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ABSTRACT

An accurate estimation of service life is of primary interest in pavement management systems limiting the
time frame for maintenance and rehabilitation (M&R) treatments. Common condition prediction models
are derived by regression analysis at the road network level based on empirical data from periodic condition
surveys. If a particular section has not failed prior to the last survey or the condition has improved (e.g. due
to treatment), it is considered as censored. If censoring is neglected the performance functions, service
lives and estimated costs may show substantial bias. The authors who acknowledge this problem have
used standard statistical (survival analysis) techniques accounting for censoring. However, any road section
may fail due to different but dependent competing failure causes (risks), each leading to treatments. This
constitutes a special type of censoring that cannot be addressed with traditional survival analysis methods
relying on the assumption of independent censoring. As the number of failure causes usually exceeds
one (e.g. fatigue, permanent deformation, thermal cracking), this case is quite common. Moreover, the
time until a first failure depends on the sign and degree of correlation between present failure types
being modelled by the overall survival function. This paper presents a critical review and comparison of
common regression, Markov chain and survival analysis models with and without correlated competing
risks based on computer-generated data. Using performance history and distress progression models at
the section level in combination with survival analysis improves the accuracy of predictions in comparison.
Furthermore, the paper proposes a simultaneous modelling of joint and marginal service life distributions
based on copula functions as generalised solution accounting for dependence between competing risks.
As the focus of this paper is on condition prediction with censored data, the distress-specific planning and
optimisation of treatments will be covered in forthcoming papers.
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1. Introduction
1.1. Data censoring in pavement management

Performance models predict when, where and how (cause of
failure) a pavement section will fail (deterministic) or may fail
including uncertainties (probabilistic). In addition, performance
models may be based on material behaviour and pavement
response (mechanistic) or survey data and statistical methods
(empirical), or a combination of both (empirical-mechanistic).
Currently, mainly pure empirical or empirical-mechanistic (E-M)
models are applied for prediction in pavement management at
the network level (Schram and Abdelrahman 2009, Kargah-
Ostadi and Stoffels 2015). However, due to technical, economical
and practical reasons, it is not possible to continuously observe
the condition deterioration for all road sections during the
entire service life. On the contrary, in most cases only data
from two consecutive surveys is available. Moreover, survey
methods change over time due to technological advancements
and maintenance history is not always properly documented,
especially for regional and local roads. Thus, the available data

for an estimation of service life and development of performance
models is censored. If this property of the empirical survey
data is neglected, the estimated service life will be over- or
underestimated depending on the type of censoring.

In this paper failure is defined as exceeding a given condition
threshold triggering the application of maintenance and rehabil-
itation treatments. In general, condition thresholds differ among
countries, agencies and road classes and have been set more or
less arbitrarily (Hoffmann and Donev 2016). Figure 1 provides
an overview of all common types of censoring in pavement man-
agement. If a road section has failed prior to a first survey, it is
considered left censored, i.e. the true (latent) service life is less
than the observed service life. Interval censoring occurs if the
true lifetime is within a known interval of time (e.g. the survey
interval At). If a pavement has not failed by the time of the last
survey, it is considered right censored, i.e. the observed service
life is less than the true service life.

In addition, there are a few special features of condition survey
data that have to be considered as well. First, the pavement con-
dition deteriorates continuously reaching different intermediate
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Figure 1. Common types of censoring of the lifetime (service life) of pavements in the context of continuous condition deterioration, application of treatments and

periodic condition surveys.

states before failure in contrast to typical failure-time data with
only two discrete states (failure and non-failure). Thus, a model
that incorporates this section-specific degradation history will
always be superior to other models. Second, a flexible pavement
may fail due to one or more failure causes/mechanisms (e.g. rut-
ting, fatigue, low temperature) and a service life can be computed
with respect to each failure type as well as an overall service
life (time until failure of any cause). Thus, a pavement may be
repaired before reaching the end of its service life due to a com-
peting risk failure or due to an early preventive treatment. In this
case the failure event cannot be observed in future condition
surveys. Finally, for a network with high maintenance standards
(highways) the majority of the sections will be in good condition
exhibiting no signs of distress. For this case considering only
failing sections in the analysis will lead to an underestimation of
service life and an overestimation of investment needs. In sum-
mary, the provided examples of data censoring are quite common
and have to be addressed with appropriate statistical methods.
The reminder of this paper is organised as follows. Sections
1.2 and 1.3 provide an overview of the common survival analysis
methods and some applications of these methods in pavement
condition data analysis. In Section 2.1, the reasons for using a
simulation approach and key settings are explained. In Sections
2.2 t0 3.3, the deviations resulting from the application of stand-
ard approaches (regression, Markov chains, SA) to the generated
data are presented and analysed. Sections 3.4 and 3.5 present
innovative ways to overcome the described drawbacks of com-
mon models leading to an improved estimation of true service

lives. The conclusions regarding comparative analysis and prac-
tical application are presented in Section 4.

1.2. Common survival analysis models

Survival analysis (biostatistics), failure-time analysis (engineer-
ing), event-history analysis (sociology) or duration analysis
(econometrics) provide statistical techniques to estimate the
expected time until the occurrence of an event. This event may
be an initiation of a distress or failure of a pavement section
exceeding a specified condition threshold for a given type of dis-
tress. The survival function of a section regarding such an event
gives the probability of surviving until time ¢, while the hazard
function gives the instantaneous potential for failure, given sur-
vival up to time ¢ (Figure 2(a)). The relationship between survival
function S(t), probability density f() and hazard function h(t)
is of fundamental importance in survival analysis (Kalbfleisch
and Prentice 2002, Crowder 2012, Kleinbaum and Klein 2012).

The construction of the parametric likelihood as illustrated
in Figure 2(b) is a necessary foundation for understanding the
mathematics of survival analysis and correct interpretation of
results. The likelihood function L is a function of the observed
data, unknown parameters and the probability density of the
assumed lifetime distribution. For right-censored observations
with failure occurring after the time of observation ¢, the like-
lihood contribution is given by the survival function S(#). Left-
censored observations (already failed sections) are included
in L using the cumulative distribution function F(t). For
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(b) Parametric Likelihood Construction
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Figure 2. Relationship between probability density, hazard and survival function (a). Parametric likelihood estimation accommodating uncensored, left-, interval- and

right-censored data (b).

interval-censored data the likelihood is the difference between
survival function estimated at the beginning and the end of the
interval. The total likelihood is calculated as a product of # indi-
vidual likelihood contributions assuming independence between
different contributions, i.e. independence between the lifetimes
or censoring times of the individual sections. The maximum
likelihood estimation method maximises the total likelihood
defined as the joint probability of obtaining the observed data
with respect to the set of parameters.

Figure 3 provides an overview of common survival-analysis
approaches including examples based on Kleinbaum and Klein
(2012). The non-parametric Kaplan-Meier (KM) product-limit
estimator is based on conditional probability and makes no
assumptions about the form of the lifetime distribution. As
with other survival-analysis models the validity of the estima-
tion relies on the assumption that the censoring mechanism is
statistically independent of the failure process (independent cen-
soring assumption). As attractive as a nonparametric approach
might seem, the Kaplan-Meier method cannot accommodate
left- and interval-censored data. Out-of-sample prediction or
estimation of survival probability beyond the last failure time
is also not possible. As a further disadvantage, the model can
only account for time-constant categorical explanatory variables
(e.g. climatic zone freeze/non-freeze) by stratifying the data and
separate analysis.

Another popular method is the semi-parametric Cox pro-
portional hazard (PH) model allowing for simultaneous control

of covariates without specifying the baseline hazard function.
Continuous time-independent variables and interaction terms
(product of variables) may be used as explanatory variables.
The proportional hazard assumption states that a covariate has
a multiplicative effect on the hazard rate that is constant over
time. In other words, the ratio of the hazard functions for two
different sets of explanatory variables (hazard ratio, HR) does not
depend on the time. A time-dependent predictor variable may be
accommodated by the extended Cox model that no longer fulfils
the PH assumption. Apart from the inclusion of covariates, the
Cox model exhibits the same limitations as the KM method. If
no covariates are used, as in this paper, the Cox model reduces
to the baseline survival function S (f), which is identical to the
KM estimate. For this reason, semi-parametric models are not
analysed any further.

In parametric survival analysis the survival and the hazard
are fully specified smooth functions being convenient for
subsequent optimisation and simulation. Non-parametric
estimates, laboratory tests or theoretical assumptions may deliver
insights about the selection of an appropriate model form with
the exponential, Weibull and log-logistic distributions being very
common. Parametric models account for left-, interval- and right-
censoring providing even out-of-sample estimates beyond the
last failure time. The survival time may be modelled as a function
of explanatory variables based on underlying proportionality
assumptions (e.g. proportional hazards, accelerated failure time
or proportional odds). Parametric models may also incorporate
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Figure 3. Overview of classic non-parametric, semi-parametric and parametric models in survival analysis together with their characteristics and limitations.

a frailty component to account for unobserved heterogeneity
among pavement sections (Kleinbaum and Klein 2012).

In PMS survival analysis may be used as an alternative or
better in addition to regression analysis (or other continuous
time and state space models). The process of crack initiation as

well as the occurrence of some random distresses (e.g. settlement,
edge breaks) can be described properly with survival and not
regression analysis. However, duration models may be employed
also for an estimation of the whole service life. Survival-analysis
models require less survey data (one observation for a section)



and less precision (status failed/not failed). Thus, with regard
to the estimation of service life, SA is less susceptible to incon-
sistent survey values over time (non-monotonic progression),
measurement errors and outliers compared to regression anal-
ysis. The obtained robust estimate of the mean service life may
then be used for correction and calibration of performance func-
tions developed with regression if the functional form is known.
Providing only a survival probability (percentage of surviving/
failed section at network level) and no information about the
condition progression before failure may be seen as a disadvan-
tage of survival analysis. However, combining both approaches
or using even more advanced techniques may help to overcome
these limitations.

1.3. Literature review

There is extensive literature on data censoring and application
of survival models in pavement management starting with the
cracking-initiation model in the highway development and
management model (HDM) of the World Bank (Paterson 1987,
Van Dam et al. 1997). The outcome variable in all proposed
models was either time (age) until failure/distress initiation or the
number of cumulative equivalent single-axle loads. Most of the
research work was primarily concerned with right censoring and
incorporated a large number of explanatory variables selected
by statistical tests. A number of researchers estimated the time
until crack initiation using parametric (Shin and Madanat 2003,
Loizos and Karlaftis 2005) or semi-parametric models (Nakat
and Madanat 2008) based on data either from accelerated
pavement tests (experimental data) or from condition surveys
of in-service pavements (field data). Cracking-initiation models
were also derived by joint estimation using both experimental
and field data (Christofa and Madanat 2010, Reger et al. 2013).
A fewer studies investigated the time to failure (service life)
of pavements with failure defined as time from construction/
overlay until exceeding either a terminal present serviceability
index (Prozzi and Madanat 2000) or a fatigue cracking threshold
value (Wang et al. 2005). Dong and Huang (2015) evaluated
the effect of preventive maintenance treatments separately for
different types of distress but did not address overall service life.
Yang and Kim (2015) proposed a non-parametric approach with
cracking, rutting and roughness as competing risks, but did not
attempt to derive marginal distributions nor did they account for
correlation between considered types of distress. In summary,
accounting for competing risks is the exemption and there are
no known models accounting for multiple failure mechanisms
based on marginal distributions.

Apart from very few exceptions, the problem of data censor-
ing is generally neglected in German literature. The pavement
management systems in Austria and Germany are based on the
Canadian software VIAPMS (dTIMS) and employ determinis-
tic prediction models derived with regression analysis without
accounting for censoring excluding road sections exhibiting no
distresses (Molzer et al. 2000). Ritbensam et al. (2005) compared
regression and survival analysis for the evaluation of long-term
performance of pavements. Unfortunately, the analysis was lim-
ited only to Kaplan-Meier estimates and did not consider cor-
relations between distress types. Nevertheless, the data showed
extensive amounts of censoring within the defined failure criteria.
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Despite the principal agreement of all authors that censoring may
lead to bias there is no paper with a systematic investigation of
censoring impacts and analysis methods on resulting service lives
of pavements available.

2, State-of-the-art estimation of service life
2.1. Distress modelling and data-generation procedure

When analysing real-world condition data, the true survival
time as well as the underlying degradation process are always
unknown. Goodness-of-fit measures (e.g. R?, AIC) describe how
well the model fits the observed data but do not account for
unobserved data or the validity of model form and specifica-
tion. Therefore, it is not possible to determine a priori which
model will perform better under given circumstances. With the
focus on model comparison and bias identification, this paper
adopts an approach based on computer-generated data (Donev
and Hoffmann 2016). The main advantage of this approach is
that when applying different models to the artificially censored
simulated data, the deviations from the ‘true’ complete data are
known and can be quantified. Once established, the better per-
forming models can then be applied to real-world condition data
allowing for practical conclusions about pavement deterioration
and service life. Furthermore, a simulation approach allows for
the comparison of models under different settings (e.g. differ-
ent network age distributions, inspection intervals, number of
observations) by means of sensitivity analysis. In contrast, the
results of empirical-data applications (even with large sample
sizes) often apply for the specific case and cannot not be gen-
eralised or transferred to other cases. The simulation as well as
the subsequent analysis and all computations are conducted
semi-manually using Microsoft Excel 2010.

This study concentrates on two types of distress, fatigue crack-
ing and rutting, as dominant failure causes for flexible pavements
at intermediate and high temperatures (Mallick and El-Korchi
2013, Norouzi et al. 2016). The approaches described here may be
extended to three or more distress types. The individual steps in
modelling and simulation are explained in Figure 4. The distress
type cracking is modelled as a combination of two stochastic
processes (i.e. initiation and progression) as commonly suggested
in the literature (e.g. Paterson 1987, Nakat and Madanat 2008).
The time-to-failure (service life) with regard to cracking  , is
drawn from a Weibull distribution with assumed parameters
for each of 1000 fictive sections using Monte Carlo simulation.
The time to distress initiation ¢, is generated for the same 1000
sections using a different Weibull distribution (conveniently
with the same shape parameter). The graphic on the bottom left
(Figure 4(c)) shows the cumulative distribution functions (cdf)
for the time until distress initiation as well as the whole service
life. The process of crack progression follows a third distribution
being the difference between total service life and crack initia-
tion. As shown in Figure 4(d), the total service life h(z) is the
sum of initiation f{x) and progression g(y) processes. Moreover,
the initiation and progression distribution are usually correlated,
since factors causing earlier initiation of cracks will lead to faster
progression (e.g. traffic loads). If the two processes are assumed
to be independent, the total service life can be computed using
the convolution integral (Ross 2014). For simplicity, we assume
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perfect positive correlation between initiation and cracking.
Thus, for a given section j, the same random number is used
for the calculation of the time to distress initiation and the total
service life (or the time for distress progression). As shown in
Figure 4(c) the difference between independence (no correlation)
and perfect correlation is not very large regarding the cdf.

Furthermore, the distress progression and the intermediate
conditions until failure can be described with a power function -
an approach based on the Hoffmann-process (Hoffmann and
Donev 2015, Hoffmann and Donev 2016). The power parameter 3,
is assumed to be characteristic for each distress type and constant
for all sections. In contrast, the scale parameter 3, represents the
different rate of distress progression among different sections.
The parameter f3, is estimated using f3, (2.90), the condition
threshold y /+(50%) and the generated section-specific total service
life ter; together with initiation time i, (Figure 4(a)). Thus, the
extent of cracking can be computed for each section at any time.
The same procedure is applied for the distress type rutting but
without initiation process (Figure 4(b)). The service life is based
on a log-logistic distribution (arbitrary) with the corresponding
assumptions for f, (0.80) and s (20 mm). However, a different
set of random numbers was used this time. One difference is
that the power function for rutting also includes an intercept
term (), which is assumed to be uniformly distributed among
sections. The assumed parameters of the service-life distributions
and performance functions are selected to be in accordance
with the existing literature. However, it is important to point
out that the aim here is to generate data as a basis for a thorough
comparison of methods and analysis of resulting bias. Thus,
the paper provides readers with the knowledge and means to
obtain less biased results from their real world data but draws no
conclusions on actual service lives of random pavement data as
(out of scope). As a next step, age (i.e. the explanatory variable
in the performance function) is generated for each section
using a uniform distribution (Figure 5). Consequently cracking
area and rut depth are calculated for (seven) different discrete
moments in time starting from ¢, representing consecutive
condition surveys. The computations are carried out for three
different survey intervals and three different age distributions.
The age distribution with a negative minimum value represents
an unbalanced panel, since each section is observed for a different
number of times and only half of the sections are constructed
at time ;. However, the analysis is further conducted using age
as the time scale, even though sections reach the same age at
different calendar times.

Until now the question about the relationship between cracking
and rutting failure times at section level has been neglected
here. This study considers three different cases of dependence
between the two types of distress illustrated by the scatter plots
in Figure 6. The first case assumes independence between service
life with regard to rutting and cracking (Figure 6(a)). It must
be noted that independence implies zero correlation, but the
converse does not necessarily hold true. The second case,
as shown in Figure 6(b), is based on mechanistic principles
suggesting negative dependence (Smith et al. 2007, Ozer et al.
2016). In practice stiffer asphalt binders are associated with
higher cracking potential but better resistance to rutting. Less
stiff asphalt binders are more prone to rutting but less susceptible
to cracking. The dynamic shear rheometer is used for testing

the cracking and rutting potential of asphalt binder under
laboratory conditions (Mallick and El-Korchi 2013). The third
case of positive dependence has no meaning for these failure
types from a mechanistic point of view, but it is considered for
reasons of comparison (Figure 6(c)). However, most distresses
are expected to be positively correlated, because they share
common influencing factors. It is important to point out that
the used marginal lifetime distributions for the distress types
cracking (Weibull) and rutting (log-logistic) are the same in all
three cases. The main difference relates to the ordering of the
failure times for individual sections. Thus, in the case of negative
correlation, long-lived sections in regard to cracking are more
likely to be short-lived in regard to rutting and vice versa.

In a situation with competing failure causes the time until
a first failure (i.e. the overall survival) might be of interest.
Common PMSs use rating and aggregation procedures of
subjective nature in order to obtain one total condition for the
road section as a basis for the optimisation of treatments. In these
systems, as a first step, distress extent or severity are converted
into a dimensionless index (school grade) using distress-
specific rating scales. In a second step these ratings for different
distresses are weighted and combined into one single overall
condition index (Hoffmann and Donev 2016). In this example
the indices for cracking and rutting are combined by taking the
arithmetic average. Alternatively, the pavement as a whole might
be modelled with the joint survival function, or what is known
as a series system in reliability theory (Figure 6(e)). In that case
the joint (system/overall) survival depends on the correlation
between the two distresses and falls below the marginal survival
probabilities in all three cases with negative correlation leading
to the most unfavourable outcomes. As shown in Figure 6(d),
the overall survival based on the arithmetic average leads to an
overestimation of service life in comparison to the true series-
system survival. This holds true even for a different combination
of distress weights and marginal distributions. Thus, a systematic
overestimation of service life and underestimation of M&R costs
is to be expected in any PMS using such overall condition index
in the objective function for optimisation (Donev and Hoffmann,
2016).

2.2. Non-linear regression and performance prediction

Observations in the generated data-sets are already left- and
right-censored depending on the age distribution. All failed
sections are interval-censored because of the survey intervals.
The next step is to artificially censor sections due to compet-
ing risks. With competing risks only the earliest (first) failure
can be observed and failures due to other causes are treated as
censored. This holds true if reaching a defined failure threshold
for cracking or rutting triggers an immediate application of a
treatment restoring or improving the condition. In reality, treat-
ments may be applied only after actually observing the failure
(i.e. after periodic surveys) or based on an accurate prediction
model at the section level. Furthermore, the pavement may fail
due to two causes occurring simultaneously or one after the other
(especially in the case of positive correlation). In this paper it is
assumed that failures can occur due to only one cause at a time
and section, but the problem is quite complex even with this
minor simplification.
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Figure 4. Data-generation procedure based on assumed service life (failure) distributions and performance functions with age as a dependent variable (a, b). Modelling
of pavement cracking as a combination of two processes - initiation and progression (c, d).
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Figure 5. Generation of different age distributions (uniform). Definition of survival time as time from construction until failure with the corresponding transformation to

age as the time scale.

A standard approach in PMS consists of fitting a regres-
sion function to observed continuous data (Figure 7) using the
ordinary least squares (OLS) method (Wooldridge 2013). In a

regression model the dependent variable is not service life but
condition y(t) with censoring affecting the condition distribu-
tion. For example, in the case of rutting all observations > 20 mm
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Figure 6. Scatter-plot of the generated rutting vs. cracking survival times given the same marginal (distress-specific) distributions, but different correlation. Modelling the
overall (system) pavement survival as a series system or as a composite index aggregating single distresses (standard approach).

(failure threshold) are censored. In addition, on sections where
cracking failure precedes rutting failure, all rutting observations
after the cracking failure are censored (competing event). In the
case of positive correlation (Figure 7(a) and (b)) short-lived sec-
tions have in average fewer uncensored observations until failure,
resulting in enormous overestimation of the service life for rut-
ting and cracking (+15 and +10 years, respectively). In the case
of negative correlation (Figure 7(c) and (d)) long-lived sections
with respect to rutting and cracking are censored as well reducing
the overall bias. Figure 7(e) shows that using all observations
beyond the failure threshold (no censoring) in regression analysis
leads to less biased results (unbiased intercept and power param-
eter). Furthermore, prediction intervals, condition distribution
and survival function can be estimated under the assumption of
normally distributed error terms allowing for a comparison with
the true survival function. In summary, standard regression anal-
ysis (OLS) does not account for data censoring resulting in biased
performance functions and service-life estimates. Moreover, the
process of crack initiation cannot be properly modelled with
regression analysis leading to additional bias.

2.3. Homogeneous Markov chains

Markov chains are a class of stochastic processes describing the
transitions of a system between a finite number of states, where
the future evolution of the process depends only on the current
state and not on the past history (memoryless property). The

transition probabilities may be assumed constant (homogeneous)
or changing over time (non-homogeneous). Transitions may
occur at any time (time continuous) or only at specified time
steps (time discrete). The survival time (service life) is defined
as the time spent in all states prior to entering the absorbing
state. An absorbing state is the failure state (> y f), from which no
further transitions to other states are possible (no treatments).
Computational details for Markov chains can be found in the
literature and are not provided here (e.g. Crowder 2012, Ross
2014). Figure 8 illustrates a relationship between Markov chains
and survival analysis based on a simple two-state (failure/non-
failure) inhomogeneous Markov chain (Aalen et al. 2008).
The survival probability is equal to the transition probability
of remaining in a non-failure state p,(t). The transition
probability for the complementary failure event is the cumulative
distribution function F(t). The transition intensity (i.e. the rate
at which transitions occur) of changing state g, (¢) correspond
to the hazard function h(t). Moreover, in the case of constant
transition probabilities and continuous time, the time spentina
non-failure state (i.e. sojourn time) is exponentially distributed
with parameter -q,,. Thus, the survival time in the two-state
homogeneous Markov chain follows an exponential distribution
with constant hazard function over time.

Figure 8(a) and (b) provide an application of such a two-
state homogeneous Markov chain model to the generated dis-
tress data with resulting survival functions. The computation is
based on the full set of 7 surveys (continuous condition) and
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Figure 7. Estimation of performance and survival functions with non-linear regression using the generated (censored) condition data and resulting bias with respect to
true marginal distributions, mean lifetimes and performance functions.

4 years inspection interval (transition step). For a section where
failure has occurred due to one cause, further observations of
all other distress types are censored (competing risk censoring).

The transition probabilities are estimated by counting of sections.
In the case of negative and positive correlation the deviations
from the true model are enormous due to the inflexibility of the
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Figure 8. Relationship between survival analysis and Markov chains based on the example of a two-state (a, b) and a competing-risks (c, d) Markov chain.

exponential distribution. In the case of negative correlation the
estimated hazards are higher.

The Markov chain model can be formulated as a compet-
ing-risks model with more than one absorbing state (Figure 8(c)
and (d)). The probability of remaining in a non-failure state is
defined as overall survival function. The transition probability
of reaching one failure type is defined as cumulative incidence
function (CIF) for this type but has limited practical value (see
Section 3.3). An improvement of the resulting estimates of ser-
vice life may be achieved by using information about the condi-
tion states prior to failure. Figure 9(a) and (b) shows a multi-state
model with five condition states based on a rating scale. At this
point it has to be noted that Markov chain models do not account
for interval censoring and dependencies between competing
failure causes. Left-censored observations are included in the
absorbing state, which therefore plays no role in the computa-
tion. Observations of right-censored sections are included in the
estimation of the transition probabilities but the model does not
explicitly account for right-censoring either. The example also
shows that the number of states has a significant impact on the
predicted service life. However, any approach for state classi-
fication based on rating scale or else is more or less arbitrary.

Despite these shortcomings further slight improvements of
model accuracy can be achieved by calculation of separate tran-
sition matrices for different age groups quite similar to cohort
models (Figure 9(c) and (d)).

The Markov chain approach is popular because it allows
for modelling of M&R treatments and the use of standard
optimisation techniques (dynamic programming). An often
made assumption is that within one transition the condition
will remain in the current state or will change to next worse
state (Butt et al. 1987, Abaza 2017). Although this assumption
seems plausible, it is often made without justification in order to
reduce the number of unknown probabilities and to simplify the
computations. In general, limitations of Markov models include
cumbersome estimation of transition probability matrices, small
number of observed transitions to states with poorer condition
and no section-specific prediction. Explanatory variables may
be considered only by further segmentation of the observations
in homogeneous groups at the cost of reducing the sample size
(Madanat et al. 1995). Furthermore, the assumption of constant
transition probabilities in the homogeneous case does not hold
true for pavement deterioration due to cumulative traffic and
ageing (Li et al. 1996, Abaza 2017, Hoffmann and Donev 2016).
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Figure 9. Survival probabilities based on a five-state Markov chain with transition probabilities being constant for the full analysis period (a, b) or within age groups (c, d).

3. Survival analysis for estimation of service life
3.1. Survival analysis in the absence of competing risks

In this section mathematical models accounting for censoring are
applied to the generated data. At first it is assumed that failure
may occur only due to cracking (i.e. no competing risks). The
aim is to investigate the influence of survey interval, number of
surveys, age distribution and censoring pattern on the estima-
tion accuracy under ceteris paribus conditions with the non-
parametric Kaplan-Meier method. Figure 10(a) and (b) show
that wider survey intervals and a higher number of surveys are
desirable to obtain a complete estimate of the survival func-
tion, but also increase the share of interval-censored sections.
Furthermore, Figure 10(c) shows that fitting a parametric Weibull
model accounting for interval censoring results in unbiased esti-
mate of the survival function. However, incorrect assumption
regarding the distribution (e.g. log-logistic) for cracking lifetime
leads to bias (in the lower tail) of the survival function. Using
only failed sections and ignoring interval censoring as well results
in an underestimation of service life. Figure 10(d) shows that
different age distributions are associated with different amount
of sections being left-, interval- and right-censored. The age
distribution U(030) generates a considerable amount of already
failed sections (33%) leading to overestimation, since KM cannot
accommodate left-censoring.

The censoring process may be modelled by two random
variables T and C representing the distribution of the failure
times and the censoring times, respectively. Thus, for each

section only the minimum of the two variables can be observed.
In this case the data will only consist of uncensored and right-
censored observations making KM an appropriate estimation
method. Figure 10(e) shows the special case where the two
random variables are statistically independent. Depending on
parameters of both distributions, different shares of sections will
be censored. However, this does not affect the survival function
estimate, which is unbiased even with 80% of the sections being
censored. In contrast, if the censoring and failure mechanisms
are correlated, the KM estimates will be biased, with direction
and size of the bias depending on the sign of the correlation
and amount of censoring (Figure 10(f)). This censoring scheme
resembles censoring due to dependent competing risks and will
be discussed in detail in the next section.

3.2. (Non-)parametric survival analysis in the presence of
competing risks

In the next step the two failure types (cracking and rutting)
are simultaneously analysed in the cases of independence and
positive as well as negative dependence (Figure 11). For the
purpose of having only censoring due to competing risks, the
generated data is manipulated one more time by replacing
all interval-censored observations with the true uncensored
lifetimes. Furthermore, with the use of a non-parametric
approach any bias due to distribution assumptions will be
excluded too. Thus, the overall survival function (failure from
any cause) is estimated accurately in all three cases of dependence
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Figure 10. KM estimates of cracking survival time in the absence of competing risks - influence of survey interval length (a), number of consecutive surveys (b), assumed
lifetime distribution (c), age distribution (d) and (in)dependence of the censoring mechanism (e, f).

(Figure 11(a)). Figure 11(b) shows that the KM estimates of the
marginal distributions for cracking and rutting are also unbiased,
if the assumption of independent competing risks is met
(Kleinbaum and Klein 2012). Independence means that sections
censored due to the competing event are no more or less likely to
fail due to the investigated cause of interest. In the case of positive
correlation censored sections are more likely to have failed than
those not censored leading to an overestimation of the survival
probabilities (Figure 11(c)). In the case of negative correlation
short-lived sections with regard to cracking are also long-lived
with regard to rutting, and vice versa. Thus, censored sections
are less likely to have failed due to the cause of interest resulting
in an underestimation of survival probabilities (Figure 11(d)).
The size of the under-/overestimation in each case depends on
the amount of censored sections and the leading cause of failure.

Next, the computations are repeated with the interval-
censored data using parametric models. With KM the overall
survival function is overestimated in average by 2 years or half
of the inspection interval, since the failures are recorded at the
upper limit of the interval (Figure 12(a)). The same overesti-
mation is observed for marginal distributions in the case of no

correlation (Figure 12(b)). Surprisingly, the estimates with a par-
ametric model are not identical to the true marginal survival
functions. The reason for the remaining bias is interval censoring
of the competing event. Censored sections due to competing
risks are treated as right-censored with the integral of the sur-
vival function as contribution to the likelihood. The lower limit
of this integral is assumed to be the time of the last inspection,
but it should be prior to the inspection, because the competing
(censoring) event has happened within the inspection interval.
The size of this bias is less significant than the bias due to interval
censoring of the event of interest because right-censored obser-
vations have a smaller contribution to the total likelihood as
compared to interval censoring. In the case of rutting additional
bias may be present due to the incorrect assumption of a Weibull
distribution. In the case of positive correlation (Figure 12(c))
the bias due to interval censoring and bias due to dependent
competing risks are in the same direction leading to increased
total bias (summation). In contrast, in the case of negative cor-
relation (Figure 12(d)) the bias due to interval censoring is in
the opposite direction of the bias due to competing risks leading
to a reduction of the total bias (cancellation).
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Figure 11. Unbiased KM estimates (no interval censoring) of joint and marginal (no correlation) survival probabilities (a, b) in contrast to service life over/underestimation
in the case of positive/negative correlated competing risks (c, d).

~
0
~

— 100%
=
> 80%
5
£ 60%
i)
S 40%
[="
T 20%
E o
7]

—~
o
~

Time-to-Failure - Overall/Joint Survival (KM/Weibull)

(Age ~ U(0,10); At =4 yrs; 7 surveys; no correlation)

(b)

Time-to-Failure - No Correlation (KM/Weibull)
(Age ~ U(0,10); At =4 yrs; 7 surveys)

Overall suryival (true)
====0verall suryival (KM)
------ Overall survival (Weibull)
N failure within survey
estimation for the . interval but recorded
cases of positive resp. N\ S at upper limit (i.e.
negative correlation “ interval censoring) —
analogous (not shown) 2 overestimation (KM)
0 5 10 15 20 25 30 35 40 45 50

Survival time (age) [yrs]

Time-to-Failure - Positive Correlation (KM/Weibull)

(Age ~ U(0,10); At =4 yrs; 7 surveys)

~

d)

0, o
g 100% Cracking suryival (true)
— " Rutting survival (true)
2 80% === Cracking survival (KM)
= === Rutting survival (KM)
2 60% -
S  |sum of bias due to AN
a 40% inferval-censored distress
o 20u of interest (only KM) and
= ° Tbias due to inferval-censored \
Z 0% comptlating event (I§M; Weibulll) ! ‘
5 0 5 10 15 20 25 30 35 40 45 50

Survival time (age) [yrs]

Time-to-Failure - Negative Correlation (KM/Weibull)

(Age ~ U(0,10); At =4 yrs; 7 surveys)

— % — 0,
X 100% o, “"'"--‘.7.. Cracking survival (true) N 100% Cracking survival (true)
= eov Rutting survival (true) — o Rutting survival (true)
2 ° === Cracking survival (KM) 2 8% === Cracking survival (KM)
= === Rutting survival (KM) = -—= Rutting survival (KM)
2 60% - i i i 8 60% ST Crack T i
e bias due to interval Rutting survival (Weibull) B + Rutting survival (Weibull)
g 40% “censoring and bias due s, % 40% -censoring an :
— to positive correlation of b —_ to negative correlation of %
S 20% S 20% 7
> the same sign — increased > different signs — reduced "a
= total bias (summation = total bias (cancellation >
Z o plas (shmmation) | g % bias (canceligtion) | ey
22} 0 5 10 15 20 7] 0 5 10 15 20 25 30 35 40 45 50
Survival time (age) [yrs] Survival time (age) [yrs]
n No correlation Positive correlation Negative correlation Bias due to interval censoring of the competing event
Competing Weibull Weibull Weibull 1o fai :
s AR (Weibull) (Weibull) (Weibull) / competing failure  unbiased estimate:
p A p A p A i (as right censored) L =5(t,)
Overall/Joint 3.356 0.057 3.037 0.052 4.068 0.062 VN o] s
Cracking 4.669 0.041 5.256 0.036 4.774 0.046 . > e )
Rutting 2518 0.047 2384 0.045 2.971 0.051 B Gy & T L =5@)
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Figure 13. Overview and estimation of cumulative incidence (a) and cumulative probability curves (b, ) based on competing risk data.
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Figure 15. Combination of arbitrary marginal distributions to a multivariate joint distribution using copula (dependence) function.

3.3. Cumulative incidence and conditional probability

Estimation of CIFs and conditional probability curves (CPC) is
a common approach for competing risk data that does not rely
on the independence assumption. For discussion and details
see, for example, Pintilie (2006) or Kleinbaum and Klein (2012).
The difference between KM and CIF is that CIF considers com-
peting risk events as failures and not as censored observations
as in the case of KM. Figure 13(a) shows the calculation of CIF
in the case of negative correlated cracking and rutting failures.
CIF provide information about the dominant failure cause,
but they cannot be interpreted as survival probabilities. CIF
are not equivalent to the marginal distributions and cannot be
utilised in prediction models and the subsequent optimisation
of treatments.

Another concept in SA is the conditional survival defining
the probability that a section survives the event of interest given
that no competing failure has been experienced. CPC may be
estimated based on the CIF estimates. In the case of independent
failure causes the marginal and the conditional distributions are
identical. In the case of negative correlation (Figure 13(b)) the
conditional survival probabilities fall below the marginal sur-
vival probabilities, because surviving the competing event makes
survival less likely. The opposite relationship can be observed in
the case of positive correlation (Figure 13(c)). Even if CPC are

estimated without bias, it is not possible to estimate the marginal
distribution after the point where the overall survival falls down
to 0%.

Yang and Kim (2015) provide the only study known to the
authors in pavement management that considers different
pavement distress types as competing risks. Unfortunately, the
analysis was limited to an estimation of CIF and CPC without
acknowledging the limitations of these approaches. Moreover,
the nature of possible correlation between the three analysed
distresses was not investigated.

3.4. Performance history-based approach

In summary, traditional survival analysis methods lead to bias
in the presence of dependent competing risks. Using informa-
tion about previous conditions as well as distress progression
characteristics has the potential to reduce this bias. A regression
function with constant distress progression factor (power fac-
tor 3,) can be fitted at the section level by estimating the scale
parameter 3, provided that at least three condition observa-
tions are available. Since this is the exact same algorithm used
for data generation, the performance function will fit perfectly
with no deviations (residues). Therefore, a random measurement
error is added (subtracted) to (from) each of the observations.
Furthermore, condition probability distribution, confidence
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Figure 16. Histrogram of the generated service life data (a), perspective (b) and contour plots (c) of the joint survival density based on a fitted Frank copula to the true data.

Survival time (Rutting) [yrs]

==

Time-to-Failure - Negative Correlation (Copula/CGE)

(Age ~ U(0,10); At =4 yrs; 7 surveys; no interval censoring; Frank copula)

Cracking survival (true)
Rutting survival (true)

=== Cracking CGE (Frank, 0=-5.714)
=== Rutting CGE (Frank, 0=-5.714)

=
\ <4
\ =,
N,
N\

Survival time (age) [yrs]

100%

80%

60%

Survival time (Rutting) [yrs]

11

Time-to-Failure - Positive Correlation (Copula/CGE)

(Age ~ U(0,10); Ar =4 yrs; 7 surveys; no interval censoring; Frank copula)

Cracking survival (true)
Rutting survival (true)

=== Cracking CGE (Frank, 6=5.267)
=== Rutting CGE (Frank, 6=5.267)

& I
= S
2 )
§ \ \\ § \\‘

. N
S 40% 1@ > - . S 40% O L4 > . .
e, \ ,system survival <1% a. X system survival <1%
= hel, = \
g N | | £ A

~
e | |

E 0% ‘ : . : : : | ; T E 0% : : . . — e ‘
7] 0 5 10 15 20 25 30 35 40 45 50 w2 0 5 10 15 20 25 30 35 40 45 50

Survival time (age) [yrs]

Estimation of the marginal survival functions with the competing risk data and an assumed (fitted) copula using copula-graphic estimator (d).

intervals and failure distribution can be estimated assuming a
distribution (e.g. normal) for the error terms (Hoffmann and
Donev 2016). The idea is to replace the censoring time for

competing-risk censored observations (considered as right-
censored) with unbiased upper and lower limits of the confidence
interval for the service life derived with regression. Likelihood



contributions for failure (censoring) times for the event of
interest can be computed as usual without fitting of a regression
function. The question how to choose the confidence level for
the prediction interval has no correct answer in a mathematical
sense. However, confidence levels producing average confidence
intervals similar to the inspection interval will ensure that the
competing-risk censored sections have no more or less weight in
the likelihood than other sections. On the other hand, sections
with an unreliable prediction and a wider prediction interval will
exhibit a smaller log-likelihood contribution, which is a desirable
property.

Figure 14(a) and (b) illustrate the application of this approach
to the generated data using single-section regression with a confi-
dence level of 68.2% (one standard deviation of the mean service
life). In the case of rutting and cracking (positive correlation)
the bias was substantially reduced in comparison to the para-
metric estimate from Figure 12. The residual bias for rutting is
caused by the incorrect distribution assumption (Weibull instead
of log-logistic). Nevertheless, in one of the four cases (crack-
ing, negative correlation) the approach was not able to improve
the estimates (Figure 14(a)). The reason for this is that the sin-
gle-section prediction model could not be applied for roughly
1/3 of the competing-risk censored sections because they had
less than three observations. Since this group is not random
and not representative, the bias was even increased in the lower
tail of the survival function in this case. In summary, using a
regression prediction model at the section level in addition to

Contour plot of joint density
based on Gumbel copula

Contour plot of joint density
based on Clayton copula
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survival analysis has the potential to eliminate or reduce bias due
to dependent competing risks, if the model can be applied for the
majority of the sections and the assumptions of the single-section
prediction model are met.

3.5. Copula-based approach

As already shown, if competing risks are independent, the
Kaplan-Meier method produces unbiased estimates, but the
independence assumption is neither verifiable nor realistic for
pavement distress types. Thus, in the presence of dependent com-
peting risks the marginal (latent) lifetime distributions are not
identifiable and cannot be estimated without bias with common
survival analysis models (Crowder 2012). Moreover, there exists
a model with independent competing risks and one or many
models with dependent different marginal distributions that
produce the same joint (overall) survival function. However, if
the dependence structure is known a priori, this identifiability
issue can be resolved mathematically. One possibility for a char-
acterisation of dependencies are copula functions providing a
way to simultaneously model marginal and joint distributions of
random variables. A copula is defined as the multivariate (joint)
distribution of standard uniform random variables. Thus, any
arbitrary continuous marginal distribution can be uniquely
linked to a specific joint distribution using probability integral
transformation, if the functional form and parameters of the cop-
ula are specified (Figure 15). A description of the mathematical
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Figure 17. Definition of the copula-graphic estimator and sensitivity of the survival estimates to the functional form of the copula.
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foundations and properties of copulas is beyond the scope of
this paper and can be found in the literature (Kurowicka and
Cooke 2006, Joe 2015).

The overall survival function and the CIFs can be estimated
from the observed competing risk data. Given these functions
and an assumed copula the marginal distributions can be
identified with the copula-graphic estimator (CGE) of Zheng and
Klein (1995). Figure 16(a) shows the structure of the generated
multivariate data in a 3D histogram which can be used for the
selection of an appropriate copula form. Furthermore, three
different Archimedean copulas are fitted to the uncensored
generated data using canonical maximum likelihood
(Figure 16(b) and (c)). Finally, the marginal distributions are
estimated non-parametrically based on a Frank copula using
CGE. The estimates are largely identical to the true survival
distributions in both cases of negative and positive dependence
(Figure 16 (d)). Figure 17 shows that marginal survival
estimates with the flexible Frank copula exhibit almost no bias
compared to other forms (Gumbel, Clayton). A critical factor
for estimation accuracy is the copula parameter provided that a
flexible functional form is selected. This approach may also be
generalised to more than two competing risks and extended to a
regression model with covariates (Lo 2015). However, in contrast
to the performance history-based approach (Section 3.4), the
complexity increases substantially when considering more than
two failure types.

Another limitation of the copula-based competing risk
approach is that the copula cannot be estimated from the cen-
sored data and must be assumed. Laboratory tests and acceler-
ated pavement testing may provide insights about the sign and
degree of correlation between different asphalt failure mecha-
nisms. Another approach would be to estimate the survival times
until lower condition thresholds (i.e. closer to the initial state)
guaranteeing less censored observations. The distress correlation
is invariant to this scaling of the survival distribution allowing
for the copula to be fitted. In any case further research should
be aimed at investigating the dependencies between dominant
failure causes from real-world survey data.

4. Conclusions

Reliable pavement performance models are crucial for the plan-
ning of maintenance and rehabilitation activities and an efficient
use of public funds. For a specific selection and optimisation
of treatments performance prediction models and service life
estimates for each distress type are needed. The parameters of
these models should be estimated with empirical data from peri-
odic condition surveys. Due to the nature of pavement deterio-
ration processes and practical limits of the inspection process,
censoring of the data is unavoidable. There are different types of
censoring, each showing a different impact on the estimation and
a different frequency of occurrence. Approaches like regression
analysis (OLS) or Markov chains do not account for censoring.
Using them to develop distress progression models may result
in substantial bias and more or less arbitrary estimates. Some
researchers have used standard non-, semi- and full parametric
survival analyses accounting for censoring, but their analyses
was limited to the univariate case of only one possible failure
type neglecting competing risk and correlation between failure

causes. This study covers common cases for pavements exhibiting
more than one distress type. Despite the fact that the presented
models are in principle capable of accounting for covariates, the
related aspects are not included in the paper. Using multiple
explanatory variables leads to many issues (e.g. endogeneity bias,
multicollinearity, ex-ante prediction, specification errors, etc.)
that will be covered in another paper.

Distress modelling in the presence of dependent competing
risks poses a challenge, but the reality of more than two and
not necessarily mutually exclusive failure causes is even more
complex. This paper provides evidence that models with better
fit to real-world survey data (e.g. regression) are not necessarily
models describing the underlying (unobserved) degradation
process and service life accurately. As the ‘true’ degradation
process on the network level cannot be observed it is not possi-
ble to determine directly which method or model will perform
better than others. Therefore, the analysis and conclusions in
this paper are based on simulated data allowing a comprehensive
and objective comparison of different models to the a priori
specified true processes. Based on the results it can be shown
that common survival analysis models show substantial bias
in the simple case of two positive or negative dependent com-
peting risks. Depending on the present types of censoring and
violated assumptions related deviations may partly cancel each
other out or add up. Moreover, competing risk approaches based
on cumulative incidence reflect the observed data but not the
underlying process (marginal distribution). It can be shown that
further improvements and bias corrections are achieved by using
prior conditions and degradation history at the section level.
Another finding is that copulas are a promising alternative for
multivariate simultaneous modelling of distress types allowing
for an accurate estimation of marginal lifetime distributions with
censored data and assumed (estimated) copula parameter. Future
research will be concentrated on the comparative application
of the presented models and methods to real-world data and
the impact of dependence structures between failure causes on
estimation accuracy.
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