconti-
nuities in the support conditions when the track crosses a bridge deck, a box culvert
or a tunnel or when occurs a transition between a slab and a ballasted track [1, 6, 9].
The mentioned heterogeneity is characterized by a variation in the track stiffness [9],
that can lead to differential settlements [6], non-uniform dynamic loading, corruga-
tion, wear and fatigue failure of the rail, fatigue failure of the fastening system and
cracking of the sleepers [9]. The track is influenced by the environment conditions
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[8, 10] such as high temperatures, storm (or similar) with consequent heavy rainfall,
and strong wind that can lead to flood, risk of destabilization of earthworks, drainage
problems, faller trees or branches (in case they exist close by) and moisture degree
of saturation more specifically in the case of the substructure [11].

As consequence of loading cycles from the train passage, a plastic differential
settlement may occur, that over time can lead to deviations of the original track
geometry, aswell as breakage and shear deformation of the super and substructure [9].
In consequence an increasing of the acceleration of the train as well as an increasing
of the dynamic forces caused by the train may occur [9]. The increasing of forces
can speed up the degradation process of the track components, like for example
vertical and lateral displacements. Differential lateral movements can compromise
the lateral stability of the track and consequently track buckling [9]. In return, this
track degradation process can cause the increase of the variation of the interaction
between the track and the forces which in turn affects the performance of the track
[7, 11].

According to literature, the track condition can be measured through five classes
of variables (or parameters) [1, 12] (i) longitudinal level, (ii) alignment, (iii) gauge,
(or vertical alignment), (iv) twist and (v) cant (or cross-level, or super elevation) (see
Fig. 1). Even if the longitudinal level is considered as the critical factor, it is not
realistic to consider only this parameter [1]. Therefore, results are more accurate if
the analysis is made taking into consideration the combination between parameters
[13].

Taking into account the heterogeneity of the track (in behavior and degradation)
the track must be segmented into short length sections (or segment or maintenance
units). The methodologies adopted are the division into constant length sections, like
100 or 200m [1, 12] and the division based on similar structural, environmental, oper-
ational and maintenance history characteristics [1] being the last one more effective
[1] but more complex.

It should be taken into account, for a realistic representation of the track, the
influence of inspections, maintenance and renewal actions, like track accessibility
and inspection frequency, rail lubrication, grinding and welding, ballast cleaning,
tamping and stone blowing [8, 10]. For example, it is not realistic to assume that
the tamping returns the track quality to its original condition [1]. Also, despites it
contributes to the improvement of the track geometry condition, its use over the time
can lead to the degradation of the ballast and consequently of the track geometry
[10, 11].

Fig. 1 Railway track quality parameters: a longitudinal level, b alignment, c twist, d, cant, e gauge
(adapted from: [14])
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There are other aspects that should be taken into account for legal and ethical
aspects, such as reliability, economic loss, social impact, sustainability, not forgetting
the implications for human (human injure and loss) [15]. Also, from the environ-
mental and human healthy point of view, there are the pollution, noise and vibration
produced during the use of the track.

3 Measurement of the Performance of a Railway Track

Performance indicators (PIs) capture the mechanical and technical properties of a
infrastructure and its degradation process over its life cycle, considering also other
aspects such as natural aging, quality of the material, serviceability, availability and
robustness, sustainability, environmental efficiency (CO2 foot-print), total life cycle
costs and social indicators [3, 16]. PIs can be obtained through visual inspections,
non-destructive tests or monitoring systems [2, 4, 16] and numerical and exper-
imental modeling [17, 18]. They can be assessed through condition indices that
can be obtained through ratio-based methods, weighted averaging approach, worst-
conditioned component approach or qualitative methods [4]. This indices are then
transformed into indexes, that are calculated based on the condition of the structural
elements and the service provided by the asset, but can also be obtained through
probabilistic models which calculates the failure probability [4]. Since PIs do not
inform the limit values which indicates a fault or failure condition or what is intended
to be obtained from an infrastructure (e.g. to be safe, to be available) performance
goals need to be defined that in turn need to have performance criteria and thresholds
[3, 4, 19].

Commonly, the railway infrastructure performance follows a RAMS analysis that
covers the topics safety (S) and availability (A) that are based on reliability (R)
and maintainability (M), more the operation and maintenance [20], taking also into
account the Life cycle costs (LCC). These should follow the existing standards, that
provide guidance in specifying and achieving these RAMS targets throughout the
railway life cycle [21]. Among all the phases of the RAMS life cycle only those
concerning the operation and maintenance and modification and retrofit are going to
be covered in this paper.

The influencing parameters and RAMS formulas are given in the EN 50126-1
[21]. RAM mathematical formulas can be found in the EN 61703. Dedicated to the
definitions and measurement for the technical, administrative and managerial areas
of maintenance, it is worth to mention the EN 13306. The EN 15341, not dedicated
exclusively to the railway system, gives the formulas and possible influencing factors,
proposing a classification of PIs into groups. Figure 2 presents possible influencing
parameters, as well as the RAMS and formulas according to thementioned standards.
Besides these, it is fundamental to consider also the Life cycle costs of the railway
track and the influence of the track use for the environment, not directly addressed
on the previous standards. According to the work presented by the Committee on
Technical Cooperation in the Development of the Rail Transport System in 2016
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concerning the RAMS and LCC [21], it should be followed the inspection, preventive
maintenance, corrective maintenance, overhaul and cleaning costs for maintenance
proposes, presenting some formulas that are shown in Fig. 3.

It is important to understand what is being done in other transport sectors, like
roadway,with the aimof improvingwhat is beingdone in the railway system.Looking
at the work developed in the roadway sector, under COST-Action TU1406, the PIs
for bridge assessment were clustered into five groups. (i) Reliability, (ii) Availability,
(iii) Safety, (iv) Economy, and (v) Environment [2, 18]. This clustering was taken
into account and can be adapted to the railway, particularly in the case of the PIs
related with costs and environment.

4 Overview of the Predictive Models

Predictive models (or degradation models) are algorithms that analyse a set of data,
identifying patterns and estimating the time until PIs reach limit values and by
this way predicting the future condition of the track. This will contribute for an
optimized management, allowing more efficient and integrated maintenance plans,
regular inspections and monitoring.

From literature, the existing approaches to build a predictive model can be clas-
sified into (see Fig. 4), (i) Mechanistic (or Physical) and (ii) Data-driven Models
existing also the (iii) EmpiricalMechanisticModels [1, 24]. The Data-drivenModels
can be dived into Statistical and Artificial Intelligence Models [7, 11]. Each one of
these approaches can be divided into various categories that in turn can be divided
into various sub-categories [11].

These models need the definition, among other aspects, of the input and output
variables. The first ones are the independent (or predictor) variables that are used to
predict (or forecast) the second ones that are the dependent (or predicted) variables.
The definition of these varies, not only according to data available and the results to be
obtained, but also according to the type of model. A bigger number of independent
variables can improve the accuracy and efficiency of prediction, the same way as
a limited number of dependent variables [7]. Figure 5 presents, according to the
literature [1, 7, 11, 25], the possible variables organized into groups.

4.1 Mechanistic and Empirical Mechanistic Approaches

In Mechanistic Models the properties of both track and train are based on laboratory
experimental data, being also possible to take into consideration all the possible
variables influencing the track degradation. This way the relation between the track
and the vehicle can be properly clarified [1, 7]. However, these models do not deal
well with the uncertainty of the behaviour of the track caused by the heterogeneity of
the track, being also time consuming and complicated to have all the measurements
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Fig. 2 RAMSquantification according toEN50126-1 (adapted from: [9, 21]) and the terminologies
according to the EN 13306 (adapted from: [22, 23])

of all the variables along all the track. This way, these models are considered suitable
only for particular sections (and not for several sections) [1, 7, 11, 24]. Taking into
account the mentioned disadvantages these models are rarely being used during the
last years [7].

Analternative to these conventionalMechanisticModels are theEmpiricalMecha-
nistic Models, which are a combination of the mechanistic and the statistical models,
being based on the behaviour of the system’s components coupled with measure-
ments, data records and observations. The advantage of these models compared to
the conventional ones, is their ability to model the entire rail track.
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Fig. 3 Cost quantification according to committee on technical cooperation in the development of
the rail transport system in 2016 concerning the RAMS and LCC (adapted from: [21–23])

Fig. 4 Predictive model approaches (adapted from: [1, 7, 11, 25])

4.2 Statistical Approach

Unlike Mechanistic Models, Statistical (or empirical) Models do not consider the
mechanical component of the track [11] and its interaction with the influencing
factors [1], what can be seen as disadvantage. However, they are based in real data,
what is considered an advantage, and in addition, they canworkwith a big quantity of
data (both input and output),making themmore accurate [1]. Soleimanmeigouni et al.
[1] proposes the combination betweenMechanistic and Statistical modeling. In these
models the relationship between the factors influencing the track degradation, such
as traffic, track components and maintenance variables, and its condition is obtained
through the relation between the input variables (or descriptive factors) and output
variables [1]. Statistical Models can be divided into Deterministic, Probabilistic and
Stochastic Models [7, 11].
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Fig. 5 Main variables (or factors or parameters) influencing the track degradation, according to
the type of predictive model (adapted from: [1, 7, 11, 25])

4.2.1 Deterministic Models

The Deterministic Models describes the variables inputs and outputs on an exact
way, not involving any randomness or uncertainty. This does not allow to take into
account possible errors and changes that can happen during measurements, as well
as the variability in track performance (two similar track sections with the same
type of use and maintenance may have different behaviours) [10]. This can lead to
uncertainty in prediction. Besides that, these models do not apply in the same way
the degradation rate on used tracks and maintained tracks, even if these different
tracks are under the same loads [7]. Also, the interaction that could occur between
degraded components of the infrastructure is not considered [26].

The Regression Models are a type of Deterministic Model that are generally used
due to their simplicity in representing the underlying degradation path. However,
they require a big quantity of measurement data to achieve an acceptable accuracy.
Besides that, these models cannot be updated with new data and are independent of
previous observations [1].
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4.2.2 Probabilistic Models

Contrary to the Deterministic Models, Probabilistic ones involve randomness, i.e.
the uncertainty is inherent to these models, and they consider the current condition
state of the assets [26]. The heterogeneous degradation is represented by using a
random effect for each section [1]. These models take use of distribution patterns to
represent the probability of an event (e.g. failure) during an interval time [11]. The
most used models are the Markov models and Bayesian Models.

• The Markov Process can be classified according to the nature of the time param-
eter and the state space. Taking into account the first one, aMarkov process can be
a discrete-time Markov process or a continuous-time Markov process. Relatively
to the second one a Markov process can be discrete-state Markov process (also
calledMarkov chain) or continuous-stateMarkov process [27]. TheMarkov chain
consists of a set of transitions from one condition state for another, determined
by a current state vector and a probability distribution, represented by a transition
matrix. The current state vector, a N*1 matrix, corresponds to the possibility of
starting at each one of the N possible states. The probability distribution is repre-
sented by a transition matrix N*N, where N is the number of possible conditions
states (every possible state appears once in the rows and once on the columns),
with each cell (i, j) corresponding to the probability of transitioning from state i
to state j. This matrix satisfy the Markov property [28] (or memory-less property
of the Markov process), i.e., the prediction of the future condition state is based
only in the current state and not on the past state or the way the current state
was achieved [11, 25, 26, 28], what does not represent the reality. The transition
probabilities depend only of the current state, being independent of the age of
the asset and its effects on the evolution of its degradation. This means that two
assets, even if they have different ages, if they in the same current state, are going
to have the same probability of changing to the next condition state [29]. Also, the
transition probabilities need to be updated every time that new data is collected
from a new inspection and or maintenance action what can be time consuming
[26]. According [26], transition probabilities assume that the condition can keep
the same or get worst, to avoid the difficulty in estimating the transition proba-
bility of assets where were performed conservation actions. These models have
as limitation the fact that the transition between condition states must occur at a
constant rate [7, 10]. Besides that, they do not consider in an efficiently way the
effects caused by the interaction between different components with degradation
[26] being limited to small track models [7].

• Bayesian Models (BN), like HiddenMarkovModels (a particular case ofMarkov
Models), are probabilistic graphical models, being composed of nodes and arcs
(or edges or links). Here, the first one represents the random variables (or a set
of variables) and the second one represents the conditional probabilistic relation
between nodes. However, while in the Hidden Markov Models the arcs can go in
both directions creating a cycle, in the BN the arcs can only go in one direction, not
being possible to have a cycle, being this way named directed acyclic graph [29].
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BN take use of the Bayes’s Theorem, where the parameters, assumed as random
variables, are quantified by a prior distribution (or previous distribution) combined
with the likelihood to achieve theposterior distributionof the parameters. Theprior
distribution represents the “people beliefs” about the parameters before observing
the data and the likelihood distribution represents the information given by that
the observed data [11]. Hierarchical Bayesian Models (HBM) are a specific case
of BN, formed by multiple sub-BN (or levels) integrated (or combined) in a
hierarchical way to reach the posterior distribution by using the Bayes’s Theorem,
where the uncertainties in each sub-model are propagated from one level to the
next. The implementation of the computational Method Markov Chain Monte
Carlo (MCMC) allows to perform over and over the Bayes’s Theorem [7, 11, 30],
allowing the data to be updated over the time [11]. Markov Chain Monte Carlo is
the application of theMonte Carlo (MC)Method by using theMarkov Chain. The
MC use the process of repeated random sampling to make numerical estimations
of unknown parameters, being, this way, modelled the likelihoods of outcomes,
which helps understanding the impact of risk and uncertainty in prediction and
forecasting models. BN have the advantage of using and combining collected
data (e.g. from inspections) with expert knowledge regarding variables on which
no data exists. However, collecting and organizing expert knowledge (based in
their belief) in a way that can be converted into probabilistic distributions can be
difficult [31]. Another advantage of BN is the fact that, if some variables have a
known state, it is possible to update the state of the remaining variables through
an inference algorithm taking use of the Bayes’ Theorem [32].

4.2.3 Stochastic Models

Stochastic Models, in opposite to deterministic ones and such as the probabilistic
ones, involve randomness. The same set of input variables and initial conditions
can result in different set of outputs, once it takes use of a probability distribution
function [7, 11]. They aim in understanding the distribution of the degradation of
the track over the time [7]. While the deterministic models are easier to use, the
Stochastic ones are considered more realistic [11]. It is fundamental to consider the
effect of the heterogeneity of the degradation along the track over the time due to
the heterogeneity of the track in consequence of the variation in geometry, materials,
traffic, environment and maintenance actions. In the following are briefly mentioned
two of the different models according to [11] Time Series, Petri Nets and Survival
Models.

• Time Series are a sequence of observations (or data collected) taken sequentially
and at equally periods of time (e.g. monthly, annually), where the dependent
variable is obtained in function of time, not existing an obvious independent
variable. This allows to analyse the variable changes over time, being possible to
analyse the past, monitor the present and predict the future [11]. According to the
frequency of data different patterns can be observed and can be used to do the
forecasting.
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• Petri Nets are graphical-mathematicalmodels composedof places and transitions,
connected by arcs. Places, represented graphically by circles, simulates states,
conditions or resources within the system to bemodelled. Transitions, represented
graphically by bars, simulates the events that occur in the system and may cause
change in the condition of the system. Arcs connects places and transitions, and
could be input and output arcs [11].

• Survival models (or failure time models) analyse the expected time until the
occurrence of an event (e.g. damage, failure), having associated with the hazard
function and the survival function, that analyse the probability of failure of the
event (or asset) [11].

4.3 Artificial Intelligence Approach

Artificial Intelligence Models, take use of the knowledge of human brain behaviour
[11], showing high accuracy compared to the mechanical and statistical approaches
[7]. The models are trained with a bid quantity of data and them tested with another
quantity of data, what has an impact in the accuracy of the model [7]. Once these
models are recent, there is a lack of literature, what is considered as a disadvantage.
Another disadvantage is that they lack the transparency that models like the mechan-
ical or statistical ones have. These models can also present some difficulties in the
calibration of the model parameters [7]. In the following are brieflymentioned two of
the different models according to the literature, Artificial Neural Networks (ANNs)
and Neuro-fuzzy Models (ANFIS) [7, 11].

• The ANNs consist in a neural network (group of independent neurons) that
communicate with each other through weighted connections (synaptic weights).
This network is trained, by attributing and changing the weight to the connections
between the neurons until get closer to the desired outputs [14, 25].

• The ANFIS are a combination of ANNs with Fuzzy Inference System (FIS),
integrating this way the neural networks and the Fuzzy Logic. The Fuzzy Logic
uses the human decision making, working with all the possibilities between yes
and no, in opposition to the conventional computer’s logic, which simply uses the
options of true and false that corresponds to the human’s yes and no. The Fuzzy
sets and the Fuzzy membership functions are the parameters of these models.
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5 Conclusions

To predict the degradation of the railway track it is important to understand what
influences its degradation, so it is possible to select the most appropriated perfor-
mance indicators. This work can be improved by the experience gained in other
infrastructures fields.

Besides that, it is important to understandwhich possible predictivemodels exists,
their advantages and disadvantages, so this way, according to the available data and
what is intended to predict, select the most appropriated model, so it can be possible
to develop accurate maintenance plans.

It is fundamental to consider the effect of the heterogeneity of the degradation
along the track over the time due to the heterogeneity of the track in consequence of
the variation in geometry, materials, traffic, environment and maintenance actions.
This is possible if Probabilistic and Stochastic Models are used. Using the Deter-
ministic ones, it is not possible to consider this heterogeneity nor even measurement
errors that could occur. Figure 5 shows the most important advantages and disadvan-
tages, as well as the influencing parameters of the presented Predictive Models, as
well as the most important Performance Indicators.

Acknowledgments This work was partly financed by FEDER funds through the Competitivity
Factors Operational Programme—COMPETE and by national funds through FCT Foundation for

Fig. 5 Advantages, disadvantages and parameters to take into consideration for predictive models



An Overview of Performance Predictive Models for Railway Track … 161

Science and Technology within the scope of the project POCI-01-0145-FEDER-007633. This work
was supported by the European Commission-Shi. 2 Rail Program under the project “IN2TRACK2–
826255-H2020-S2RJU-2018/H2020-S2RJU CFM-2018”.

References

1. Soleimanmeigouni, I., Ahmadi, A., & Kumar, U. (2016). Track geometry degradation and
maintenance modeling: A review. In Proceedings of Institution of Mechanical Engineering
Part F Journal of Rail Rapid Transit (pp. 73–102). https://doi.org/10.1177/095440971665
7849.

2. Campos e Matos, J., Casas, J. R., & Fernandes, S. (2016). Cost Action TU1406: Quality
specifications for roadway bridges, standardization at a European level (BridgeSpec)—perfor-
mance indicators, maintenance, monitoring safety, risk resilience bridge. Bridge Networks.
In Proceedings of 8th International Conference Bridge Maintenance, Safety Management
(pp. 935–942). IABMAS.

3. Strauss, A., Fernandes, S., Casas, J. R., Mold, L., &Matos, J. C. (2018). Quality specifications
and performance indicators for road bridges in Europe, maintenance, safety, risk, manage-
ment life-cycle performance bridge. In Proceedings of 9th International Conference Bridge
Maintenance, Safety Management (pp. 1822–1831). IABMAS.

4. Stipanovic, J. R. C. I., Chatzi, E., Limongelli, M., Gavin, K., Allah Bukhsh, Z., Skaric Palic, S.,
Xenidis, Y., Imam, B., Anzlin, A., Zanini, M., Klanker, G., Hoj, N., Ademovic, N., &Matos, J.
C. (2017). WG2 technical report: Performance goals for roadway bridges of COST ACTION
TU 1406. ISBN: 978-3-900932-41-1.

5. Matthias Finger, D. K., & Bert, N. (2016). 12th European rail transport regulation summary.
How to define, measure, and improve the performance of the European railway system? A
summary of the presentations.

6. Ramos, A., Gomes Correia, A., Indraratna, B., Ngo, T., Calçada, R., & Costa, P. A. (2020).
Mechanistic-empirical permanent deformation models: Laboratory testing, modelling and
ranking. Transportation Geotechnical, 23. https://doi.org/10.1016/j.trgeo.2020.100326.

7. Akiyama, M., Frangopol, D. M., & Ishibashi, H. (2020). Toward life-cycle reliability-, risk-
and resilience-based design and assessment of bridges and bridge networks under indepen-
dent and interacting hazards: Emphasis on earthquake, tsunami and corrosion. Structure and
Infrastructure Engineering, 16, 26–50. https://doi.org/10.1080/15732479.2019.1604770.

8. Elkhoury, N., Hitihamillage, L., Moridpour, S., & Robert, D. (2018). Degradation prediction
of rail tracks: A review of the existing literature. Open Transport Journal, 12, 88–104. https://
doi.org/10.2174/1874447801812010088.

9. Michas, G. (2012). Slab track systems for high-speed railways.
10. In2Rail—Shift2rail, I2R. (2015). Deliverable D3.4: Guideline for the evaluation and selection

of innovative track solutions.
11. Audley, M., & Andrews, J. (2013). The effects of tamping on railway track geometry

degradation. https://doi.org/https://doi.org/10.1177/0954409713480439.
12. Falamarzi,A.,Moridpour, S.,&Nazem,M. (2019).A reviewof rail track degradation prediction

models. Australian Journal of Civil Engineering, 17, 152–166. https://doi.org/10.1080/144
88353.2019.1667710.

13. Hingorani, R., Tanner, P., Prieto, M., & Lara, C. (2020). Consequence classes and associated
models for predicting loss of life in collapse of building structures. Structure Safety, 85. https://
doi.org/10.1016/j.strusafe.2019.101910.

14. Strauss, A., Vidovic, A., Zambon, I., Tanasic, N., & Matos, J. C. (2016). Performance
indicators for roadway bridges, In Maintenance, Monitoring Safety, Risk Resilience Bridge
Bridge Networks—Proceedings of 8th International Conference Bridge Maintenance, Safety
Management (pp. 965–970). IABMAS.

https://doi.org/10.1177/0954409716657849
https://doi.org/10.1016/j.trgeo.2020.100326
https://doi.org/10.1080/15732479.2019.1604770
https://doi.org/10.2174/1874447801812010088
https://doi.org/10.1177/0954409713480439
https://doi.org/10.1080/14488353.2019.1667710
https://doi.org/10.1016/j.strusafe.2019.101910


162 M. J. Morais et al.

15. Strauss, A., Mold, L., Bergmeister, K., Mandic, A., Matos, J. C., & Casas, J. R. (2019). Perfor-
mance based design and assessment—Levels of indicators. In Life-Cycle Analysis Assessment
Civil Engineering Towards an Integration Vision—Proceedings 6th International Symposium
Life-Cycle Civil Engineering (pp. 1769–1778). IALCCE 2018.

16. Pakrashi, V., Wenzel, H., Matos, J., Casas, J., Strauss, A., Stipanovic, I., Haj-Din, R., Kedar,
A., Guðmundsson, G., Limongelli, M.-P.-N., Xenidis, Y., & Palic, S. S. (2020). WG5 Technical
report: Drafting of guideline/Recommendations of Cost Action TU1406, 2019. https://www.tu1
406.eu/wp-content/uploads/2019/03/tu1406-wg5-report-final.pdf. Accessed January 17, 2020.
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