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Abstract

This study investigates the application of a sigmoidal deterioration model with separate regression parameter sets to estimate the
pavement condition index (PCI) for 2022 across both residential and non-residential streets—including main, collector and
industrial roads—in Skellefted Municipality, Sweden. Separate best-fit sigmoid curves were also developed for various pavement
maintenance treatments applied to non-residential streets. The analysis is based on data gathered through windshield surveys
conducted in 2014, 2018 and 2022. The findings reveal that the sigmoidal model exhibited poor performance for residential streets,
with low R? values and weak correlations between predicted and observed PCI ratings—probably due to inconsistent pavement age
and disruptions such as utility cuts within segments. Conversely, the model demonstrated strong predictive accuracy for non-
residential streets, with high correlations and low prediction errors. Moreover, the sigmoid curve for pavements treated with surface
levelling (SL) yielded the highest prediction accuracy, followed by sigmoid curves for surface treatment (ST) and for milling and
resurfacing (MR) treated pavements, which showed moderate performance. Given its cost-efficiency, SL treatment is recommended
for addressing early-stage deterioration, while MR may be more appropriate for extending pavement life, offering a balance
between cost and predictive strength. The study offers insights to enhance timely, proactive, data-driven pavement maintenance in
municipalities.
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1. Introduction

The functionality of municipal street networks is essential for urban growth and the mobility of the public. A well-
functioning pavement management system (PMS) facilitates data-driven planning and prioritization of maintenance
tasks to achieve these goals (Zhao and Wang, 2023). However, the effectiveness of PMS depends on accurate
pavement data and regular assessments (El-Khawaga et al., 2020) which facilitate monitoring of deterioration trends
and the evaluation of maintenance outcomes (Grau et al., 1991). To improve planning, pavement administrations
increasingly adopt deterioration models in PMS to forecast pavement conditions and to optimize both maintenance
strategies and budget allocation (El-Khawaga et al., 2020).

Maintenance strategies play a key role in allocating municipal budgets for optimal pavement conditions. Many
pavement administrations adopt a reactive “worst-first” approach (Zimmerman and Peshkin, 2003) due to resource
limits, prioritizing severely damaged pavements (Chu and Huang, 2018). This often delays preventive treatments,
increasing long-term costs (Chang et al., 2017). In contrast, proactive maintenance targets early-stage deterioration,
optimizing maintenance and budget allocation (Zofka, 2018), thereby extending pavement lifespan and improving
safety and ride quality. Proactive maintenance treatments like crack sealing, overlays and milling/resurfacing are
widely used, despite varying practices (Hicks et al., 1999).

Pavement condition is often measured using the pavement condition index (PCI), which quantifies surface
degradation and is typically used within PMS to help authorities prioritize maintenance and optimize strategies
(Shahin, 2005; Hu et al., 2022). AASHTO identifies four main categories of these models: deterministic, probabilistic,
Bayesian and expert-based (subjective) models (AASHTO, 2012). Deterministic models—especially empirical
ones—are widely used (Zhao and Wang, 2023), particularly for forecasting the PCI, due to simplicity as well as ease
of calibration and optimization (Sadeghi et al., 2017). However, the reliability of all predictive models depends on the
quality of input data (Hu et al., 2022). Various deterministic modelling approaches, including linear extrapolation,
polynomial regression, sigmoid curves and logistic growth functions, have been used in the literature to forecast
pavement performance (El-Khawaga et al., 2020). The sigmoid model—a nonlinear “S”-shaped curve—depicts
pavement deterioration over time, capturing an initial slow degradation phase, followed by rapid deterioration due to
traffic and environmental factors, and finally a plateau indicating the need for reconstruction (Hong and Prozzi, 2006).
Various versions of the sigmoid model are widely used for predicting pavement conditions (Elhadidy et al., 2021;
Mubaraki, 2015; Olowosulu et al., 2021).

This study aims to enable timely and informed maintenance decisions and enhance municipal pavement
management. It applies a sigmoidal model to predict PCI ratings over time for flexible pavements in Skellefted
Municipality, Sweden, using windshield survey data collected in 2014, 2018 and 2022. Separate best-fit sigmoid
curves and associated parameters were established for residential and non-residential streets. Furthermore, additional
best-fit sigmoid curves were established to predict PCI outcomes for various maintenance treatments applied to non-
residential streets. Thereafter, the obtained sigmoid curves were used to assess the effectiveness of different
maintenance treatments on non-residential pavements.

2. Data and study area description
2.1. Study area and pavement management practices

Skellefteda Municipality, located in the northern part of Sweden, manages a street network of about 400 km, with
78% residential and 22% non-residential streets—14% main, 5% collector and 3% industrial (Afridi et al., 2024).
Pavement condition data was collected via windshield surveys in 2014, 2018 and 2022 as part of the municipality
PMS. The street network was divided into around 100 m segments for consistent condition assessments. The PMS
database includes type of street, pavement geometry, surface age, distress types, PCI ratings and recent maintenance
data. However, groundwater locations, subgrade conditions and traffic data are largely unavailable, while climate data
is excluded due to uniform climatic conditions across the municipality. The municipality evaluates pavement condition
using the PCI, a numerical scale from 0 (very poor) to 100 (excellent), based on the type, severity and extent of distress
(Shahin, 2005). Pavement segments are classified by the municipality into four PCI groups—Green (81-100, good),
Yellow (61-80, fair), Red (41-60, poor) and Black (0—40, very poor)—to guide timely maintenance. Condition
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assessments are performed by trained professionals according to local guidelines (Wégberg, 2003). During
assessments, experts evaluate six main distress types—surface unevenness, alligator cracking, longitudinal and
transverse cracking, rutting, ravelling and miscellaneous defects—and rate each by severity and density. Table 1
outlines guidelines showing how distress severity (low, moderate or high, based on affected pavement percentage) and
density levels (I, 11, IIT) contribute to deduct values that determine the final PCI rating (Afridi et al., 2025). The final
PCI is calculated as follows (Estholm, 2019; Shahin, 2005):

PCI = 100 — WDV (1)

where WDV (Weighted deduct value) is computed as: 0.63636 - (y — 10) — 0.001715 - (y — 10) - (y — 120)

whereas y corresponds to the total deduct values from all assessed pavement distresses on the segment.

Common municipal treatments include crack sealing, patching, surface levelling, resurfacing, milling and
resurfacing, full reconstruction and specialized treatments. This study evaluates the following maintenance types:

o Surface levelling (SL): Thin bound layer (20—30 mm) to improve ride quality and drainage; cost about €9/m?.

¢ Resurfacing (RS): 40-mm surface layer to enhance ride quality and raise the street level; cost about €12/m?.

e Milling and resurfacing (MR): Removal of existing bound layer and application of one or several new layers,
depending on traffic and pavement condition; cost about €16/m>.

e Special treatments (ST): For heavy or high-traffic streets to improve durability and load capacity (e.g. removing
existing pavement top layers and replacing them with high-performance surface layers or reinforced overlays);
costs begin at €28/m?.

e Reconstruction (RC): Full pavement removal and replacement, often including drainage; cost about €150/m?.

Table 1. Overview of guidelines for assessing street pavement condition (Afridi et al., 2025).

Distress Type Severity levels Density levels (Deduct points)
Affected Pavement (%) Level I Level I Level III

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
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2.2. Dataset refinement and categorization

The dataset—covering pavement condition assessments from 2014, 2018 and 2022—was refined to ensure
accuracy and relevance. Pavement segments with only minor treatments (e.g. crack sealing, patching) were excluded
due to their limited impact. Similarly, segments in the green category without recent treatments were removed, as data
was probably missing from some of them. Segments showing unexplained improvement in condition without
treatment were excluded due to probable assessment errors, while pavement segments with known pavement age and
at least two or three condition assessments were retained to track pavement deterioration. In addition, traffic, climate,
groundwater locations and subgrade data were also not included due to unavailability or limited variability. The final
dataset consisted of 402 residential and 486 non-residential (main, collector and industrial) street segments. The non-
residential segments were further categorized by maintenance treatment type into surface levelling (SL, 189
segments), resurfacing (RS, 42 segments), milling and resurfacing (MR, 189 segments), special treatments (ST, 48
segments) and reconstruction (RC, 18 segments).

3. Sigmoid modelling approach and performance metrics

This study applied a sigmoid function to model and predict PCI ratings for both residential and non-residential
streets using the following equation (ARA, 2004; Olowosulu et al., 2021; Salour and Erlingsson, 2015):

b—a
LOg PCI = (a +W> 100 (2)

where a, b and kn are the regression parameters and t corresponds to the pavement age in years since the last
pavement maintenance.

The model incorporates negligible pavement deterioration during the first two years after treatment. To capture the
full deterioration span, the sigmoid curves were extended toward PCI =0 due to limited data availability for pavements
in very poor condition. Regression parameters were estimated using the least squares method to obtain the best-fit
curves. Although 95% confidence intervals were generated, they were considered valid only from the third year
onward. Two main modelling approaches were applied using input variables such as pavement age (i.e. the number
of years since the last maintenance) and previous PCI ratings from earlier pavement condition assessments:

o Street-type-based modelling: Separate best-fit sigmoid curves were developed for residential and non-residential
streets and subsequently applied to predict the PCI in 2022.

e Maintenance-type-based modelling: Separate best-fit sigmoid curves were optimized for each treatment (SL,
RS, MR, ST, RC) to assess their impact on PCI prediction accuracy.

The predicted and observed PCI ratings, along with R?, were generated from the full dataset during testing and
were then visualized for analysis. Model development and testing were conducted using the caret package in the R
programming environment (Kuhn, 2008). Model performance was evaluated using mean absolute error (MAE), root
mean square error (RMSE) and the coefficient of determination (R2), using the following equations:

1 ~
MAE =~ 311y — il 3)
1 ~
RMSE = ,/; 1 — 90)? “4)
N 92
RZ =1— Zi:l(yl ) (5)

zliil(yi_yi)z
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where N is the number of pavement segments, y; is the measured PCI rating of the pavement segment i, ¥;
represents the predicted PCI rating of y;, and y; corresponds to the mean value of y;.

4. Results and discussion
4.1. Sigmoid deterioration curves for residential streets

The best-fit sigmoid curve for residential street segments (Fig. 1a) was optimized with the parameters a = —4.0,
b=0.0351 and kx, = 0.15, intended to capture the pavement deterioration trend. However, the distribution of data
points around the curve is slightly uneven. This imbalance highlights the model’s limited accuracy, evidenced by high
prediction errors (MAE = 14.30 and RMSE = 19.15), which indicate substantial discrepancies between predicted and
observed PCI ratings. Furthermore, the low R? value of 0.26 confirms the poor fit of the model. The confidence band
illustrating the expected PCI range over pavement age captures most data points but remains wide, indicating
considerable variability in data. This reflects a weak correlation between pavement age and condition, probably due
to outliers, e.g. some street pavements deteriorated quickly due to regular utility cuts or localized construction damage,
while others remained in good shape even after their designed lifespan, due to factors like good quality subgrade and
proper drainage. The predicted versus measured PCI ratings yielded an R? of 0.47 during testing, as illustrated in
Fig. 1b, suggesting a moderate but unclear linear correlation. Overall, low model accuracy for PCI prediction may
result from frequent utility cuts with poor repairs, vegetation growth and prolonged snow buildup, which are more
common on residential streets due to lower maintenance priority. In addition, uncertainties associated with subjective
visual assessments may further affect prediction accuracy. The improvement in the prediction accuracy for residential
streets may require more detailed modelling and higher-quality datasets.
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Fig. 1. (a) Best-fit sigmoidal curve for residential streets (b) Predicted vs. measured PCI (2022) for non-residential streets at the testing stage.
4.2. Sigmoid deterioration curves for non-residential streets

The optimized best-fit sigmoid curve for non-residential streets (main, collector and industrial) (Fig. 2a) reflects
better model performance compared to residential streets. With many overlapping data observations, the data points
around the curve are slightly unevenly distributed but many closely follow it, indicating that the model effectively
captures the general deterioration pattern. The best-fit parameters (a = -4.0, b = 0.0451, km = 0.20) yielded lower
prediction errors (MAE = 7.29 and RMSE = 10.71) than those of the residential model. A robust R? value of 0.70
further confirms the model’s reliable ability to estimate PCI ratings. Moreover, model performance is reinforced by
the 95% confidence band, which shows few outliers and remains narrow, thereby reducing uncertainty and boosting
confidence in the model’s accuracy for estimating pavement deterioration. The data quality seems more consistent, as
pavement conditions generally follow the expected deterioration trend with age. Nonetheless, some streets exhibit
slower deterioration, probably due to lower traffic volumes or variations in materials and pavement thickness. The
model’s robustness for non-residential streets is further confirmed by a strong linear correlation at the testing stage
(R?=0.71) between predicted and observed PCI ratings (Fig. 2b). This clear correlation reflects reliable deterioration
patterns, fewer localized repairs, efficient snow removal and stable traffic volumes. Consequently, the sigmoid model
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offers more reliable predictions for non-residential pavements. Due to these consistent patterns, the non-residential
deterioration curve could serve as a reference for pavements with sparse data.
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Fig. 2. (a) Best-fit sigmoid curve for non-residential streets; (b) Predicted vs. measured PC/ (2022) for non-residential streets at the testing stage.

4.3. Treatment-specific sigmoid deterioration curves

Best-fit sigmoid curves for SL, RS, MR, ST, RC on non-residential streets are shown alongside predicted vs.
measured PCI plots (Fig. 3a—f), with model parameters and testing-stage R> detailed in Table 2.
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Fig. 3. (a) Best-fit curves for various maintenance treatments; (b-f) Predicted vs. measured PC/ (2022) by maintenance type at the testing stage.

Table 2. Performance summary of best-fit sigmoid parameters for various maintenance treated surfaces.

Maintenance-treated surface No. of Sigmoid parameters Performance metrics Testing
types segments

a b kin MAE RMSE R* R?
Surface levelling (SL) 189 -5.0 0.0451 0.20 6.59 10.06 0.81 0.82
Resurfacing (RS) 42 -12.0 0.0451 0.20 8.84 11.52 0.40 0.59
Milling & resurfacing (MR) 189 -4.0 0.0401 0.20 6.87 991 0.59 0.62
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Maintenance-treated surface No. of Sigmoid parameters Performance metrics Testing
types segments

a b km MAE RMSE R? R?
Special treatments (ST) 48 -12.0 0.0051 0.50 5.73 7.96 0.80 0.80
Reconstruction (RC) 18 -4.0 0.0401 0.15 9.71 13.13 0.50 0.50

The best-fit sigmoid curve for SL-treated surfaces shows the best overall performance, with a well-fitted curve
(Fig. 3a), low performance error values (Table 2) and a strong correlation between predicted and measured PCI ratings
for 2022 in the testing stage (R?>=0.82, Fig. 3b). These results indicate that the model reliably captures the deterioration
pattern of SL-treated pavements. In contrast, the fitted curve for RS-treated segments (Fig. 3a) shows imbalance, with
more observations above the curve, resulting in the lowest R? and higher errors (Table 2). Although R? improves in
the testing stage (0.59, Fig. 3¢), the moderate correlation between predicted and measured PCI probably reflects the
limited data, increasing the risk of overfitting and reducing predictive robustness. Similarly, the best-fit curve for MR-
treated segments (Fig. 3a) shows a moderate fit with fairly symmetric data distribution and acceptable errors (Table 2).
The predicted vs. measured PCI correlation (R*=0.62, Fig. 3d) indicates moderate accuracy, though further parameter
refinement could enhance prediction reliability. For ST-treated pavements (Fig. 3a), the sigmoid curve fits well with
the lowest performance error (Table 2). The correlation between predicted and measured PCI ratings (Fig. 3e) is
strong, with R? = 0.80, indicating reliable predictive performance. These results demonstrate that the model effectively
captures the deterioration typically associated with this high-cost treatment type. In contrast, the sigmoid curve for
RC-treated surfaces (Fig. 3a) fits poorly, showing a low R? and the highest prediction errors (Table 2). This suggests
the best-fit curve inadequately represents deterioration for this treatment. The correlation between predicted and
measured PCI (Fig. 3f) confirms weak predictive accuracy with an R? of 0.50, probably due to a small sample size,
thus limiting model robustness and generalizability. Overall, the sigmoid model reliably predicts deterioration for SL
and ST treatments, while RS and RC performance may improve with more data or model refinement.

4.4. Reflecting maintenance impact.: performance and cost

The optimized best-fit sigmoid curves (Fig. 3a) for various maintenance treatments reveal varying performance.
The treatment ST exhibits a rapid deterioration curve with the lowest error, indicating a steep decline about five years
after treatment. However, given its high cost (€28/m?), it is best suited for high-traffic areas. For example, applying
ST on a low-traffic street results in higher life-cycle costs compared to SL or MR for similar performance gains. In
contrast, RC-treated pavements deteriorate more slowly but come at a significantly higher cost (€150/m?), making RC
a last-resort option. SL and RS treatments show similar deterioration patterns and moderate costs (€9—12/m?), though
SL demonstrates better predictive performance and cost-effectiveness. MR treatment offers a practical compromise
between cost and accuracy, suitable for moderately deteriorated streets. These findings highlight the usefulness of
treatment-specific sigmoid curves in guiding maintenance planning. SL suits early-stage pavement deterioration and
low-traffic pavements, while ST, MR or RC are more appropriate for streets with higher traffic volume and loads.
Traffic data, though not directly included, affects pavement lifespan and thus maintenance strategies should reflect
both pavement condition and expected traffic load. In addition, maintenance timing and treatment choices in urban
areas may be influenced by utilities or other site-specific factors not captured by the model. Integrating best-fit sigmoid
curves allows municipalities to prioritize maintenance and optimize budgets for resilient street networks.

5. Conclusions

This study applied a sigmoid deterioration model to predict 2022 PCI ratings for both residential and non-
residential streets, as well as various maintenance treatments (SL, RS, MR, ST, RC). The analysis was based on
pavement data collected through windshield surveys in Skellefted Municipality, Sweden, during 2014, 2018 and 2022.
Traffic, climate and subgrade conditions were excluded due to limited data. The main findings include:
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The sigmoid model with the best-fit curve exhibited limited accuracy for residential streets, with low R? values
and weak correlation between predicted and observed PCI, probably due to pavement age variation and localized
utility cuts. Consequently, the best-fit curve showed greater variability and less predictable deterioration trends.
In contrast, the best-fit sigmoid curve for non-residential streets showed strong predictive accuracy, low error and
strong correlation between predicted and observed PCI, making it a useful reference deterioration curve. The best-
fit curve also revealed a steeper rate of decline, probably driven by heavier traffic.

Evaluation of best-fit sigmoid curves for non-residential maintenance treatments showed varied accuracy. The
sigmoid curve for SL-treated surfaces performed best, followed by ST-treated surfaces, while the best-fit sigmoid
curve for MR-treated surfaces demonstrated moderate accuracy. SL is recommended for early-stage deterioration
due to its cost-effectiveness and strong performance, thereby supporting a proactive maintenance strategy. MR
treatment may be more effective for extending pavement lifespan over a longer period, thereby balancing cost
efficiency and predictive reliability. At the same time, maintenance treatment selection should be based on
pavement conditions, available budget and traffic requirements.

These insights help municipalities in optimizing maintenance planning for non-residential streets, while residential

streets need more flexible strategies due to greater variability and external factors.
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