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This study applies sigmoidal models to predict pavement condition index (PC/)
deterioration over time for residential and non-residential (main, collector and
industrial) streets using pavement condition data from Skelleftea Municipality,
Sweden. The dataset includes windshield-survey pavement assessments
conducted in 2014, 2018 and 2022. Two modelling configurations were
applied: temporal models calibrated using 2014 and 2018 observations to
predict 2022 PC/ ratings, and full dataset models developed using all available
observations to represent overall deterioration behaviour. Separate sigmoidal
curves were developed for residential and non-residential streets, as well as
for the specific maintenance-treatment categories applied exclusively to non-
residential streets. Sigmoidal curves for residential streets showed lower
predictive performance and higher variability, potentially associated with
heterogeneous pavement conditions, inconsistent pavement age and localized
utility cuts, whereas sigmoidal curves for non-residential streets demonstrated
comparatively better predictive capability due to more consistent deterioration
patterns. Model performance also varied across maintenance-treated pavement
surfaces, partly due to limited sample sizes. Sigmoid best-fit curves for street
pavements treated with special treatments (ST) showed the highest predictive
performance, while milling and resurfacing (MR)-treated pavements
demonstrated relatively good agreement with measured PC/ ratings. Surface
levelling (SL) is a relatively low-cost treatment and may be suitable for earlier
stages of deterioration, although traffic and pavement characteristics should also
be considered when selecting treatments. Differences in unit cost between
treatment types are considered only for contextual interpretation. Overall,
sigmoidal curves may support more timely maintenance planning in data-
limited municipal pavement management and reduce the need for major
reconstruction.

KEYWORDS
municipalities, pavement condition index, performance prediction, sigmoid model,
street maintenance

1 Introduction

Pavement management is essential for maintaining municipal street networks to
ensure user safety and network functionality, thereby providing the necessary means
for social and economic development in a region. This requires an efficient pavement
management system (PMS) to improve decision-making in the selection of pavement
maintenance alternatives (Gomes Correia et al,, 2022; Zhao and Wang, 2023).
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Nevertheless, predicting the optimal time for maintenance and
rehabilitation remains challenging due to limited budgets and
resources (El-Khawaga et al., 2020). Pavement degradation
models are therefore an essential part of the PMS to reflect
the accurate pavement condition of street pavements (EI-
Khawaga et al., 2020; Marcelino et al., 2021). Implementing
such models can support more efficient use of the available
budget and maintain the desired level of service across the
street network.
Effective
condition assessments at regular intervals, along with proper
data.
completeness of the required data are essential for the PMS

pavement management requires pavement

documentation of the pavement Accuracy and
(Hosseini and Smadi, 2021). These assessments facilitate the
monitoring of pavement deterioration over time and the
evaluation of maintenance alternatives under varying traffic
and climatic conditions. Additionally, pavement condition
data is essential for reviewing pavement maintenance
strategies and optimizing budget allocations (Grau et al., 1991).
The choice of maintenance strategy determines how the
budget is allocated to keep the street pavement network in
optimal condition. Due to limited budgets and resources,
many small pavement administrations often adopt a reactive
“worst-first” maintenance strategy (Zimmerman and Peshkin,
2003), prioritizing the pavement segments that have
deteriorated the most (Chu and Huang, 2018; Menendez
et al., 2013; Serra et al., 2018; Vitillo et al., 2012). However,
this strategy delays necessary maintenance during the early
stages of pavement degradation, which may lead to more
extensive deterioration over time (Chang et al., 2017). As a
result, the need for pavement reconstruction increases,
ultimately raising maintenance costs. Moreover, the
maintenance budget may be concentrated on a limited
number of pavement segments, thereby increasing the
backlog of deferred maintenance under reactive maintenance
practices. In contrast, proactive maintenance strategies involve
more strategic planning and efficient budget use in routine
maintenance activities (Zofka, 2018). This approach aims to
address minor defects before they develop into major distresses,
thereby extending pavement service life and ensuring safety and
ride quality for road users (Chan et al., 2011). Proactive
maintenance strategies typically include crack sealing to
prevent water infiltration into the pavement and subsequent
damage, thin resurfacing to restore pavement surface condition
and improve skid resistance, and asphalt milling followed by
resurfacing to correct pavement irregularities and preserve
structural integrity (Chan et al.,, 2011; Hicks et al., 1999).
Pavement deterioration may be structural or functional over
time and can be expressed through several performance
(Shahin, 2005). The

pavement is an important element of PMS to enable timely

measures regular assessment of
maintenance activities (Ibrahim et al., 2020). A pavement
condition index (PCI), which reflects composite surface
(Shahin, 2005), is a
performance measure in PMS (Shahin, 2005; Ibrahim et al.,
2020; He et al., 2017; Hu et al., 2022; Issa et al., 2022; Kirbas and
Karagahin, 2016; Piryonesi, 2019). The PCI serves as a reliable
indicator for

deterioration commonly utilized

pavement administrations to prioritize
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maintenance and make informed decisions regarding
pavement preservation (Shahin, 2005).

Models for predicting pavement deterioration are widely applied
in pavement management at both municipal and highway levels
worldwide. These models have been categorized in several ways
(Hu et al, 2022). For instance, AASHTO has classified the
pavement deterioration models into four types: deterministic,
probabilistic, Bayesian and subjective (or expert-based) models
(AASHTO, 2012). In this context, deterministic models can be
further classified into empirical, mechanistic and mechanistic-
empirical. However, such models have only been categorized into
deterministic and stochastic types (Amin, 2015). Deterministic models
predict a specific pavement condition rating or the time required to
reach a condition threshold, typically based on regression analysis,
while probabilistic models estimate the probability of pavement
conditions deteriorating from one level to the next (Chen and
Mastin, 2016). Although pavement deterioration is influenced by
factors such as traffic volume, materials and climate, probabilistic
models require large and detailed datasets that are often not available in
municipal PMS, as is the case in this study. Therefore, probabilistic
models are difficult to apply in data-limited conditions. The
deterministic empirical model is the one most commonly applied
as part of PMS (Basnet et al., 2023; Zhao and Wang, 2023), particularly
for predicting PCI at the pavement segment level, due to its simplicity
and flexibility in developing and optimizing the models over time (El-
Khawaga et al,, 2020; Kirbag and Karagahin, 2016; De Melo E Silva
et al., 2000; Sadeghi et al., 2017). However, in deterministic empirical
models, the input data must be abundant and of high quality, as the
model’s accuracy depends highly on the quality of the input data (De
Melo E Silva et al., 2000; Hu et al, 2022). Various forms of
deterministic models have been used for predicting pavement
performance, including straight-line extrapolation (linear), S-shaped
curves (sigmoid), polynomial-constrained least squares, and logistic
growth models (El-Khawaga et al., 2020). The study presented here is
limited to the application of the sigmoidal model.

This study applies sigmoidal models to predict the deterioration
of PCI over time for flexible asphalt concrete pavements at the
municipal level using pavement condition assessment data
conducted in 2014, 2018 and 2022 through the windshield survey
method in Skellefted municipality, Sweden. While sigmoidal models
for pavement deterioration are well established in the literature,
their application in municipal pavement management systems
remains limited, particularly when datasets are sparse,
incomplete, and lack explanatory variables such as traffic and
climate data. In this context, two modelling configurations were
employed: temporal models, calibrated using 2014 and
2018 observations to predict 2022 PCI ratings, and full dataset
models, developed using all available observations to represent
overall deterioration behaviour across the full observation period.
Separate sigmoidal deterioration curves were established for
residential and non-residential (main, collector and industrial)
street pavements to predict the 2022 PCI ratings. Furthermore,
maintenance-treatment-specific sigmoidal curves were developed
for non-residential streets by grouping the dataset according to
treatment type, enabling comparison of deterioration behaviour
across treatments. The objective of this study is to model street
deterioration and demonstrate how a

pavement simple

deterministic approach can support maintenance decision-
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making and resource planning in data-limited municipal pavement
management.

2 Sigmoid function for pavement
deterioration modelling

The sigmoid function, with its characteristic “S” shape, is a non-
linear model and represents the past deterioration process of
pavements (Hong and Prozzi, 2006). Initially, the pavement
deteriorates slowly, but the deterioration rate accelerates due to
traffic and environmental factors, before eventually slowing down
or reaching a point where reconstruction is necessary if not addressed
early on. This curve assists pavement administrators in planning
maintenance and rehabilitation activities throughout the pavement’s
lifespan. As a deterministic model, various adaptations of the sigmoid
function have also been applied to pavement condition prediction
(Mubaraki, 2015; Kim et al., 2019; Olowosulu et al., 2021; Elhadidy
etal, 2021; Goenaga et al., 2022). These variations introduce additional
parameters to control the curve’s asymptotes, inflection point,
steepness and symmetry, thereby allowing more flexible and precise
modelling of pavement deterioration behaviour while maintaining the
characteristic sigmoidal form.

A general sigmoidal equation can be expressed as Equation 1
(Chen et al., 2018; Chen and Mastin, 2016; Goenaga et al., 2022; Kim
et al., 2019; Olowosulu et al., 2021):

- (1)

l+e<

PC =

where PC is pavement condition, ¢ is the pavement age, and a, b and
c are regression parameters.

A similar function has been employed to predict pavement
behaviour and represent nonlinear deterioration characteristics
over time (Mubaraki, 2015; Olowosulu et al., 2021; Elhadidy
2021; ARAInc.ERES Division, 2004; Salour
Erlingsson, 2015), as expressed in Equation 2:

b-a
LogPCI = (a + . +exp(ln(’7b) T t)) (2)

where a, b and k;,, are regression parameters, and t represents the

et al, and

pavement age in years since the last maintenance treatment. Here,
the parameter k,, governs the deterioration rate, while a and b define
the lower and upper asymptotic bounds of the sigmoid curve.

Thereafter, the PCI rating (in the range 0-100) is given as
Equation 3:

a+—boa_
PCI = 10( ‘*”P(’"(’T”)*km")).loo (3)

3 Data and study area description

3.1 Data acquisition and pavement
management overview

This study is based on pavement condition data acquired
from Skellefted Municipality in northern Sweden, the coldest
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zone in the country (Trafikverket, 2011). The air-freezing index
in this region ranges from 550 to 2200° days per year
(Erlingsson and Saliko, 2020), reflecting the cold climatic
conditions characteristic of the area. The data includes street
network pavement condition assessments for the years 2014,
2018 and 2022. The municipality conducted these assessments
through windshield surveys. The survey vehicle was equipped
with specialized tools to capture geo-referenced images of
pavement surfaces as it travelled through the street network.
Experts later analysed these images in a post-survey process to
assess the condition of each pavement segment. The length of
each segment is generally about 100 m, which helps ensure
consistency in the evaluation (Afridi et al., 2024). The
municipality’s pavement dataset includes information on
street classifications based on functionality (collector,
industrial, main and residential streets); pavement geometry;
pavement surface age; various types of distress, together with
weighted distress values; PCI ratings; and traffic volumes,
where this data is available. However, traffic data is missing
for the majority of street segments. Additionally, the
municipality maintains a pavement management database
that contains information on maintenance work carried out
in recent years.

Skellefted municipality’s street pavement network spans
approximately 400 km, with 78% of the network consisting of
residential streets and the remaining 22% comprising non-
residential streets, including main roads (14%), collector roads
(5%) and industrial streets (3%) (Afridi et al, 2024). The
pavement thickness in the municipality typically reaches 1 m for
both residential and non-residential streets, primarily to mitigate the
effects of frost, as shown in Figure 1. The main difference between
residential (Figure 1a) and non-residential streets (Figure 1b) lies in
the wearing and binder courses. Residential streets typically have low
traffic volumes and speeds, and often include pedestrian walkways
or cycle paths along the sides. These streets are usually constructed
with a 40-mm-thick wearing course as the asphalt layer, followed by
a base, sub-base and frost-protection layer, reaching a total thickness
of 1 m. In contrast, non-residential streets vary in thickness and the
materials used in their wearing and binder courses depend on the
street type. These streets typically consist of 1-2 layers of binder
courses beneath the wearing course, with the most common
configuration being a 40-mm-thick wearing course layer and a
binder course ranging from 50 to 110 mm in thickness. The
thickness of these
depending on the traffic volumes and

and material layers vary significantly,

loads on non-
residential streets.

Skellefted Municipality uses PCI as a performance measure to
reflect the current condition of all pavement segments in the street
network. PCI is a numerical scale ranging from 0 to 100 that
indicates the current condition of the pavement, from worst to
excellent, based on the type of distress, its severity, and the affected
pavement area (Shahin, 2005). Experts evaluate the surface
in Skelleftea

Municipality using locally developed guidelines (Wagberg, 2003).

condition of each street pavement segment

The municipality determines the pavement condition of street
segments using Equation 4 (Estholm, 2019; Shahin, 2005):

PCI = 100- WDV (4)
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(a)

Wearing course

40 mm thick

Unbound base course 80-120 mm thick

500 mm thick

300-400 mm thick

Geotextile

Subgrade

FIGURE 1

Typical cross-section of streets in the municipality. (a) Residential streets. (b) Non-residential (main, collector and industrial) streets.

(b)

40-45 mm thick

Wearing course

50-110 mm thick

Unbound base course 80-120 mm thick

500 mm thick

300-400 mm thick

Geotextile

Subgrade

TABLE 1 Street pavement condition assessment guidelines.

Distress type Severity levels

Density levels (Deduct points)

Affected pavement (%) Difficulty Difficulty Difficulty
level | level Il level 11l

Surface unevenness Low <20 20 35 50
Moderate 20-50 35 50 65

High >50 50 65 70

Alligator cracking Low <20 30 45 60
Moderate 20-50 45 60 75

High >50 60 75 85

Longitudinal/Transverse cracking Low <20 5 15 30
Moderate 20-50 15 30 50

High 50 30 50 75

Rutting Low <20 15 40 70
Moderate 20-50 15 40 70

High >50 15 40 70

Ravelling, including asphalt hardening Low <20 5 15 30
Moderate 20-50 15 30 50

High >50 30 50 75

Miscellaneous surface defects Low <20 5 10 20
Moderate 20-50 10 20 40

High >50 20 40 60

where WDV = Weighted deduct value = 0.63636 - (x-10)-0.001715 -
(x-10) - (x-120) whereas x = the sum of all individual deduct
values corresponding to the observed distresses on the
pavement segment.

Frontiers in Built Environment

In evaluating pavement segments, experts consider six types of
distress—surface unevenness, alligator cracking, longitudinal and
transverse  cracking, and miscellaneous

rutting, ravelling

defects—along with their density levels and severity levels, as
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FIGURE 2
Residential street segment used for pavement condition
evaluation (Image courtesy of Skellefted Municipality).

presented in Table 1 (Afridi et al., 2025). Severity describes the
intensity of the distress and is classified into three categories: low,
moderate, and high. Density indicates the proportion of the
pavement surface affected and is expressed as a percentage. For
each severity category, density is further linked to three difficulty
levels (I, II and III), each of which is assigned a specific number of
deduct points. Higher difficulty levels correspond to more advanced
deterioration, making maintenance treatments more challenging.
For example, a low-severity distress affecting less than 20% of the

10.3389/fbuil.2026.1808188

pavement may incur 20, 35 or 50 deduct points depending on the
difficulty level. In contrast, a high-severity distress affecting more
than 50% of the pavement may result in 50, 65 or 70 deduct points.
The deduct values for all observed distresses are summed to obtain
the total deduct value (x). This total is then converted into a
weighted deduct value (WDV), and PCI is calculated by
subtracting the WDV from 100, yielding the final PCI To
illustrate this procedure, a residential street segment (Figure 2) is
evaluated, with the results presented in Table 2.

Based on these guidelines, pavement segments are categorized
into four distinct groups according to their PCI ratings, each
reflecting the pavement condition, approximate remaining service
life, and whether maintenance or rehabilitation measures are
required (Afridi et al., 2025). These groups are the following:

o Green category (PCI 81-100): Pavement segments in this
category are in good condition, with a service life exceeding
10 years, and do not require maintenance measures.

o Yellow category (PCI 61-80): This represents fair condition,
with a remaining service life of 6-10 years. Segments in this
category require appropriate maintenance measures.

o Red category (PCI 41-60): Pavement segments in poor
condition fall under this category, with an estimated
remaining service life of 3-6 years, requiring immediate
maintenance or rehabilitation.

o Black category (PCI 0-40): This includes pavement segments in
very poor condition, with a remaining service life of less than

3 years, necessitating reconstruction.

TABLE 2 Street pavement geometry and condition assessment for a residential segment.

Street class Residential

Distress type

Street name Storgatan
Street segment ID 1482
Length (m) 114
Width (m) 6.5
Area (m?) 741

Severity of distress

Deduct value (Points)

Moderate 20%-50%

Surface unevenness Yes - - 35
Alligator cracking Yes - - 30
Longitudinal/Transverse cracking - - Yes 50

Rutting - - - -
Ravelling, including asphalt hardening - - Yes 30
Miscellaneous surface defects - - Yes 10
Total deduct value (x) 155

WDV = 0.63636 - (x-10)-0.001715 - (x-10) - (x-120) 84

PCI rating = 100-WDV 16

Remarks: Black category pavement segment as per PMS

Frontiers in Built Environment
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These classifications support street network managers in
planning and executing maintenance activities, ensuring that
maintenance interventions are both timely and effective. The
costs associated with pavement maintenance treatments can vary
significantly depending on the pavement’s type, condition and usage
requirements.

Common asphalt concrete (AC) pavement maintenance
treatments used by the municipality include crack sealing,
patching, surface levelling, resurfacing, milling and resurfacing,
special The
alternatives which were utilized in the study were the following:

reconstruction and treatments. maintenance

« Surface levelling (SL): This involves applying a bounded material
layer approximately 20-30 mm thick on the existing surface
layer to improve water drainage from the pavement surface. The
typical cost for this treatment is about 102 SEK (€9)/m’.

o Resurfacing (RS): This involves applying a new surface layer
approximately 40-mm thick on the current surface to enhance
ride quality and raise the street surface level, if surrounding
levels permit. The typical cost for this treatment is about 138 SEK
(€12)/m?.

« Milling and resurfacing (MR): This involves removing existing
bound portions of the pavement and replacing this with a new
surface layer or multiple layers, depending on traffic volume and
pavement condition. The typical cost for this treatment is about
182 SEK (€16)/m>.

o Special treatments (ST): These treatments are used in cases of
high traffic volume or heavy traffic and require additional
measures to increase pavement strength against heavy loads.
The cost of such treatments varies significantly but is typically at
least 310 SEK (€28)/m?

« Reconstruction (RC): This involves removing and replacing
all bound and unbound layers of an existing pavement.
Additionally, new pavement drainage is usually included.
The typical cost for this treatment is about 1150 SEK
(€106)/m>.

The treatment costs are provided as indicative unit values for
descriptive purposes only and are not used in any life-cycle cost
analysis or economic optimization within this study.

3.2 Data preprocessing, structure and
modelling framework

In the data preprocessing phase, several steps were taken to
ensure the accuracy and relevance of the pavement condition data
used for analysis. The initial dataset comprised 3,128 residential
street segments and 821 non-residential street segments across the
municipal network with pavement condition index (PCI)
observations collected in 2014, 2018 and 2022. After applying the
filtering steps, the dataset was progressively reduced to
402 residential and 486 non-residential segments. The following

criteria were applied to refine the dataset:

o Data screening: Street segments with minor maintenance
treatments (e.g., crack sealing, patching) were excluded, as
these treatments did not significantly improve the pavement
condition to a “good” category. This step reduced the dataset to
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2,450 residential and 650 non-

residential segments.

approximately

« Consistency screening: Street segments in the “green” category
that had not received treatment for an extended period were
excluded, as these cases may reflect missing or outdated
maintenance records in the database. Following this filter,
1,829 residential and 560 non-residential segments remained.

o Assessment-based outliers: Streets exhibiting increases in PCI
between successive assessment periods without any recorded
maintenance were identified as outliers and removed. These
improvements in pavement condition may be attributed to
assessment variability associated with manual windshield
survey data used in this study. This further narrowed the
dataset to 1,469 residential and 510 non-residential segments.

o Temporal data filtering: To ensure sufficient temporal
representation of deterioration trends, only segments with
known pavement age and at least two to three PCI
observations (2014, 2018 and 2022) were retained. This
allowed deterioration modelling to reflect longer-term trends
rather than short-term fluctuations. This resulted in a final
dataset of 402 residential and 486 non-residential segments.

o Data reliability check: PCI-age relationships were examined
before and after preprocessing to ensure that the filtering
process did not distort overall deterioration patterns and that
realistic deterioration behaviour was maintained.

« Variable exclusion: Traffic and climate data were excluded from
the data, due to limited traffic data availability and the relatively
uniform climate across neighbourhoods in the municipality.

Two main model configurations were used to develop best-fit
sigmoid curves, with model parameters a, b and k,,, estimated for
each configuration:

o Temporal sigmoid model curves: these were calibrated using
2014 and 2018 observations and used as training data to predict
2022 PCI ratings, enabling independent validation using
testing data.

o Full dataset sigmoid model curves: these were developed using
all available observations (2014, 2018 and 2022) to represent
overall pavement deterioration behaviour across the full
observation period.

In addition, maintenance category-specific curves were
developed for non-residential streets by classifying the dataset
according to maintenance treatment type. Separate sigmoid
models were fitted under both the temporal and full dataset
configurations to evaluate the influence of maintenance type on
PCI prediction behaviour (see Table 3). Maintenance treatments are
used only as categorical grouping variables for stratified curve fitting
and comparison of deterioration behaviour.

4 Model description

The sigmoidal deterioration model (Equation 3) was utilized in
the study to represent pavement deterioration over time. To enable
application of the model across the full-service life, the calibrated
model was extrapolated beyond the range of available data (lower
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TABLE 3 Overview of datasets used for model development.

Street groups

arranged by minimum cost

Common maintenance treatment alternatives

10.3389/fbuil.2026.1808188

No. of street
segments (n)

Residential 402
Non-residential (main, collector and industrial) Surface levelling (SL) 189 486
Resurfacing (RS) 42
Milling and resurfacing (MR) 189
Special treatments (ST) 48
Reconstruction (RC) 18

PCI range) due to limited observations within the respective
datasets. Model parameters (a, b, and k,,) were estimated using
the methodology as described in Sections 4.1-4.2. The resulting
calibrated sigmoid function was then evaluated over an extended age
domain, generating continuous deterioration trajectories beyond
the maximum observed values in each dataset.

The extrapolation beyond the observed data range, particularly
at lower PCI thresholds (PCI 0-40), introduces additional
uncertainty due to limited data availability in this range and
greater dependence on model structure rather than measured
PCI. Consequently, predictions in this range are mainly driven
by the sigmoidal function rather than measured PCI. Therefore,
the results should be interpreted with caution when considering
severely deteriorated pavement conditions.

Additionally, 95% confidence bands were estimated for the
sigmoid model to quantify uncertainty in the predicted PCI-age
relationship. These bands represent the range within which the true
mean PCI is expected to lie at each pavement age with
95% confidence.

Variables incorporated into the models include previous PCI
ratings and pavement age for both residential and non-residential
streets. More specifically, pavement age refers to the number of years
since the last maintenance treatment, up to the time of the pavement
condition assessment (2014, 2018 and 2022). For example, if a
pavement received its last maintenance treatment in 2010, its age
and corresponding PCI rating for each assessment year were
incorporated in the dataset.

4.1 Parameter estimation and model
calibration

Model parameters (a, b and k,,) were estimated by minimizing
the sum of squared errors (SSE) between observed and predicted PCI
ratings, corresponding to a least squares objective function. The
optimization was implemented using a two-stage grid
search approach.

In the first stage (coarse grid search), a wide range of parameter
values was tested to identify the general region of the optimal
solution. This step evaluates all combinations within the defined
ranges to identify near-optimal values. The parameter ranges were

defined as follows:

o The parameter a ranged from —14 to —3 with a step size of 0.25

Frontiers in Built Environment

o The parameter b ranged from 0.0001 to 0.08 with a step
size of 0.005

o The parameter k,, ranged from 0.05 to 0.80 with a step
size of 0.05

In the second stage (refinement grid search), a narrower search
was conducted around the optimal values obtained from the coarse
grid search to improve parameter accuracy. In this stage, parameter
a was varied within +0.7 of its optimal value (step 0.05), parameter b
within +0.02 (step 0.001, with a lower bound of 0.0001), and
parameter k,, within 0.1 (step 0.01, with a lower bound of
0.01). All final model outputs were generated using the refined
parameter set.

4.2 Model validation and uncertainty
analysis

Model robustness was evaluated using a temporal validation
framework, where the model was trained on 2014 and 2018 data
and tested on 2022 observations to simulate out-of-sample
prediction conditions. In addition, 5-fold cross-validation (CV)
was applied to the full dataset (2014, 2018 and 2022). The data was
divided into five subsets; in each iteration, four subsets were used
for model calibration and one subset for validation. The final
performance metrics were obtained by averaging the results across
all folds.

To assess parameter uncertainty, a bootstrap resampling
procedure (n = 100) was applied separately to the full dataset
and the temporal calibration dataset. Each iteration involved
resampling with replacement from the respective calibration
dataset, followed by full re-calibration of the model using the
two-stage grid search procedure (coarse and refinement stages).
The resulting distributions of a, b and k,,, were used to compute
mean values and standard deviations (SD) to provide a measure of
parameter stability, with SD reflecting the sensitivity of each
parameter to sampling variation.

4.3 Model performance evaluation

The R programming language was used for the development and
testing of the model, utilizing the caret package (classification and
regression training) (Kuhn, 2008). To evaluate the model’s goodness
of fit and predictive performance, the following metrics were
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employed for the sigmoid curve: mean absolute error (MAE) and
root mean square error (RMSE), as presented in Equations 5, 6 below:

1 N
MAE = =Y |y;- 9. 5
SOl ®)
1Y o
i=1

where N is the number of street segments, y; is the measured PCI
rating of the street segment i, ¥, is the predicted PCI rating of y;, and
¥, is the mean value of y;.

Lower MAE and RMSE values
performance, reflecting smaller prediction errors. RMSE penalizes

indicate better model

larger prediction errors more strongly whereas MAE treats all
errors equally.

Model performance was further assessed by comparing
predicted PCI ratings with observed values for 2022 using a
scatter plot. The coefficient of determination (R®) was used to
quantify the strength of agreement between predicted and
observed values. Values of (R*) close to 1 indicate strong model
performance, while lower values indicate weaker predictive
capability.

5 Results and discussion

This section presents and discusses the performance of a
sigmoid model for predicting the 2022 PCI rating for residential
and non-residential street segments using pavement condition data
conducted in 2014, 2018 and 2022. Two modelling configurations
are applied: a temporal model calibrated on 2014 and 2018 data for
out-of-sample prediction, and a full dataset model based on all
available observations to represent overall deterioration behaviour.

Furthermore, maintenance-treatment-specific models were
developed for non-residential streets by grouping data according
to treatment types SL, RS, MR, ST and RC (Table 3). These
treatments were used only as categorical variables for stratified
curve fitting and for comparison of deterioration behaviour. The
results include the best-fit sigmoid parameters (a, b and k,,) and
performance metrics such as MAE, RMSE and R’ as well as the
correlation between predicted and measured PCI ratings for 2022.
Furthermore, results from temporal validation and 5-fold CV,
bootstrap resampling (n = 100), and prediction uncertainty based
on 95% confidence bands are also presented.

The main purpose of the temporal sigmoid curves is to capture
PCI behaviour in the upper range (100-50), as street segments are
generally considered for major rehabilitation once PCI ratings fall
below 50 to maintain acceptable ride quality. Therefore, in the study
context, prediction accuracy at very low PCI ratings is of limited
practical importance.

5.1 Residential streets

The calibrated sigmoid model curves for residential streets
(n = 402) are presented in Figure 3a. These curves were
developed using both the temporal dataset (2014 and 2018) to
predict the 2022 PCI ratings and the full dataset (2014, 2018 and
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2022) to represent the overall pavement deterioration trend. The
estimated parameters show limited variation between the two
models, particularly in the curvature parameter k,,, suggesting
broadly similar deterioration behaviour across both modelling
approaches. These curves represent a nonlinear deterioration
trajectory characterized by an immediate initial decline in PCI
during the first decade, followed by a relatively rapid mid-life
progression between 10 and 30 years, and eventual stabilization
at lower condition levels.

Calibration of the temporal model yielded parameters of
a =-4.5,b=0.0551 and k,, = 0.09, whereas the corresponding
full dataset model produced a = —4.5, b = 0.0551 and k,, = 0.10.
The identical values of a and b indicate consistent scaling and
baseline behaviour across both datasets. The slight difference in
k,, suggests minor variation in curvature and rate of
deterioration when the full residential street dataset is utilized.

Model performance was evaluated using MAE and RMSE. The
temporal model (trained on 2014 and 2018 data to predict PCI
ratings for year 2022) resulted in an MAE of 15.99 and an RMSE of
20.76. In comparison, the full dataset model, evaluated using 5-fold
CV, produced slightly lower error values, with an MAE of 15.10 and
an RMSE of 19.15. This indicates a marginal improvement in model
fit when using the full dataset, although the differences between the
two approaches remain relatively small.

The robustness of the calibrated parameters for residential
streets was assessed using bootstrap resampling (n = 100) for
both temporal and full dataset models. For the temporal
validation model, the bootstrap mean values were a = —5.08
(SD = 0.612), b = 0.0450 (SD = 0.0007) and k,, = 0.1000 with an
SD of zero. In contrast, the full dataset model yielded mean values of
a =-6.51 (SD = 2.67), b = 0.0445 (SD = 0.0034) and k,, = 0.1015
(SD = 0.0086). The full dataset model shows higher SD, particularly
for parameter a, indicating greater sensitivity to sampling variation,
while the temporal model shows more stable estimates.

The shaded green band in Figure 3a represents the 95% confidence
interval of the temporal sigmoidal curve, indicating uncertainty in PCI
prediction across pavement age. Wider portions of the band reflect
higher prediction uncertainty in age ranges with greater data
variability, while narrower regions indicate more reliable model
estimates. This uncertainty structure is further reflected in the
distribution of observed values relative to the fitted model curve. In
addition, the confidence band analysis for the temporal model shows
that 35% of observations fall above and 65% below the predicted curve
for residential street segments. This asymmetric distribution suggests a
systematic deviation between observed and predicted PCI ratings. This
pattern may be associated with underlying heterogeneity within the
residential street network arising from factors not explicitly
represented in the modelling approach.

Some streets exhibited relatively rapid deterioration at
which
deterioration behaviour and may be associated with localized

earlier ages, appears to deviate from typical
utility cuts or other construction-related activities. In contrast,
other street segments showed slower deterioration and remained
in comparatively better condition even after approximately
20 years of service life, which may reflect possible variations
in topography, subgrade type, groundwater level, pavement
drainage, and local environmental and usage conditions

across different neighbourhoods. These influences were not
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FIGURE 3
(a) Best-fit sigmoidal curves for residential streets, based on full dataset and temporal condition assessment data. (b) Correlation between measured
and predicted PCI ratings for 2022 using the temporal best-fit sigmoidal curve (data from 2014 & 2018).
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FIGURE 4
(a) Best-fit sigmoid curves for non-residential streets, based on full dataset and temporal condition assessment data. (b) Correlation between
measured and predicted PCI ratings for 2022, using the temporal best-fit sigmoidal curve (data from 2014 & 2018) for non-residential streets.

explicitly incorporated into the model and should therefore be
considered as contextual hypotheses rather than confirmed
explanatory variables.

These patterns the

correlation between the

are further reflected in model

performance, where the linear
predicted and measured PCI ratings for the temporal model
resulted in an R” value of 0.30, as shown in Figure 3b, indicating
a low-to-moderate level of agreement. The scatter plot does not
exhibit a clear linear pattern, suggesting limited predictive
strength of the model. While the model captures the general

deterioration trend, a substantial portion of variability remains

Frontiers in Built Environment

09

attributed to unobserved

heterogeneity across residential streets.

unexplained, which may be

Overall, the sigmoid modelling framework represents the
general deterioration trend of residential streets. However, its
predictive performance may be influenced by site-specific factors
that are not explicitly captured within the modelling framework,
such as utility cuts with variable construction quality, vegetation
growth, prolonged snow accumulation during winter, and spatially
varying traffic patterns. These factors were not directly incorporated
into the model and therefore may contribute to the remaining
unexplained variability in predictions.
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5.2 Non-residential streets

The calibrated sigmoid curves illustrated in Figure 4a
represent the deterioration trend of non-residential streets
(n 486). These curves were generated using both the
temporal dataset (2014 and 2018, used to predict 2022 PCI)
and the full dataset (2014, 2018 and 2022), representing the
overall deterioration trend. The resulting parameter estimates
deterioration

indicate some variation in the pavement
trajectory between the two calibrated sigmoidal curves.

The temporal model yielded sigmoid parameters a = -5.5, b =
0.0301 and k,, = 0.18, whereas the full dataset model produced
a=-11.5, b =0.0551 and k,, = 0.14. These differences in parameter
values suggest changes in the deterioration process between the two
models. In particular, a and b reflect differences in the magnitude
and rate of PCI decline, while k,, shows only limited variation,
indicating a broadly similar deterioration pattern across both
modelling approaches.

Model performance was evaluated using both temporal
validation (trained on 2014 and 2018 data to predict PCI ratings
for 2022) and 5-fold CV on the full dataset. The temporal validation
resulted in an MAE of 11.86 and an RMSE of 14.96. In comparison,
the 5-fold cross-validation applied to the full dataset produced
slightly lower error values, with an MAE of 11.57 and an RMSE
of 14.23. The small differences in MAE and RMSE indicate broadly
similar performance between the two approaches, with slightly
lower errors observed in the 5-fold CV results. This may be
associated with the use of a larger and more varied training
sample. In contrast, the temporal validation represents a more
realistic forecasting approach and therefore results in slightly
higher prediction errors.

Bootstrap resampling (n = 100) was applied to both the temporal
and full dataset models to further assess parameter robustness. The
bootstrap analysis produced mean parameter estimates of a = —8.37
(SD =3.31), b = 0.0291 (SD = 0.0100) and k,, = 0.191 (SD = 0.0392)
for the temporal dataset, in comparison with a = =10.40 (SD = 2.75),
b =0.0439 (SD = 0.0041) and k,,, = 0.154 (SD = 0.0136) for the full
dataset. The relatively higher SD values in the temporal model,
particularly for parameters a and b, suggest greater sensitivity to
sampling variation due to the reduced calibration dataset.

The green-highlighted band in Figure 4a represents the 95%
confidence interval of the temporal best-fit sigmoidal curve,
indicating uncertainty in predicted PCI across pavement age. The
temporal model displays a distribution based on the confidence
band, where 38% of the 2022 observations fall above the predicted
deterioration curve and 62% below it. This indicates a tendency for
the model to slightly over-predict PCI ratings. The 95% confidence
band is wider in the early pavement lifecycle, reflecting higher
variability in initial PCI conditions. It narrows noticeably
between 10 and 18 years, indicating lower uncertainty around the
mid-service-life phase of pavements. Overall, the data generally
follows the expected deterioration trend with respect to pavement
age. However, some streets exhibit slower deterioration, reflecting
unobserved variability not explicitly captured in the modelling
approach. This variability may be associated with factors such as
traffic loading, pavement thickness or construction materials, which
were not considered in the model and therefore remain outside the
scope of this analysis.
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The predictive performance of the temporal model was also
evaluated using a scatter plot of measured versus predicted PCI
ratings for 2022. As illustrated in Figure 4b, the comparison
yielded an R” of 0.54, indicating a moderate level of agreement.
The finding may reflect relatively consistent pavement
deterioration patterns and lower exposure to localized
maintenance interventions or utility cuts in non-residential
streets. Moreover, prediction errors are likely to reflect
unobserved variability not captured in the modelling
framework, which may be associated with factors such as
snow removal practices and more stable traffic conditions;
however, these were not explicitly considered in this analysis.

Overall, the results suggest that the sigmoid modelling
framework may reasonably capture the general deterioration
trend of non-residential streets, although the predictive

performance remains moderate.
5.3 Maintenance-based sigmoid curves

This section presents best-fit sigmoid curves developed for
maintenance treatments (SL, RS, MR, ST and RC; Table 3)
applied to non-residential streets. Each treatment type is
modelled separately to capture its specific deterioration behaviour
over time. Model performance was assessed using MAE, RMSE, and
the correlation between measured and predicted PCI values for
2022, as well as a comparison between temporal validation and 5-
fold CV. Parameter robustness was evaluated using bootstrap
resampling (n = 100), while prediction uncertainty was analysed
using 95% confidence bands. The treatment-specific sigmoidal
deterioration curves and corresponding scatter plots are shown
in Figure 5.

5.3.1 SL-treated pavement surfaces

Figure 5a illustrates both the full dataset and temporal best-fit
sigmoid curves for SL-treated pavements (n = 189), while Figure 5f
highlights the predictive performance of the temporal sigmoidal
curve. A broadly similar deterioration pattern is observed across
both the full dataset and temporal sigmoidal curves. The parameter a
remains constant (-3.50), whereas b and k,, show slight variation
(temporal curve: b = 0.0261, k,,, = 0.22; full dataset curve: b = 0.0391,
k,, = 0.18), indicating a similar initial deterioration with a steeper
mid-life decline in the temporal curve.

In terms of predictive accuracy, both models perform similarly,
with marginally higher errors for the temporal model (MAE = 9.09,
RMSE = 12.68) compared to the full dataset model (MAE = 8.95,
RMSE = 12.13). These minor differences may be attributed to the
larger training dataset used in the full model, while the temporal
model evaluates predictive performance under out-of-sample
conditions. To evaluate the stability of parameter estimates,

bootstrap resampling (n = 100) indicates moderate variability.
For the temporal model, the bootstrap mean values are
a = —4.215 (SD = 1.24), b = 0.0246 (SD = 0.0094) and k,, = 0.24
(8D = 0.0620), in comparison with a = —4.81 (SD = 2.41), b = 0.0391
(SD =0.0052) and k,,, = 0.196 (SD = 0.0169) for the full dataset. The
relatively small SD values of b and k,, across both models suggest
stable parameter behaviour, whereas a shows higher variability,

indicating greater sensitivity to sampling variation. Overall, the
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resampling results indicate generally stable sigmoid parameter
estimation. Confidence band analysis shows a slight asymmetry
in residual distribution, with approximately 56% of observations
lying above and 44% below the temporal sigmoidal curve, suggesting
a mild tendency towards underprediction.

A scatter plot (Figure 5f) comparing measured and predicted
PCI ratings for 2022 shows a moderate correlation (R* = 0.62),
indicating reasonable agreement for the temporal modelling
approach. The sigmoid framework appears to capture broad SL-
treatment trends, though moderate predictive accuracy suggests
some unexplained variability in pavement behaviour.

5.3.2 RS-treated pavement surfaces

The fitted sigmoid curves for RS-treated pavement surfaces (n =
42), as shown in Figure 5b, exhibit broadly similar deterioration
trends, while Figure 5g presents the relationship between measured
and predicted PCI ratings for the temporal model. Differences in the
estimated parameters can be observed between the two models, as
shown in Figure 5b. The temporal model yields a = —-11.50, b =
0.0551 and k,, = 0.15, while the full dataset model produces
a = -3.50, b = 0.0441 and k,, = 0.18. The full dataset curve
exhibits a steeper mid-life decline between approximately 10 and
20 years, associated with higher k,, and lower a values compared to
the temporal model.

The performance assessment, based on both temporal validation
(using 2014 and 2018 data to predict 2022 PCI) and 5-fold CV on the
full dataset, shows similar accuracy between the models. The
temporal model vyields slightly higher errors (MAE = 9.54,
RMSE = 11.87), as expected for out-of-sample model evaluation,
while the full dataset model achieves an MAE of 9.31 and an RMSE
of 11.39. To further analyse parameter behaviour, bootstrap

resampling (n = 100) was conducted for both frameworks. For
the temporal model, the bootstrap mean values are a = -8.00 (SD =
3.86), b = 0.0414 (SD = 0.0049) and k,, = 0.171 (SD = 0.0258). In
comparison, the full dataset model yields mean values of a = —6.23
(SD =3.39), b =0.0389 (SD = 0.0049) and k,,, = 0.188 (SD = 0.0215).
The parameters b and k,, exhibit relatively lower variability in both
models, whereas a shows higher dispersion, indicating greater
sensitivity to sampling variation. Furthermore, the uncertainty in
model predictions was evaluated using the 95% confidence bands.
Analysis of the 95% confidence bands reveals a residual imbalance
for the temporal model, with 36% of observations lying above the
fitted curve and 64% lying below it, indicating an overprediction of
PCI ratings.

In addition, the scatter plot (Figure 5g) of measured and
predicted PCI ratings for 2022 shows a moderate correlation
(R = 0.67), indicating reasonable agreement for the temporal
model. Overall, the results suggest that the temporal sigmoid
model captures the general deterioration trend for RS-treated
pavement surfaces, although the relatively small dataset (n = 42)
may influence predictive accuracy and contribute to calibration
uncertainty.

5.3.3 MR-treated pavement surfaces

The best-fit sigmoid curves for MR-treated pavement surfaces

(n 189) are presented in Figure 5c, while the predictive
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performance of the temporal model is illustrated in Figure 5h.
The calibrated sigmoid curves indicate a generally consistent
deterioration pattern across both modelling approaches, although
differences in the estimated parameters can be observed between the
two models. The temporal model yields a = —=11.50, b = 0.0471 and
k., = 0.14, while the full dataset model produces a = -3.50, b =
0.0461 and k,,, = 0.15. The marginal differences in parameters b and
k,, between the two models result in broadly similar deterioration
trajectories.

Model evaluation was carried out using both temporal
validation (2014 and 2018 data to predict PCI ratings for 2022)
and 5-fold CV applied to the full dataset. The temporal model yields
slightly higher errors (MAE = 6.38, RMSE = 8.75), while the full
dataset model achieves an MAE of 6.22 and an RMSE of 8.47. This
minor difference is expected due to the larger training dataset in the
full dataset approach, while the temporal model reflects an out-of-
sample evaluation with only a small increase in error metrics. To
assess the stability of parameter estimates, bootstrap resampling (n =
100) is performed for both modelling approaches. In the temporal
framework, the bootstrap means are a = —5.74 (SD = 2.96), b =
0.0399 (SD = 0.0063) and k,, = 0.155 (SD = 0.0151). For the full
dataset model, the corresponding values are a = —6.59 (SD = 3.39),
b=0.0419 (SD = 0.0056) and k,,, = 0.156 (SD = 0.0169). In both cases,
parameters b and k,, show low SD, indicating stable estimation of
the deterioration rate and curve shape, while parameter a exhibits
greater sensitivity to sampling variation. To further assess
uncertainty, the confidence band analysis indicates a balanced
residual distribution. For the temporal validation dataset,
approximately 49% of observations lie above the curve, 46% lie
below, and the remaining 5% lie on the model curve. This
distribution suggests no clear systematic bias towards over- or
underprediction of pavement condition ratings.

Additionally, the temporal model yields an R* of 0.72 for the
measured and predicted PCI ratings in 2022 (Figure 5h), indicating a
reasonably moderate level of agreement and reflecting the model’s
ability to capture the main variability in PCI ratings. Overall, the
results suggest that the temporal sigmoid model provides a
reasonable representation of the deterioration trend for MR-
treated pavement surfaces, although sample size considerations
should be considered when interpreting the findings.

5.3.4 ST-treated pavement surfaces

The best-fit sigmoid curves for ST-treated surfaces (n = 48) are
presented in Figure 5d, while Figure 5i presents measured and
predicted PCI ratings for the temporal model. Both modelling
approaches follow a similar sigmoidal pattern, with differences in
deterioration patterns across pavement age ranges. The temporal
model (a = -3.5, b = 0.0021, k,, = 0.49) and full dataset model
(a = -11.5, b = 0.0021, k,, = 0.50) show identical b and nearly
identical k,,,, with differences only in a. The full dataset curve shows

a steeper mid-life decline between pavement ages 7 and 15, while the
temporal model shows a more gradual transition before both curves
converge at lower PCI ratings.

The evaluation of model performance was based on temporal
validation (trained on 2014 and 2018 data to predict 2022 PCI
ratings) together with 5-fold CV on the full dataset. The temporal
model yields higher errors (MAE = 6.31, RMSE = 7.55) than the full
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dataset model (MAE = 5.64, RMSE = 6.21), indicating a marginally
better fit for the full dataset model. The temporal model shows a
modest increase in error, which is a natural consequence of the more
realistic predictive framework and is probably driven by the limited
dataset size. Furthermore, in terms of parameter stability, the

bootstrap resampling results (n 100) show differences in

sensitivity across the model parameters. For the temporal model,
bootstrap metrics yielded mean values of a = —8.21 (SD = 3.83), b =
0.0069 (SD 0.0053) and k,, = 0.373 (SD = 0.0534). The
corresponding values for the full dataset model are a = -9.58
(SD = 3.40), b = 0.0063 (SD = 0.0048) and k,, = 0.389 (SD =
0.0393). The SD for b is relatively low in both models, while a and k,,,

show higher variability, indicating greater sensitivity to sampling

variation, which is expected given the limited dataset size for this
treatment category. Furthermore, the 95% confidence band analysis
reveals a symmetric residual distribution for the temporal model.
For the 2022 validation dataset, 50% of the observations lie above the
curve and 50% lie below, indicating a balanced model response with
no clear evidence of systematic bias in the PCI predictions.

To further evaluate model performance, the comparison
between observed and predicted PCI ratings for 2022 yields an R’
of 0.91 (Figure 5i), indicating strong agreement; however, this result
should be interpreted in light of the relatively small dataset size (n =
48). Overall, the sigmoid model captures the deterioration trend of
ST-treated pavements well, showing good predictive performance,
although some parameter uncertainty and the limited sample size
should be considered in the interpretation.

5.3.5 RC-treated pavement surfaces

The best-fit sigmoid curves for RC-treated surfaces (n = 18) are
shown in Figure 5e, with Figure 5j illustrating the predictive
performance of the temporal model. Despite the very small
sample size, both modelling approaches suggest a generally
consistent deterioration pattern. The temporal model vyields
parameters of a = —4.50, b = 0.0451 and k,,, = 0.13, whereas the
full dataset model produces a = -3.50, b = 0.0401 and k,,, = 0.13. The
identical value of k,, indicates similar curvature behaviour across
both models, while differences in a and b reflect minor variations in
initial condition and slope. The full dataset curve lies slightly above
the temporal curve across most of the pavement lifecycle, before
both curves converge at low PCI ratings.

In terms of predictive accuracy, model performance based on
temporal validation and 5-fold cross-validation shows that the
temporal model yields an MAE of 9.62 and an RMSE of 12.37,
while the full dataset model produces lower error values, with an
MAE of 854 and an RMSE of 10.40. Similar to other model
calibrations, the higher errors in the temporal model are mainly
associated with the limited availability of training data, as well as the
more realistic predictive framework. Regarding parameter stability,
bootstrap resampling results (n = 100) indicate varying sensitivity
across the model parameters. The temporal model yields bootstrap
mean values of a = —5.33 (SD = 2.78), b = 0.0317 (SD = 0.0098) and
k,, = 0.162 (SD = 0.0334). The corresponding values for the full
dataset model are a = —6.01 (SD = 3.26), b = 0.0293 (SD = 0.0077)
and k,, = 0.153 (SD = 0.0223). The parameters b and k,, show
relatively low variability in both models, whereas parameter a
exhibits higher variability, indicating greater sensitivity to
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FIGURE 6
Comparison of temporal best-fit sigmoid curves (data from 2014

& 2018) for both residential and non-residential streets.

sampling variation. The fact that all observations in the
2022 validation dataset lie above the fitted curve indicates a
tendency to wunderpredict PCI ratings for RC-treated
pavement surfaces.

Finally, agreement between observed and predicted PCI ratings
was assessed using a scatter plot (Figure 5j), yielding an R* of 0.49.
This indicates relatively weak agreement, which is probably
18). Overall, the

model performance for RC-treated pavement surfaces reflects

influenced by the very small dataset size (n

limited predictive strength compared with the other treatment
categories, which is consistent with the constraints imposed by
the small sample size.

5.4 Comparison of temporal sigmoidal
model curves

The temporal sigmoidal curves for residential and non-
residential (main, collector and industrial) street segments in
Skellefted Municipality are shown in Figure 6, with the
respective performance parameters presented in Table 4. The
results indicate notable differences in predictive behaviour

between residential and non-residential street segments (n =
402 and n = 486, respectively). In particular, the temporal
sigmoidal curve for non-residential streets appears steeper,
suggesting a relatively sharper deterioration trend over time
compared with residential streets. Non-residential streets
generally show comparatively better model fitting, which may
be associated with more consistent deterioration patterns and
higher traffic loading conditions. Higher traffic volumes on non-
residential streets may partly account for differences in pavement
deterioration, although traffic is not explicitly included in the
modelling framework. Similarly, the higher variability observed in
residential street segments compared to non-residential streets
may reflect more heterogeneous deterioration patterns,
potentially influenced by unobserved factors such as traffic,
and localized maintenance or

climatic exposure,

interventions. This variability also probably contributes to the

utility

relatively lower predictive performance observed for residential
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TABLE 4 Performance parameters for both residential and non-residential streets.

Street types

No. of segments (n)

Temporal sigmoid best-fit parameters and performance metrics

o] Km MAE RMSE R? (predicted vs. measured PCI)
Residential 402 ~450 | 00551 | 0.09 15.99 2076 0.30
Non-residential 486 -55 00301 | 018 11.86 14.96 0.54

— SL temporal sigmoid curve

— RC temporal sigmoid curve

— ST temporal sigmoid curve
Sold points: training dataset (2014 & 2018)
Hollow points: test dataset (2022)

PCI measured

0 5 10 15 20 25 30

Pavement age (years)

FIGURE 7

Comparison of multiple temporal best-fit sigmoid curves (data
from 2014 & 2018) for non-residential streets, categorized by
maintenance-treated pavement surfaces.

streets, although such factors cannot be directly quantified within
the modelling framework.

The differences in deterioration patterns between residential and
non-residential streets are also reflected in pavement structural
characteristics. Non-residential streets typically have thicker
pavement structures with multiple bound layers corresponding to
their functional classification, whereas residential streets generally
consist of a single bound layer. Moreover, non-residential
pavements are generally constructed using materials designed for
higher loading conditions. Despite these structural differences,
deterioration is observed in both categories under varying
and usage
significantly across street categories; however, in this study it is

loading conditions. Maintenance cost varies
included only as contextual information and is not used for cost-
effectiveness analysis.

Considering these differences, the performance of the sigmoidal
model also varies between street categories. The model appears to
provide relatively more consistent predictions for non-residential
streets, while performance for residential streets is more limited.
Although the sigmoidal framework captures general deterioration
trends in both cases, the higher variability in residential streets
suggests that additional explanatory variables or model refinements
may be required to improve predictive capability.

Similarly, when comparing maintenance-treatment-specific
sigmoidal curves for non-residential street segments (Figure 7;
Table 5), differences in deterioration behaviour and model
performance can be observed across treatment types. The

number of street segments varies across treatment categories,
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Estimated sigmoid best-fit parameters a and b define the lower and upper asymptotic bounds, while k,, determines the deterioration rate.

which should be considered when interpreting differences in
model performance. Within this context, while the ST model
0.91),
indicating strong agreement between observed and predicted PCI

shows comparatively high predictive performance (R° =

ratings, this result should be interpreted in light of the relatively
small sample size (n = 48). The corresponding sigmoid curve may
also suggest a more noticeable decline in PCI at later pavement ages,
indicating that ST-treated surfaces could exhibit a slightly more
distinct post-treatment deterioration pattern compared with other
treatment types. Although ST-treated surfaces may perform better
under higher traffic loads, their relatively higher unit cost
(approximately €28 per m’®) may limit their broader application
at the network level. As a result, ST may be more suitable for street
segments with higher traffic demand. For the other treatment types,
MR-treated surfaces (n = 189) show relatively stable performance
with moderate prediction errors and an R* value of 0.72, indicating
reasonable agreement between measured and predicted PCI ratings.
Similarly, SL-treated surfaces (n = 189) show moderate performance
(R? = 0.62). In contrast, RS-treated surfaces exhibit an R of 0.67,
although this result may be partly sensitive to sampling variation
given the smaller sample size (n = 42). From a contextual
perspective, SL and RS treatments have relatively lower unit cost
levels (approximately €9 and €12 per m?, respectively), which may
reflect differences in treatment scope and structural intervention
rather than differences in effectiveness. Finally, RC-treated
pavements represent full structural renewal with an extended
service life (often up to 20 years). However, the limited
predictive performance for this category should be interpreted in
light of its small dataset (n = 18). In addition, RC treatment has a
substantially higher unit cost (approximately €106 per m*), which
suggests that its application is typically limited to situations where
other maintenance interventions are no longer sufficient.

The analysis indicates that the best-fit sigmoid curves generally
reflect overall pavement deterioration trends at the municipal level,
although variability can be observed around the fitted curves across
both street categories and maintenance treatment types (SL, RS, MR,
ST and RC). The residual patterns suggest that prediction errors may
not be entirely random, which is broadly consistent with the
observed residual distribution around the temporal sigmoid
curves and the associated confidence bands. Temporal validation
and prediction results of PCI ratings for 2022 further indicate that
some systematic deviations may still be present across street
categories and treatment types. In addition, bootstrap resampling
shows variability in parameter estimates, reflecting moderate
sensitivity of the model to sampling variation. This provides
additional insight into residual behaviour and remaining model
uncertainty. Despite these validation procedures and uncertainty

assessments, some residual uncertainty inevitably remains,
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TABLE 5 Performance parameters for non-residential streets, categorized by maintenance-treated pavement surfaces.

Maintenance-treated surface No. of Temporal sigmoid best-fit parameters and performance
types segments (n) metrics
MAE RMSE R? (predicted vs.
measured PCl)
Surface levelling (SL) 189 -35 | 00261 | 022 | 9.09 12.68 0.62
Resurfacing (RS) 42 ~11.5 | 0.0551 | 0.15 | 9.54 11.87 0.67
Milling and resurfacing (MR) 189 -11.5 | 0.0471 | 0.14 6.38 8.75 0.72
Special treatments (ST) 48 -3.5 | 0.0021 @ 0.49 6.31 7.55 0.91
Reconstruction (RC) 18 -4.5 | 0.0451 @ 0.13 9.62 12.37 0.49

Estimated sigmoid best-fit parameters a and b define the lower and upper asymptotic bounds, while k,, determines the deterioration rate.

potentially arising from factors not explicitly included in the model.
This uncertainty may be considered when interpreting results for
municipal pavement management applications. Overall, the findings
suggest that best-fit sigmoid curves provide a simplified but useful
representation of pavement deterioration and may support more
informed maintenance planning.

6 Conclusion

This study focuses on the application of a sigmoidal model to
predict the 2022 PCI ratings for both residential and non-
residential (main, collector and industrial) street pavements,
as well as for various pavement maintenance treatment types.
The data includes pavement condition assessments conducted in
Skellefted Municipality, Sweden, using windshield surveys for
the years 2014, 2018 and 2022. Two modelling configurations are
used: temporal models calibrated using 2014 and 2018 data to
predict 2022 PCI ratings, and full dataset models developed
using all available observations to represent overall deterioration
behaviour across the observation period. The models
incorporate previous PCI ratings and pavement age for both
residential and non-residential streets. The aim is to assess the
ability of the sigmoidal curves to capture deterioration patterns
across street categories and maintenance-treated pavement
surfaces, and subsequently to provide insight into factors
influencing pavement condition prediction. Cost differences
between treatment types are included only as contextual
interpretation and not for any economic or optimization
analysis in this study. By analysing model performance, this
study enhances understanding of sigmoidal deterioration
modelling for flexible pavements in a municipal context.
Residential streets show a slightly better fit with the full
dataset than temporal sigmoidal curves, while non-residential
streets show broadly similar behaviour across both modelling
approaches. The key conclusions are as follows:

o The sigmoid model with the best-fit curve underperformed for
residential streets, with low correlation between the predicted and
measured PCI ratings, emphasizing high variability in the
pavement data. This variability may reflect heterogeneous

conditions and inconsistent

pavement pavement age

Frontiers in Built Environment

distribution. It may also be influenced by localized utility cuts,
which were not explicitly included in the modelling framework
and may contribute to unexplained variability in predictions.

« For non-residential streets, the model demonstrated comparatively
better performance, with a low performance error and a high
correlation between the predicted and measured PCI ratings for
2022. The resulting best-fit curve may therefore provide a useful
reference representation of general deterioration behaviour for
these street categories under data-limited conditions.

« The sigmoid best-fit curve for non-residential streets showed a steeper
deterioration trend, while residential streets exhibited more variable
deterioration patterns across the network. These contrasting patterns
may be associated with higher traffic loading and other unobserved
contextual factors not included in the modelling framework.

+ Maintenance-treatment-specific sigmoid curves indicate distinct
performance patterns across treatment types. These differences
should be interpreted with caution due to variations in sample
sizes across treatment groups. The sigmoidal curve for ST-
treated (n = 42) shows comparatively better

within this dataset, while the

sigmoidal curve for MR-treated surfaces (n = 189) also shows

surfaces
predictive performance
relatively good agreement with observed PCI ratings. The
sigmoidal curves for surfaces treated with RS (n = 48) and SL
(n = 189) demonstrate moderate performance, whereas the
18) shows
comparatively lower performance. In terms of unit cost, SL is

sigmoidal curve for RC-treated surfaces (n =

associated with relatively low cost, RS and MR with intermediate
costs, ST with higher costs, and RC with the highest costs.

o Overall, the results indicate that sigmoidal curves provide a
consistent framework for representing pavement deterioration
patterns, particularly for non-residential streets. In contrast,
residential streets show higher variability, suggesting that
additional explanatory variables or model refinements may be
required to better capture observed behaviour.

7 Limitations

Traffic data was not incorporated in the study due to insufficient
data for various street types. Similarly, due to the relatively uniform
climate across neighbourhoods in the municipality, climate data was
also excluded. The conclusions here are based on data from one
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municipality in northern Sweden and should be interpreted within
this contextual and geographic limitation.
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