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ABSTRACT
A new method is presented to develop deterioration curves covering the service life of pavements, but the method also
applies of other infrastructure assets. The new method compliments existing methods by permitting the data to express the
shape of the deterioration curves without a prior selection of a functional form. The new method is therefore an ideal first
step in a traditional estimation process. The new method constructs a curve by linking short linear segments whose slopes
are estimated independently. Connecting the short segments end-to-end yields the curves. A number of practical challenges
are addressed here to adapt this approach to pavement deterioration data. Solutions are provided and the resulting statistical
properties are investigated. An example of the methodology is given using a large data set from Switzerland. The examples
show that climate related variable are key to the lengths of service lives in this data set.
KEYWORDS
Non-Parametric, Deterioration, Infrastructure, Asphalt, Climate, Filtering

generally lack good data series covering the full life cycle.
This presentation discusses three ways that the PLC method
can be used.

1 INTRODUCTION
We present a new method to develop deterioration curves
which does not require the a priori specification of a
functional form. Thus, the data is provided a greater
opportunity to express the shape of the deterioration curve
than in previous methods. We call the method the piecewise
linear curves (PLC) method and it falls into the general
category of non-parametric methods. The primary focus of
this article is the deterioration of asphalt concrete
pavements and our examples use data from a large road
network in Switzerland. However, the method itself can be
applied to other cases. The method is particularly useful to
estimate deterioration behaviour of infrastructure objects
because those often have long service lives and therefore

The primary purpose of the PLC method is to retrieve the
general shape of the deterioration behaviour from the data
before any modelling takes place. The modeler can then, in
a second step, select a functional form that is capable of
representing the general shape in the first step. From there,
the parameter estimation can proceed in the usual way. A
second purpose of the PLCs is to explore hypothesis about
the data directly. For example, the researcher might
hypothesize that rainfall decreases service life to a
significant degree. Such hypothesis can be explored directly
by comparing how average service life differs when the data
set is subdivided by the amount of rainfall. This can be done
1

even if no direct observations of service lives are available.
It is even possible in absence of any data on the age of any
pavement sections. In addition to the usefulness of such
hypothesis testing in its own right, the method can also be
used when researchers need to select independent variable
for a multivariate regression analysis. The pre-analysis
using PLCs can identify those potential explanatory
variable which have the greatest impact. Examples of this
type are provided in Section 4. A third purpose of the PLC
method is to generate a set of dependent variable values to
test a model of the length of service life, when such values
are otherwise missing. This was the actual purpose that led
to the development of the PLC method (C. Richmond,
Achilles, & Adey, 2018). Such a need arises when direct
observations of the length of service lives are missing, but
the model predicts those outcomes. The PLC method can
provide a statistically based solution to that problem, if the
data set is sufficiently large. An example is provided in
Section 4.4. The problem type arises naturally in
benchmarking and in life-cycle design problems.

connected surface that encloses all of the data points
(Charnes, Cooper, & Rhodes, 1978). The resulting envelope
around the data is a collection of small, connected,
piecewise hyper-planes in an n-dimensional space. Each of
the individual hyperplane elements has parameters, of
course. In that sense, the designation non-parametric is not
completely accurate. But the shape of the envelope that the
collection of hyperplanes creates cannot be described by
some single, parameterizable, functional form. That is the
sense of the non-parametric designation.
In an analogous way, the PLC method reduces the set of
alternative deterioration curve shapes by applying a logic to
the data. It connects end to end a sequence of line segments.
What are small hyperplane elements in the DEA n-space,
are short line segments in the PLC 2-space. The principle
used to reduce the set of possible functions to just one
function is this: use the mean slope of deterioration of all
the observed road sections within some small range of
condition. What results is not a multifaceted, concave,
connected envelope, it is a kind of “curve” that looks like
model train if it is placed on the floor but left connected and
standing on its wheels. In can exhibit many potential curvelike shapes while remaining piecewise linear. The only
constrain that is imposed on the curves by the methodology
is that it be monotonically increasing. The condition must
always get worse as time goes by.

Various fields of study distinguishing between parametric
and non-parametric methods. Some well-known examples
can be found in statistics (Kvam & Vidakovic, 2007),
reliability theory (Kalaiselvan & Bhaskara Rao, 2016), and
the economic analysis of production and efficiency (Ray,
2004). The later is similar to the present case in that it also
constructs a piecewise linear surface and this provides a
useful link to existing literature. In the analysis of
production and efficiency, researchers specify a so-called
production frontier, which is a hypothesized functional
relationship between inputs and outputs of an unknown
shape and generally of higher dimension. One solution,
referred to as Data Envelopment Analysis (DEA),
constructs a piecewise linear function from the data. Both
PLC and DEA derive a functional form from a large data
set without the use of regression, even though the regression
methods are available. Hence these methods should be seen
as complements to established parametric means.

We proceed in what follows in three steps. Section 2
addresses why the new method is needed as an addition to
existing methods. Section 3 addresses necessary
computations. Section 4 presents examples of results that
are not otherwise available. However, before we start the
main presentation we wish to point out two topics that will
be covered and that are of wider interest to road
deterioration researchers than are the specifics of the PLC
method.
The first topic is a novel way to treat negative deterioration
observations. The observation that a “road section improves
all by itself”, that is negative deterioration, is a standard
problem for empirical deterioration function estimations.
Part of these observations derive from measurement errors,
but others could be picking up the effects of an unobserved
maintenance intervention. In Section 3 we investigate a
small set of alternative treatments to handle such data. In
doing so, we reject the often-seen practice of excluding
negative observations, because it leads to upwardly biased
estimates. Our proposed solution avoids this bias, while still
eliminating the problem of unobserved maintenance
activity. The solution we propose follows the logic of socalled instrumental variables. We provide simulation
evidence to support our proposal.

There is a very large DEA literature (Fried, Lovell, &
Schmidt, 2008), which is familiar to many engineers , so
that a brief comparison to the PLC method may be useful to
the reader. When confronted with a large set of data, the
researcher has many alternative functional forms to choose
from. Further, there are many alternative specific
parameterisations. The methodology determines how the
large set alternatives is reduced to one. In the standard
regression case, the reduction occurs by first selecting the
regression equation and then selecting a best-fitting
parameterization, for instance that one which minimizes the
sum of squares. In distinction to this, the DEA reduces the
set of alternatives by applying a logical principle to the data,
namely, which smallest subset of points can support a
2

The second topic arises from the demonstrations of the PLC
method on actual data. In many cases the data displays a
shape that is initially steep, then flatter and then steeper
again. We interpret this as the effect of operational
maintenance slowing the average speed of deterioration, but
this only happens after the condition gets bad enough to
require operational maintenance at all. The effect is
observable even after excluding the above mentioned issue
related to unobserved maintenance interventions. In and of
itself, it is not surprising that operational maintenance
interventions reduce the speed of deterioration, indeed, that
is one of the primary goals of doing the interventions (Gu,
Ouyang, & Madanat, 2012; Lee & Madanat, 2015). The
surprising observation, at least within the context of
established deterioration modelling, is that the magnitude of
the effect is strongly interactive with environmental
condition. The length in time of the flat section appears to
play a key, if not dominating role, in determining the
relative length of service life. We observe this only in this
data set, which is clearly limited and needs to be confirmed
with other data sets. If true, it implies that standard
regression models of deterioration should be constructed to
allow for this effect. For example, a model could permit
three life cycle phases, each with distinct parameters to
permit the environmental influences to have a larger impact
in the second phase. Details of this are discussed in Section
4.

Ahmed, 2020). Markov chain models also belong to this
group (Golabi, Kulkarni, & Way, 1982; Kobayashi, Kaito,
& Lethanh, 2012; S. Madanat, Mishalani, & Ibrahim, 1995;
Tsuda, Kaito, Aoki, & Kobayashi, 2006). The second group
is the mechanistic-empirical models. These contains
purpose-built mathematical functions based on pavement
specific considerations. For example, one might begin with
a basic fatigue model and then introduce various additional
functions to determine specific parameter values. Examples
showing possible specifications within this set are
(Archilla, 2006; Hong & Prozzi, 2015; Meegoda & Gao,
2014; Paterson, 1987; Prozzi & Madanat, 2003; Ullidtz,
2005). Some of the major pavement design procedures
belong to this group (AASHTO, 1993; Highway Research
Board, 1962; Kerali, 2000; Small & Winston, 1988). The
PLC method we present can be used as a first step to both
sub-sets, either for the model selection or for model
construction process. The data is permitted to express the
general shape that the selected or constructed functional
form should be able to represent.
2.2 Construction of observables that can be used to test
models
Infrastructures tend to be large and long-lived. Both
attributes make empirical estimation of long-term
deterioration behaviour difficult. If experiments are used,
these not only takes a long time, but the experiments must
also be quite large. An interesting confirmation of this
assertion can be seen in the fact that the data from the
AASHO experiment, which happened in the early 1960s
(Highway Research Board, 1961), is still being used in
studies 50 years later (Reger, Christofa, Guler, & Madanat,
2013). That would not be the case if such experiments were
not so unique. At the same time, construction methods and
standards change. It is indeed unusual to find a time series
of internally consistent condition measurements that is
longer than the typical service life of the full structure of a
road, which may be well over 30 years (C. M. Richmond,
Archilla, & Adey, 2020). Typical data sets cover only the
recent past, perhaps 10 to 25 years. It is therefore difficult
for researchers to find appropriate data sets to estimate or
test models that predict the length of in-situ service life. The
PLC method was developed to overcome this difficulty (C.
Richmond et al., 2018). In that case, the available data
covered at most 16 years of history, and generally less.
Because the PLC method calculates average deterioration
rates for small intervals of condition and then links them
end-to-end, the available data was sufficient to construct
estimates of average lengths of service life under various
conditions, which was sufficient to test the model. We
explain the calculation in detail in Section 3. This type of
data problem is not unusual for long-lived assets.

2 WHY A NON-PARAMETRIC METHOD IS
NEEDED
2.1 Pre-Analysis of the data, as part of the model
selection process
There is extensive literature on the estimation of parametric
deterioration curves, all of which must begin with a
selection of a functional form. In general, researcher are
forced to make some plausible assumption, frequently
selecting a functional form that has been used in the
literature before. The existing literature offers a number of
alternatives which can be initially divided into two main
groups. The first group, the empirical models, contains the
standard statistical models found not only in the
deterioration literature but also in many other literatures
across the sciences. These models include linear, log-linear,
and the small set of what are referred to as flexible-form
models (Barnett, 1983). Examples from the pavement
deterioration modelling literature that provide examples of
alternative specifications are (Anastasopoulos, Mannering,
& Haddock, 2012; Anyala, Odoki, & Baker, 2014; Bardaka,
Labi, & Haddock, 2014; Chu & Durango-Cohen, 2008;
Gao, Hong, & Ren, 2019; Luo, 2013; S. M. Madanat,
Karlaftis, & McCarthy, 1997; Yamany, Saeed, Volovski, &
3

2.3 Accommodation of deterioration processes that have
multiple phases with distinct behaviour

form of undisturbed natural deterioration, one must also
make an assumptions about how the functional form
changes one maintenance begins. Do curves shift
additively, become uniformly steeper as by a multiplier, or
perhaps decrease exponentially in the intensity of
maintenance?

Some modelers introduce distinct deterioration behaviours
before and after major maintenance intervention, even if the
absolute level of condition is the same (Gu et al., 2012; Lee
& Madanat, 2015). For example, rates of deterioration of
the surface course might be faster if the substructure is
older, even if the surface course has been returned to the asnew condition. Further, some maintenance interventions,
like crack-sealing or patching, may be primarily directed at
reducing the speed of further deterioration. The impact of
this is that the resulting rate of change of measured
condition may be small or even zero.

The PLCs offer an interesting tool for exploring the
mathematical nature of the interaction between
maintenance and the environment to determine the rate of
deterioration. One can divide the data by the intensity of the
environmental variable of interest: freeze index, traffic
levels, mean daily temperature amplitude, or some
combination of factors; and then calculate curves for each
case. The way the cases differ from one another suggests
how the mathematical specification should be formulated.
Examples of this technique are provided in Section 4.

Both examples suggest a fundamental question. To what
extent is it reasonable to model deterioration without
explicitly including maintenance activity as an independent
variable? Or even more fundamentally, in what sense is it
reasonable to use data from a section of pavement that has
been subject to a maintenance intervention – say cracksealing – together with data from pavement that has not
received the same treatment? Note that this question also
applies to a single section of pavement over time: after the
intervention, the pavement is no longer the same physical
object. It divides the observations into pre- and postmaintenance subsets. To model this, one would need to
interact a maintenance dummy variable with each of the
model’s explanatory variable. Consider for a moment what
is being predicted by a deterioration equation in a PMS
application, if this equation was estimated with in-situ data.
Does it describe the expected rate of deterioration with or
without maintenance? Does it presuppose a given
“standard” level of maintenance? Supposing one decided
for the unmaintained version, which is conceptually
consistent with questions as to optimal intervention
strategies; one needs to know what will happen without
maintenance to justify the expenditure on the activity.
Where can the required data be found? Presumably, none
exists, because no reasonable pavement manager would
allow the pavement to deteriorate in that way. We show that
maintenance has a large effect on the rate of deterioration
even after the jump-improvement is excluded. Hence,
deterioration equations that ignore this issue will strongly
underestimate the value of maintenance.

In summary, it is far from obvious which functional form
can be expected to fit a given in-situ deterioration process.
Bottom-up modelling from mechanistic foundations offers
a method for modelling the first phase of the life cycle, a
time when deterioration is natural and undisturbed by
maintenance (Walther & Wistuba, 2012), but it offers an
insufficient basis to determine a functional form for the
second and third phase of the life cycle. For all these
reasons, it is useful to have a method that can allow the data
to suggest the general shape that an in-situ, empirical
deterioration curve should take.
3 CALCULATION OF NON-PARAMETRIC
DETERIORATION CURVES
The construction of piecewise linear deterioration curves
proceeds in three steps. First, the average amount of time is
calculated, that is required for deterioration to cross a small
subdivision of the total condition range. This is a value with
the units t C . Second, that value is inverted to arrive at
a value with the units C t . This is the slope of the
required short line segments. Third, the line segments are
linked end-to-end to create the piecewise linear curve
across the whole condition range. We demonstrate the
method using a condition scale from Switzerland. The
method, however, is applicable for other condition scales
like the PSI and IRI. The only constraint is that the scales
be continuous and monotonic.

If one proceeds from the assumption that the premaintenance period is not the same physical process as the
post-maintenance period, then models should be
constructed to accommodate the difference. In the premaintenance period, the behaviour of pavements is natural
and undisturbed by interventions. However, once
maintenance interventions begin, one is measuring
something else. To model this problem parametrically, one
must not only make an assumption about the functional

3.1 Description of the condition scale used for examples
The Swiss condition scale (VSS, 2003) resembles the
present serviceability index, PSI, in that it is on a bounded
interval. However, the direction is reversed. Zero is the “as
new” end and five is the worst possible outcome. This scale
type is used in five distinct indices, each of which measures
a specific condition attribute. In this research, we use only
4

two of the five. The first is called I1. It is a composite index
of visible surface defects. The second is the I2 index which
expresses the degree of rut damage. The index scales are
linked to one another through normative meanings. These
are good, fair, adequate, poor, bad for the ranges [0,1], (1,
2], (2, 3], (3, 4], (4, 5] respectively. These normative
meanings impose a degree of consistencies across the
indices, even if the phenomenon themselves are quite
distinct. For example, some form of operational
maintenance is unlikely to be needed if any one of the
indices reach a values of around 1.5. Major repaving
interventions generally occur between levels 2.5 and 3.5.



tj =



 t

i = 0.1

i, j

(4)

Figure 1 depicts a non-parametric deterioration curve
constructed according to (4) for    0.1, 4.9 . The
depicted damage index, I1, is discussed in more detail later
in the text. Our interest here is only to show the general
result of the calculation method. Each segment is a short
line, but collectively, one can recognize a nonlinear shape.
If a parametric regression were to follow, then the
functional form would have to be able to represent this
shape.

If the 0 to 5 range is divided into disjoint subdivisions, each
having a length of 0.2 condition index units, then 25 distinct
subdivisions result. If the data is grouped by the
subdivisions, then an average rate of deterioration can be
calculated for each. Since the beginning and ending
condition levels of the subdivisions are known, combining
the slopes and the boundaries results in a small line segment
which approximates deterioration behaviour in each
subdivision. The construction of the PLCs amounts to
linking the segments end-to-end.
Figure 1 Example of a non-parametric deterioration curve

3.2 Basic calculation
Let each subdivision of the condition range be indexed by
the subscript i and adopt the convention that i is the
midpoint. Thus, for the subdivision [0,0.2), i = 0.1. The
average rate of deterioration for the subdivision i is

 C 
di = Average  k 
k i
 tk 

3.3 Data procedures
There is an important caveat in the construction of PLCs
due to the fact that di,j must be inverted and also because it
is empirically possible for di,j to be negative. Negative
slopes lead to a loop in deterioration rather than a
monotonically increasing curve. Even values that are
positive, but close to zero, cause implausibly slow rates of
deterioration. Observations of negative rates of
deterioration, i.e. that condition gets better over time in the
absence of a known maintenance intervention, is common
in the pavement deterioration literature (e.g. Chen &
Mastin, 2015; Gao et al., 2019; O’Leary & Walsh, 2018;
Perera, Byrum, & Kohn, 1998; Yang, Gunaratne, Lu, &
Dietrich, 2005). A widespread practice is for researchers to
exclude all data observations that are less than zero under
the justification that such observations must be wrong:
pavements do not get better on their own with age. We
disagree with this practice. The justification is
fundamentally incomplete. We demonstrate below that this
exclusion leads to upwardly biased estimates. The mistake
in the reasoning is to confound the observed data with the
deterioration itself. Even if it were true, that the condition
of a road could never improve except through interventions
– an argument that contradict various kinds of self-healing
(Little, Bhasin, & Darabi, 2015) – that still does not rule out
the possibility that two sequential measurements of
condition might show that the condition has improved. It is

(1)

where the subscript k indexes road sections, C is the
condition level, and t is a time in years. In later analysis, we
compare curves for subsets of the total data set, for example,
by the number of heavy vehicles per day. The subscript j
represents some subset of the data. This leads to a parallel
definition

 C 
di , j = Average  k 
ki , j
 tk 

(2)

Define s as the width of a condition subdivision. The
measurement units of s are those of the condition scale. We
use s = 0.2 throughout. The time required to deteriorate
across the subdivision is calculated by inverting d.

ti , j =

1
s
di , j

(3)

The time it takes to reach some specific condition level χ
for a subdivision j is

5

indeed a simple matter to generate observation of
apparently negative deterioration in a simulation, where the
true condition always gets worse, but measurement errors
are symmetric and sufficiently large. Actual inspection data
derives from a complex data generating process that
includes many distinct and significant error processes. See
(Kobayashi et al., 2012; Lethanh, Richmond, & Adey,
2016) for an extensive list. The problem for the excludenegative-observations rule is that it treats measurement
errors an asymmetric way, excluding only the negative one,
but retaining the positive ones. That practice is obviously
(!) biased. On the other hand, if there is good cause to
believe that a given observation is subject to an asymmetric
error, such as an unobserved intervention, and the exclusion
process can be carried out in a non-biasing way, then an
exclusion of that data is justified. These various possibilities
are discussed in detail below.

The vertical bars to the right of zero show what is left of the
original data after of all the negative values of u have been
removed. It is roughly half-normal and clearly biased.
Please note that the variate ϕ appears large in the figure
because it is shown before multiplication with I. Once
multiplied, the total impact can be seen in the difference
between the lines “Measurement” and “Joint”.
Two heuristic procedures were developed in an earlier
project to resolve this problem (Craig Richmond, Adey, &
Achilles, 2019). The first heuristic is to use an alternative
mechanism to filter out unobserved interventions.
Following the logic of instrumental variables (see G. Judge,
W. Griffiths, R.Hill, H. Lütkepohl, & Lee, 1985), one
creates a filter based on an observation that is not correlated
with the measurement error, but which is correlated with the
unobserved interventions. The second heuristic is based on
how data is assigned to ranges of i. These two procedures
are described sequentially below. The effects of the second
heuristic are explored in four simulations in Section 3.4.

3.3.1 Simulation of the bias caused by excluding all
observations of negative deterioration.
Figure 2 assumes a stochastic data generating process
Ck ,t = Ck*,t + uk ,t , where Ck*,t is the true deterioration
and Ck ,t is what the researcher finds in the data set. The
error term u combines three random distributions as might
be expected for condition measurements. At location k and
time t this is

uk ,t =  k ,t − I k ,t k ,t

3.3.2 A less biased filter for unobserved interventions
Frequently, more than one condition index is available for
any given section of pavement and this can be used to
develop a less biased filter to extract unobserved
interventions from the data. The basic idea is that two
measurements of different indices will share the impact of
maintenance interventions but not share their respective
measurement errors. How true this is in practice depends
both on the index types and the maintenance intervention
type.

(5)

The first distribution, ε, is a symmetrically distributed
normal random variate representing various measurement
issues. The use of a normal distribution can be justified by
the central limit theorem. The second distribution, I, is a
zero-one variate representing the occurrence or nonoccurrence of an unobserved maintenance intervention. The
third distribution, ϕ, is uniformly distributed and always
negative. It represents the magnitude of the condition
improvement of the unobserved, minor interventions. The
general problem faced when estimating deterioration is to
calculate an unbiased estimate of Ck*,t given the error
process u.

Our data set included both a measurement for general
surface defects and a measurement for rutting in most cases.
The former is the I1 and the latter is the I3. The I1 considers
cracking, ravelling, potholes, plastic deformations, and
other visible surface defects. These two indexes can largely
be assumed to have independent measurement errors
although this is not completely true. Rutting is one of the
visible defects included in I1. The empirical correlation
between the two indexes with respect to observed changes
in condition was only 0.19 in our data. This includes any
correlation that results from being affected by the same
damage factors, for example, by traffic. This means that the
measurement errors must have an even lower correlation
than 0.19. Therefore, it is reasonable to use the I3 values to
filter the I1 values and not to expect a substantial bias in the
results. The justification is parallel to the use of
instrumental variables in empirical modelling generally.
The filtering process was as follows. If the change in the
value of I3 at section k was large and negative, then this was
interpreted as evidence that a maintenance intervention had
taken place. Therefore, the pair of I1 observations at that

Figure 2 Illustration of the error types and their combination
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location was excluded. Symmetrically, if the I1 data
generated a large negative value, then the pair of I3
observations at that location was excluded. Concretely, a
change that was more negative than -0.2 was considered
large and resulted in the exclusion of the observation of the
opposite index.

calculation. The same cannot be said of the unobserved
interventions, which do not follow a zero mean, normal
distribution. This consideration led to a second filter rule:
exclude observations where the change was more negative
than -0.5.
Table 1 reports summary statistics of our data after the
filtering had been applied. One can see that the mean
change between two observations is around +0.46 condition
units considering both indices. The standard deviation of
the joint error around this mean is around 0.57. These values
yield potential cut-offs: -0.11 and -0.68; as reference points.
These are 1 and 2 standard deviations beneath the mean,
respectively. We implemented a standard cut off at -0.5 for
both indices. Relative to the values in Table 1, this is 1.67
standard deviations from the mean or the 95 th percentile of
the distribution.

In addition to this filter, and in contradiction to the previous
argument that own-value based filters bias the results, a
second filter excluded all very large negative changes of the
index itself. To assess the likely biasing impact, we refer to
Figure 2 where the standard deviation of the random
measurement error is 0.15. The exclusion of negative
observations that are, for example, greater than two
standard deviations below the mean (-0.3) cannot have a
large biasing impact because, at that point, the measurement
errors have a minor weight in any weighted average

Table 1 Descriptive statistics of the filtered data set having both I1 and I3 observations
Condition
Measure
Index I1
Index

I3

Observation

Mean
Change
(Index
Units)

Standard
Deviation
(Index Units)

Average
Interval
(Years)

Surface Defects

216228

0.49

0.60

3.9

Rutting

216228

0.43

0.54

4.6

Damage
Type

be the same regardless of the location of the sample along
the condition scale. However, given either monotonically
increasing or decreasing deterioration behaviour, steeper or
flatter slopes will be assigned upwards or downwards along
the condition scale. One cannot know which case applies
until after the shape of the curve has been identified. In the
absence of other considerations, an assignment using the
midpoint is preferred, because it will be closest to the
resulting sample mean.

3.3.3 Heuristic to further exclude unobserved
interventions
The piecewise linear method proceeds by 1) calculating a
slope of deterioration between sequential condition
observations, 2) assigning slopes to a subdivision of the
condition scale, and 3) calculating the average slope within
the subdivision. To make the following concrete, imagine
two observations represented as the pair 0.5, 0.9 and a
division of the condition scale with endpoints
0, 0.2, 0.4, 0.6, 0.8, 1.0, . It was natural initially to
assign the pairs to subdivisions based on the first value,
which is here 0.5. That is, the pair would be assigned to the
subdivision [0.4, 0.6). But there is no necessary reason for
assigning a pair of values in this way. One could equally
well use the ending observations, 0.9, and assign the
observation to the subdivision [0.8, 1.0), or use the
midpoint, 0.7 and assign to [0.6, 0.8). In other words, there
is more than one way to map a sample of observations to a
given set of subdivisions. The latter is probably the best
choice, all else equal. The other approaches tend to shift the
sample means upwards or downwards along the condition
scale relative to their subdivision. The direction of the bias
depends on the second derivative of the curve.

In testing these options, assigning by the beginning,
midpoint, or endpoint, a surprising results became apparent.
The assignment rules can be used as a second filter to
exclude unobserved maintenance interventions. It works
because of two mutually reinforcing features of the data:
errors from unobserved interventions are always negative
and interventions are concentrated in the mid-condition
ranges. A case was shown in Figure 1. The fact that the
interventions are concentrated in the middle leads to a
shifting of heavily affected mid-range observations to the
left using the beginning value to assign pairs and to the right
using the ending value. Because the errors from unobserved
maintenance are always negative, samples that are more
heavily affected will have a lower mean. Since there are two
assignment rules, by the beginning value or the ending
value, one can create a third rule, which we will call the
Max-Value Rule, that selects the larger of the two mean

Under the assumption of linear deterioration, one would
expect no impact at all. The average sample slopes should
7

slope estimates for any given subdivision j. The assignment
by the beginning value is called the Begin-Point rule. The
assignment by the ending value is the End-Point rule.
A simulation framework is adopted to test the impact of
assignment rules on the resulting PLCs. Since the
underlying deterioration behaviour and the nature of the
error terms are known in a simulation, any bias can be
calculated or viewed directly in figures.
3.4 Simulation study of the heuristics

Figure 3
Estimated deterioration rates per subdivision;
Case: Only measurement error

The results of four simulations are shown in Figures 3 to 7.
The figures proceed from simple to complex. At each step,
an additional feature is added. Parameter values were taken
from Table 1, index I1. None of the simulations included a
filter rule to exclude negative deterioration values. The
simulations only test the three assignment rules.

One can see in Figure 3 that both rules lead to subdivision
deterioration estimates that appear to be randomly
distributed around the true value, except for behaviour near
the bounds of the interval. The boundary effect is not
symmetric. At the lower boundary, the End-Point rule
underestimates deterioration. At the upper boundary, the
Begin-Point rule underestimates the boundary. This is
caused by the truncation at the boundary of the assumed
normally distributed error term. We did not investigate the
added complication of bounded error terms. However, this
boundary problem also affects parametric estimation in a
parallel fashion if the target condition indices are bounded.
We are unaware of a statistical treatment of the issue in the
pavement deterioration literature. Although a treatment in a
simulation context is straight forward, it would have led to
many questions about the specific choice distribution,
which go beyond the purpose of this research. We leave the
topic to future research. By fortunate coincidence, however,
the boundary effect always lowers the average deterioration
rate and only affects one estimate at each boundary. The
Max-Value rule, therefore, circumvents the problem by
selecting the larger of the two. One can see in Figure 3 that
one of the two values always lies near the assumed mean.

Case 1 combines a deterministic linear deterioration process
with a zero mean, normally distributed random
measurement errors. Case 2 adds a random variable to the
deterioration process, which simulates heterogeneity in the
deterioration process. The trend of the deterioration process
is still linear, but the rate of deterioration across road
sections is stochastic. Case 3 adds a randomly generated
unobserved intervention. Finally, Case 4 replaces the linear
trend in the deterioration model with a non-linear trend.
Case 4 simulates the possibility that some maintenance
interventions slow the rate of deterioration in addition to
causing a jump shift in condition.
The goal of the simulations is to investigate whether the
Max-Value rule gives reasonable estimates of the assumed
deterioration process in all the cases. This turns out to be
the case.
Case 1: Linear deterioration, Symmetric measurement
error
We present two figures from this simulation. The first,
Figure 3, shows the raw deterioration estimates from the
three assignment rules before they are accumulated into a
piecewise linear curve. Figure 4 shows the resulting curves.

Figure 4 Non-Parametric deterioration curves using alternative
assignment rules

Figure 4 shows the non-parametric deterioration curves.
One can see the effects of the boundedness at either end.
The solid line is the true, modelled process. The Max-Value
rule has a slight positive bias, but the more important aspect
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 Uniform  0,1 . The indicator random variable is defined

is that it recovers the form of the deterioration process
accurately. Here the form is linear. Other than the boundary
problems, the other two rules also recover the deterioration
model accurately. The bias problem seems reasonably small
when compared to the modelled uncertainty, which has a
standard deviation of 0.6 units over four years. The
maximum observed variation between the Max-Value rule
and the true model is 0.27 condition units. The End-Point
rule is clearly not viable for the first part of the deterioration
curve.

as

1 if xk ,t  k ,t 
I k ,t = 

0 Otherwise 

(7)

This led to an average rate of occurrence over all road
sections of 9.6% and an average magnitude of interventions
of 0.55 condition units for the values α1 = 0.3 and α2 = 6.
The values were selected by trial and error to achieve
plausibly realistic values for intervention occurrence and
magnitude. A sensitivity analysis that included doubling
and halving the parameter levels did not change the
qualitative results, which are shown in Figure 6.

Case 2: Linear trend, Symmetric measurement error,
Stochastic deterioration
A multiplicatively interactive random variable is introduced
relative to the deterioration rate. Nothing else is changed.
The random variable follows a lognormal distribution to
ensure that the deterioration rate remains positive. The
standard deviation is set at 20% and the mean is set to zero.
If the standard deviation were reduced to near zero, this
model collapses back to Case 1. The results shown in Figure
5 are similar to Case 1.

Figure 6 Alternative assignments;
maintenance interventions

adding

unobserved

Adding the strictly negative unobserved interventions
results in a downward bias for all three rules. Otherwise, the
results are similar to the first two cases. Excluding the
boundary problem, all rules recover the linear deterioration
form. The Max-Value rule has the smallest negative bias.
Figure 5 Alternative assignment rules; adding uncertain rates of
deterioration.

Case 4: Non-Linear trend, Symmetric error term,
Stochastic deterioration, Stochastic unobserved
intervention

Case 3: Linear trend, Symmetric measurement error,
Stochastic deterioration, Stochastic unobserved
intervention

We replace the linear trend with a non-linear, s-shaped
curve trend. We choose this particular form because it arises
in the empirical cases shown in Section 4. The s-shape has
the additional advantage of including a portion of
decreasing and a portion of increasing rates of deterioration
and thus covers both convex and concave forms.
Deterioration itself remains stochastic. The s-shape is
implemented by adjusting the mean of the stochastic
distribution. As condition approaches the mid-range values,
the mean is reduced towards zero. Thereafter, the mean is
increased. The simulation is otherwise unchanged from
Case 3. Because we are not filtering out unobserved
observations, the simulations become susceptible to nearzero or negative deterioration estimations. To avoid this, it
was necessary to increase the number of the simulated road

An unobserved intervention has been added to the previous
simulation holding all else constant. The occurrence of the
intervention, I  0,1 , and the size of the intervention, ϕ,
have been modelled as stochastic processes as defined in
equation (5). The occurrence of the intervention uses a
trigger variable, x, centred on the condition level of 2 in
order to replicate lower rates of interventions before and
after the mid-condition range.

xk ,t = 1 − Abs  2 − Ck ,t  /  2

(6)

The parameters α1 and α2 jointly determine the spread and
frequency of the interventions. The determination of the
occurrence uses a uniformly distributed variate,
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sections by a factor of 12 (10000 vs 800). The larger number
leads to smoother curves but no change in the qualitative
results.

exposures to influencing factors can be observed over the
life cycle, and 3) the shape of the observable deterioration
behaviour suggests a large but differentiated impact of
maintenance interventions in interaction with other
influencing factors on the length of service life.
The examples share an underlying theme about pavement
deterioration. This is, that climate-related factors may have
a greater relevance in determining the length of service life
than is normally presented in the literature. At least in our
data set, the climate factors seem to play an even greater
role than traffic. Other data sets also support the importance
of climate factors (Anyala et al., 2014; Khattak, Nur,
Bhuyan, & Gaspard, 2014; Wu et al., 2019).

Figure 7 Alternative assignment rules; adding an S-shaped
deterioration curve and a larger sample size

4.1 Description of the data set
The data set used for the non-parametric curves is described
in detail in Craig Richmond et al. (2019). We provide a
short summary here. Cantons in Switzerland are political
sub-divisions that maintain an intercommunal network of
roads. The largest canton owns and maintains more than
2000 km of road, the smallest less than 100 km. Switzerland
is small relative to most countries, but it has considerable
climatic variation. Two mountain ranges divide the country
into multiple climatic regions. As with most countries,
Switzerland can also be subdivided along the spectrum of
population density. There are regions with urban centres
and corresponding high traffic loads and regions with
dispersed populations and low traffic loads. This twodimensional differentiation by climate and traffic results in
a rich data set that is advantageous for a comparison
between the relative effects of axle loading versus climaterelated loading. At the same time, all the Swiss cantons
share a common set of road design and construction
standards. These are conservative standards based on the
AASHTO 1993 Guidelines. They result in relatively thick
pavements (VSS, 2011). The complete data set had 358,000
records for which four observations were simultaneously
available as shown in Table 2. These values are before any
filtering was done. Two observations were needed to
calculate the difference in the I1 and two were needed to
calculate the difference in I3. As previously described, the
indices measure general surface defects and rutting
respectively. The need for both pairs was for filtering as
described in Section 3.3.2. This very large number of
observations is particularly useful in the piecewise linear
approach.

As in the previous three cases, the Max-Value rule provides
a reasonable representation of the modelled deterioration
process. It is also closer to the model in absolute terms.
We interpret the simulations first and foremost as a
confirmation of the ability of the piece-wise linear curves to
recover the form of an underlying deterioration process. We
further conclude that the Max-Value rule is to be preferred
over the other rules for stochastic deterioration processes
like those we have simulated. This rule reduces the
unwanted effects of error structures that are likely to exist
in infrastructure deterioration data. There is, however, a
tendency to produce a small positive bias. We see this as a
small defect. The goals of the method are primarily
qualitative. We are interested in the shape of the
deterioration behaviour as well as relative statement about
the impact of influencing factors. We now proceed to show
curves constructed from actual in-situ data.
4 PIECEWISE LINEAR CURVES TO EXTRACT
ADDITIONAL OBSERVATIONS FROM THE
DATA
Having demonstrated how the PLC method can recover the
shape of deterioration behaviour over the life-cycle of a
long lived asset, even if only two inspection observations
are available, we now turn to the second and third purposes
of the PLC method listed in the introduction. These are the
exploration of hypothesis about the data without specifying
a functional form and the generation of a set of dependent
variable values to test a model of the length of service life,
when such values are otherwise missing. After a brief
description of the data set used to construct the curves, we
provide three examples and discuss the qualities we find
novel. The qualities can roughly be summarized as follows:
1) it is possible to recover long term deterioration behaviour
even in absence of age data, 2) the impact of increasing

In a parametric approach, the effect of an influencing factor
is captured by the introduction of a variable measuring the
exposure to the factor. Each additional variable requires
some additional observations to achieve the same certainty
of estimation, but one does not normally need to double the
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data to achieve similar statistical certainty after adding one
additional influencing factor. The PLC method is far more
data intensive than a multivariate regression. In fact, for
each exposure level to an influencing factor, a complete
data set is required to construct an independent curve. One
advantage of this is that the curves are statistically
independent, being based on completely separate data. We
return to this aspect in section 4.4. The subscript j in
equation (4) stands for these divisions of the total data into
disjoint sets. Each curve presented below required on the

order of 10000 observations. This number would only be
1000 if the road sections were uniformly distributed over
the condition range, and if each of the 50 subdivisions
required only 20 observations to calculate the mean. In
practice, the data is far from uniformly distributed. In order
to have 20 observations at the higher condition
subdivisions, the lower subdivisions had up to 400
observations. This is an attribute of the empirical road
networks and it cannot be changed by the researcher.

Table 2 Number of observations in the data set
At least one
observation
I1 Index

At least
one pair
I1 Index

One pair of
both I1 Index
and I3 Index

Count Observations

647,000

574,000

358,000

Total Length (km)

16,494

14,809

8972

Statistic

The level of traffic that a road actually experiences is not a
random occurrence; it is expected when the road is
designed. The design of a road is therefore endogenous. The
same is true of the subsequent deterioration behaviour.
Thus, there is no necessary contradiction in the fact that two
extreme loading cases (high and low), ‘0 – 200’ and ‘> 800’
are not also the extreme deterioration cases (fast and slow).
This may reflect a design choice. For example, roads with
higher traffic loads may also generally have higher speed
limits, making the need to prevent rutting of greater
concern. The PLCs reflect the net result of all the processes
leading to observable, in-situ performance.

4.2 Observing the impact of heavy vehicles on
deterioration
Our first example compares two cases, both of which are
subdivided by the degree of exposure to heavy vehicles.
These are measured by the average annual daily truck
traffic, AADTT. The first case, Figure 8, shows a set of
PLCs based on the rutting index, I3. Here the curves create
a clear pattern that is in accordance with intuition. The
second case, Figure 9, repeats the same exercise except this
time using the damage index I1, which considers all visible
surface defects – including rutting. In the second case, the
pattern does not fit intuition. In fact, no clear pattern arises.

Third, patterns can be identified in the shapes of the
deterioration curves. All the curves show, to a slight degree,
an s-shape. One can also see a separation between the
curves roughly from year zero. This may not be surprising,
but the separation-from-zero pattern will not be found in all
the sets of curves.

4.2.1 Heavy vehicles and rutting deterioration
Figure 8 shows a set of PLCs using the index I3. The data
set was first subdivided into five parts by AADTT and then
separate curves were constructed according to equation (4)
with j indexing the degree of exposure to AADTT. The
filtering procedure presented in Section 3.3.2 and the MaxValue rule were applied. One can see that it is possible to
construct a depiction of deterioration behaviour over the life
cycle. These appear regular and non-random. Second, one
can observe a reasonable correspondence between the speed
of deterioration and the exposure to the influencing factor,
heavy vehicles. We use the condition level 3 as the terminal
state to calculate the length of service life up to that state.
The roads having between 200 and 400 AADTT last 35%
longer than roads having between 600 and 800: 37.6 versus
28.0 years respectively. The absolute difference is 11.6
years.

Figure 8 Non-Parametric deterioration curves of rutting
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4.2.2 Heavy vehicles and general surface deterioration

to create curves based on the degree of exposure to the
influencing factor, heavy vehicles. However, in this case,
no consistent ranking results. The length of service up to a
condition of 3 is spread over only 3 years from a low value
of 21.3 to a high value of 24.3. This is much less than the
11.6-year spread in the rutting example. The mid-ranges of
AADTT have the shortest service lives. The second highest
exposure and the lowest exposure tie for the longest service
life. No clear pattern can be identified.

Whereas Figure 8 provides a reasonable match to
expectations, Figure 9 is surprising. Figure 9 repeats the
same experiment as Figure 8 except that the index I1
replaces I3.
Again, the piecewise linear method can depict the
deterioration process over the life cycle and these curves
have a consistent, non-random, shape. Second, it is possible

Figure 9 Non-Parametric deterioration curves of general surface damage

Third, despite the lack of correspondence to the degree of
exposure, the s-shape is clearly visible in all the curves. The
s-shape is more clearly defined than in Figure 8. Overall,
one is struck by the similarity of the five curves, which is
not an obvious result, since these five curves are based on
independent data sets. The consistency lends support to the
piecewise linear method in general and to the robustness of
the finding, that the s-shape reflects a feature of the
deterioration process that generates this data set.
Surprisingly, in distinction to Figure 8, the curves do not
separate from year zero. What little separation does occur,
happens later in the life cycle.

4.3 Using natural experiments to explore influencing
factors.
One can use the non-parametric method to explore the
effect of influencing factors through indirect means. For
example, one can use naturally occurring experiments to
explore the effects of some influencing factors. We present
some examples related to temperature and to temperature
change on in-situ deterioration behaviour. One proceeds as
above and divides the data along the lines of the natural
experiment and then observes the differences in shape and
slope of the resulting curves.

We interpret the evidence from Figure 8 and Figure 9 as
confirming the ability of the PLC method to recover the
shape of the underlying process in a reliable way. The
figures also confirm, through their differences and internal
consistency, that the method leads to observations that are
non-obvious and not otherwise available.

Switzerland has many bridges and tunnels as well as many
areas where roads are protected from sunlight by either a
mountainside or by forest cover. Since traffic is unaffected
by these conditions, a natural experiment results where the
exposures to climate-related variables differ while traffic is
held constant. If the variable factors are important, then the
resulting curves will display a clear and consistently
differentiated pattern as with the rutting example. If they are
not, no clear differentiation will result.

Although intuition suggests that a larger number of heavy
vehicles should be strongly correlated with shorter service
lives in both cases, this is not what the figures show. Figure
8 demonstrates the ability of the method to identify
differences, when they are present. Figure 9 demonstrates
that the I1 does not lead to identifiable differences under the
same circumstances. For a parametric model of this data set,
both figures recommend the use of a mathematical model
that is capable of taking an s-shape.

If the tunnel is sufficiently long, then the pavements will not
be subject to rainfall, annual temperature variation, or daily
temperature amplitude. On bridges, the pavements are less
exposed to temperature-induced stresses because the
foundation is expanding and contracting along with the
pavement. Forest coverage reduces the daily amplitude of
temperature by providing shade, but it provides no
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protection against the seasonal temperature swings or
rainfall. None of these cases are the equivalents of
laboratory experiments, where only the factor is varied.
Their advantage is that they occur naturally and are
provided to researchers free of charge. The results are
indicative. Negative results, such as the lack of separation
in Figure 9, provide stronger evidence. But even the
positive cases, for instance those that show a clear and
consistent differentiation between curves, give strong
evidence that something about the environment matters.
But correlation is not causation, further investigations must
be made to confirm what is suggested in the PLCs.
Examples are given in Figure 10 and Figure 11.

measure damage. In the bridge group and the other group,
the s-shapes can be observed.
Figure 11 shows the result of a second natural experiment.
It compares average deterioration depending on the degree
of forest coverage. The boundaries between the three
subdivisions of the data were set at 30% and 70% forest
coverage. The spread in Figure 11 is not as wide as in some
of the other figures, but the separation between the curves
is still distinct. The three groups reach a condition of 3 at
23, 24 and 27 years respectively, a difference of 17% from
lowest to highest. The ranking is consistent with the
hypothesis that forest coverage reduces daily temperature
amplitude and therefore slows deterioration. As with
tunnels, the difference in deterioration rates can be seen
from the outset. Beginning at a condition level of 1.5, there
is a slight s-shape. It is followed by a third phase where the
rates of deterioration across the groups appear to be roughly
similar. Apparently, whatever advantage the forest cover
provides, the effect is lost once a condition of roughly 1.5
has been reached.
4.4 Creating data to test models when it otherwise does
not exist.
In Section 2.2 we argued that the PLCs are also sample
statistics of the data and these can be used to test predictive
models. In this section we present an example. In principle,

each node on a curve is a sample statistic. If χ = 3, then t j
is a data-based observation of the time it takes to reach the
condition 3. Like a sample mean, this statistic has stochastic
properties. It has a variance; it may be biased. We leave a
study of the properties to future research. Our purpose here
is only to provide an example of its use.

Figure 10 Deterioration curves for tunnels, bridges and other

In a previous project (Craig Richmond et al., 2019), a
predictive model for the Swiss I1 index was developed. It
predicted the expected time required to reach χ = 3. The
modelled value is referred to here as the I1E. The value is
arrived at by evaluating a closed-form equation. The
independent variables of the I1E equation are 1) four climate
variables that describe the local stochastic distributions of
temperature and temperature change, and 2) the number of
heavy vehicles. The modelled values vary continuously
over space, which leads to a rich and varied set of
predictions in a situation like Switzerland. Further details
on the model can be found in English in (C. Richmond et
al., 2018).

Figure 11 Deterioration curve for the degree of forest coverage

Figure 10 provides evidence through the spread of the
curves that pavements in tunnels and on bridges deteriorate
more slowly than pavements that are neither in tunnels nor
on bridges. The pavement in the tunnel group lasts 50%
longer than the ‘other’ group: 33 versus 22 years up to a
condition of 2.8. The reason that the curve for the tunnel
group ends at the level 2.8 is that there were not enough
observations from tunnels with a condition worse than 2.8
to estimate the higher ranges. The pavements in the bridge
group last 10% longer. An interesting feature of both the
bridge group and the tunnel group is the lower slope from
year zero. This is true despite the use of the I1 index to

A strategy for testing the model is to first divide the road
condition data by the calculated I1E value as was done in the
earlier figures using AADTT. All the locations will be
assigned to the same data-subdivision j, if they share the
same or similar I1E values. That is, the subdivisions reflect
the model predictions. If the resulting curves reveal a clear
13

and differentiated ranking, and the rankings correlate well
to the mean I1E of each subdivision , then that is evidence in
favour of the I1E model. The process is not dissimilar to
testing whether higher levels of exposure to heavy vehicles
leads to higher rates of rutting damage, by comparing the
average rate of rutting between roads with heavy traffic and
roads and low traffic. The only difference is that the I1E is a
model. If the subdivisions have similar means, then the
model is not succeeding in predicting rates of deterioration.

Deterioration appears to be roughly linear. In the second
phase, between the conditions 1.5 and 2.5, there is a distinct
flattening of the deterioration behaviour. In the third phase,
after a value near 2.5, the rate of deterioration increases at
an increasing rate.
Perhaps the most interesting observation that can be seen in
the shapes of the curves is that most of the eventual
variation in the length of service life occurs in the second
phase. We hypothesize this reflects the differential
longevity of smaller maintenance management activities,
which are concentrated in the mid-condition ranges. More
challenging climates for roads in general, are more
challenging with respect to maintenance activity in
particular. One might call this attribute a difference in
maintainability. It can be picked up in a parametric model
that interacts climate variables with the second service life
phase in some fashion. If the three-phase structure is
ignored in a parametric model, then estimations will be
imprecise and statistically less certain.

Figure 12 presents the curves for this test. The subdivisions
comprise equally wide ranges of I1E values, but the number
of observations in each subdivision varies considerably.
Group 1 includes all those locations having the shortest
predicted service lives and Group 9 the longest. Group 7 is
missing because there were insufficient locations with that
particular level of I1E values to construct the curve. With the
exception of Group 5, the ranking of curves matches the
ranking of I1E values almost exactly. For the formal
statistical test of the I1E values, the data was divided into
groups containing an equal number of road sections, but still
ordered by I1E. It led to 35 curves and a stronger test. It was
possible using this method to demonstrate a highly
statistically significant relationship between the I1E values
and the empirical speed of deterioration (Craig Richmond
et al., 2019).

We conclude from all three examples, that the PLC method
offers researchers a new and interesting tool for exploring
data prior to doing a parametric estimation. In particular, it
provides a basis for selecting a functional form for a
deterioration process, which, in the in-situ case, has many
plausible forms. It also provides a means to identify key
influencing factors and it can suggest how the interaction
should be specified amongst the numerous mathematical
options. Finally, the method enables the construction of
dependent variables to test models that may otherwise not
be available.
5 CONCLUSIONS AND IMPLICATIONS
A non-parametric methodology for deriving curves to
represent the deterioration behaviour has been presented. It
falls into the category of piecewise linear models. The
methodology is first applied to a simulated data set. It has
been demonstrated that the so-called Max-Value rule leads
to reasonable results. The results have been shown to
include a small positive bias. The Max-Value rule has an
additional advantage as an effective filter on unobserved
maintenance interventions, when these are concentrated in
the mid years of service life.

Figure 12 Non-Parametric deterioration curves using a combined
index of climate and axle load as difficulty factors.

As in the earlier figures, the PLC method permits an
analysis of the shape and spread of the curves. The spread
between the fastest and slowest at χ = 3 is 11 years. The
grouping of the I1 index by AADTT only resulted in a 3year spread. Apparently, there is a systematic variation in
the rates of deterioration in underlying data, but this cannot
be found using AADTT alone. By including climate factors
as well, a far better identification of geographic locations
where road service lives can be expected to be short is
possible.

The piecewise linear method was then applied to a large
data set from Swiss cantonal roads. It led to different shapes
and degrees of separation between curves. The curves have
an overall consistent, non-random appearance. Some
groups of curves separate into distinct and consistently
ranked curves that reflect the degree of exposure to the
influencing factor. Others do not separate, but still have a
consistent overall appearance, suggesting they are random
draws from the same basic distribution. Taken together, the

Further, Figure 12 indicates a three-phase, s-shaped, life
cycle pattern. In the first phase, between conditions 0 and
1.5, deterioration occurs at similar rates across all groups.
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method recovers the shapes of the underlying deterioration
process and, if an influencing factor has a sufficiently large
effect, a ranking according to the exposure to the
influencing factor will result.

Generally, we conclude that the presented non-parametric
method is a useful way to explore the deterioration
behaviour within large data sets having a relatively short
time coverage and no data on the age of the pavements. An
interesting topic for further research would be a direct
comparison between non-parametric and parametric
calculations if an appropriate data set can be found. It would
have to be both very large and contain multiple condition
measurements at each location. Further, it would have to
contain the pavement’s absolute age at each section.

Factors related to climate were consistently shown to have
a significant influence in this data set. Surprisingly, the
same could not be shown for heavy vehicles with the
exception of rutting. This presumably reflects the
endogeneity of road structural design and the fact that
traffic loading versus bottom-up fatigue failure has a
sufficient engineering solution. It was shown that the
method can use natural experiments to investigate the
potential importance of influencing factors if a correlation
exists to some identifiable feature of the road environment.
Tunnels, bridges, and forest cover are examples.
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It was demonstrated that the method can generate otherwise
missing values of dependent variables to test a model of the
length of service life. The specific example generated a set
of curves that are widely spread and consistently ranked.
The shapes suggest a three-phase model of deterioration
behaviour. The greatest differentiation occurs in the second
phase when the minor maintenance activity is likely to be
most intense. This suggests maintainability as a key
variable for future research in deterioration modelling.
Whether these characteristics extend to other data sets
remains to be tested.
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