Available online at www.sciencedirect.com -
Transportation

. . Research
ScienceDirect

P di
Transportation Research Procedia 99 (2026) 889-897 M

www.elsevier.com/locate/procedia

12th International Conference on Bearing Capacity of Roads, Railways, and Airfields;
12th BCRRA 26

Application of machine learning techniques for predicting municipal
pavement condition index

Muhammad Amjad Afridi*®*, Sigurdur Erlingsson®4

“Skelleftea Municipality, Skellefted, 93185, Sweden
*KTH Royal Institute of Technology, Stockholm, 10044, Sweden
“Swedish National Road and Transport Research Institute (VTI), 58195 Linkdping, Sweden
dUniversity of Iceland, 107 Reykjavik, Iceland

Abstract

Machine learning (ML) is becoming a powerful tool for forecasting pavement performance and enhancing the efficiency of
maintenance and resource planning. This study investigates the application of machine learning, using the random forest (RF)
algorithm, to predict pavement condition index (PCI) over time. Manually assessed data from 2014 and 2018 were used to forecast
the PCI for 2022, allowing the model to capture deterioration patterns across residential and non-residential streets in Skellefted
Municipality, Sweden. Model performance was evaluated using several performance metrics to assess flexibility and generalization
across a diverse set of input variables, including pavement age (A), several distress mechanisms (D), previous PCI rating (S), and
traffic data (T). For non-residential streets, models were further grouped by surface treatment type to evaluate RF's predictive
accuracy under varying maintenance conditions. Among residential street models, the RF model using A+D+S achieved the best
results, with an R? of 0.78 and a correlation coefficient of 0.89 using the combined 2014 and 2018 dataset. For non-residential
streets, incorporating traffic variables (T) further improved accuracy, with the RF(A+D+S+T) model reaching an R? 0f 0.79 and a
correlation coefficient (p) of 0.88. While performance varied slightly across treatment types, the PCI rating assessed in 2018
(Status2018) and the weighted distress value (WDV) emerged as the strongest predictors. Furthermore, using the combined dataset
(2014 and 2018) did not significantly improve prediction accuracy over using 2018 data alone. The findings demonstrate that RF
models can effectively predict PCI and enhance decision-making in municipal pavement management.
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1. Introduction

Maintenance of street pavements is crucial for municipal administrations, as it ensures traffic safety, facilitates
pedestrian movement, and maintains access to utilities. Efficient allocation of maintenance budgets within pavement
management systems (PMS) relies heavily on accurate pavement performance prediction models. These models
forecast future pavement conditions, facilitate strategic planning at both network and project levels (Alnagbi et al.,
2024; Shahin, 2005) and enable timely, cost-effective maintenance interventions (Marcelino et al., 2021; Shahid et
al., 2025). For these predictions to be reliable, a systematic assessment of pavement performance over time is essential.

Pavement performance is typically evaluated by identifying surface distresses (FWA, 2006; Hong and Prozzi,
2006). The pavement condition index (PCI), a numerical measure of pavement surface condition (ASTM, 2020), is
commonly applied in PMS (Shahin, 2005; Hu et al., 2022). PCI incorporates various surface distresses, pavement age,
and material types (Shahin, 2005), and its application in urban environments is well documented (Afridi et al., 2025;
Kheirati and Golroo, 2022). However, implementation practices vary among administrations due to variations in
resource availability and technical expertise (Kheirati and Golroo, 2022; Wolters and Zimmerman, 2010). To manage
budget and operational constraints, many administrations simplify PCI by targeting key distresses, reducing data
collection and PMS costs without compromising maintenance planning effectiveness (Kheirati and Golroo, 2022).

Pavement prediction methods include traditional statistical approaches and machine learning (ML) techniques.
Recently, ML has gained popularity due to its superior prediction accuracy and flexibility, especially when handling
large, complex pavement datasets (Kheirati and Golroo, 2022; Bashar and Torres-Machi, 2021; Sholevar et al., 2022;
Karballaeezadeh et al., 2020; Haddad et al., 2022; Ghodratabadi et al., 2025). Among these methods, random forest
(RF) is commonly used and builds multiple decision trees through bagging, combining their outputs to reduce
overfitting and improve accuracy (Breiman, 2001). RF has proven robust and reliable for predicting pavement
conditions and estimating PCI in numerous studies (Afridi et al., 2025; Karballaeezadeh et al., 2020; Chen et al., 2025;
Goenaga et al., 2022; Mansour et al., 2023). The effectiveness of ML models like RF depends on the quality and
comprehensiveness of input data (Gao et al., 2021; Hosseini and Smadi, 2021). Pavement condition data can be
collected via manual windshield assessments, automated sensor-based methods, and semi-automated approaches
(Bennett et al., 2007; Sholevar et al., 2022). In this context, automated methods are generally preferred for their
accuracy and efficiency (Underwood et al., 2011). However, distress data collection practices for PCI assessment vary
widely. Most Swedish municipalities rely on cost-effective yet subjective windshield surveys (Afridi et al., 2023) and
follow locally adapted evaluation guidelines derived from international standards (ASTM, 2020). Similar standardized
guidelines exist across Europe and the US (Afridi et al., 2023).

This objective of the study is to enhance municipal street maintenance by improving the accuracy of pavement
condition predictions. It evaluates the performance of RF models in forecasting 2022 PCI ratings for both residential
and non-residential streets using visually assessed data from Skellefted Municipality, Sweden. Model accuracy is
tested on two datasets: one from the 2018 inventory and another combining data from 2014 and 2018. The study also
examines model performance for non-residential streets grouped by common maintenance surface treatments and
assesses how varying input variables influence prediction accuracy. Additionally, it seeks to identify the most
influential factors driving PCI predictions in an urban municipal context.

2. Overview of study area and dataset

Pavement condition data acquired from Skelleftea Municipality, Sweden, which were collected through windshield
surveys in 2014, 2018, and 2022. During the assessment, street pavements were segmented into 100 m sections, and
the dataset includes street functionality, geometry, surface age, distresses, PCI ratings, traffic volumes, and recent
maintenance details. The municipality’s pavement department does not collect climate data due to uniform weather
conditions, and insufficient resources have limited the collection of groundwater and subgrade information; therefore,
these aspects were omitted from the study. The municipality’s street network comprises residential streets (336 km,
approx. 78% of the total), main streets (62 km, approx.14%), collector streets (19 km, approx. 4%), and industrial
streets (12 km, approx. 3%), covering the entire network (Afridi et al. 2024). The municipality assesses pavement
performance using the PCI, which ranges from 0 (failed) to 100 (excellent) (ASTM 2020). These PCI scores are



Muhammad Amjad Afridi et al. / Transportation Research Procedia 99 (2026) 889-897 891

categorized into four condition levels: Green (81-100, good), Yellow (61-80, fair), Red (41-60, poor), and Black (0—
40, very poor) (Afridi et al., 2025).

Experts use locally developed guidelines (Wagberg, 2003) to evaluate pavement surface conditions by examining
six distress types: surface unevenness (SU), alligator cracking (ACR), longitudinal and transverse cracking (CR),
rutting (RUT), ravelling (LAR), and miscellaneous defects (SD). Following the guidelines listed in Table 1 (Afridi et
al., 2025), pavement distress is assessed based on severity and density. Severity measures the intensity of distress and
is categorized as low, moderate, or high, while density indicates the percentage of the pavement surface affected
(Wagberg, 2003). For each severity category, the density of distress corresponds to three difficulty levels (I, II, III),
each with specific deduct points that reflect the severity and maintenance complexity. The PCI of each pavement
segment is calculated as follows (Estholm, 2019; Shahin, 2005):

PCI = 100 — WDV (1)

where WDV (Weighted deduct value) is calculated as: 0.63636-(y — 10) — 0.001715-(y — 10)-(y — 120)
whereas y represents the total deduction points from all assessed pavement distresses on the segment.

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

Distress type Distress severity category and affected = Distress difficulty levels (Deduct points)
pavement (%) Level I Level II Level 111

Surface unevenness Low <20; Moderate 20-50; High >50 20/35/50 35/50/65 50/65/70
Alligator cracking Low <20; Moderate 20-50; High >50 30/45/60 45/60/75 60/75/85
Longitudinal/Transverse cracking Low <20; Moderate 20-50; High >50 5/15/30 15/30/50 30/50/75
Rutting Low <20; Moderate 20-50; High >50 15/15/15 40/40/40 70/70/70
Ravelling, including asphalt Low <20; Moderate 20-50; High >50 5/15/30 15/30/50 30/50/75
hardening

Miscellaneous surface defects Low <20; Moderate 20-50; High >50 5/10/20 10/20/40 20/40/60

2.1. Dataset refinement process

Pavement condition data from 2014, 2018, and 2022 were refined to improve analytical accuracy by excluding
streets that had only minor maintenance treatments, such as crack sealing or patching, which do not significantly affect
PCI ratings. Additionally, streets classified as green category with no recorded treatments over long periods, were
also removed due to potentially outdated database information. Streets exhibiting improved PCI ratings without any
treatments—Ilikely resulting from assessment errors—were excluded. Finally, segments with pavement age and
condition assessments from all 2014, 2018, and 2022 were kept to enable reliable condition predictions.

2.2. Dataset organization and treatment classification

The dataset was organized into residential streets and non-residential (main, collector and industrial) streets,
covering 389 residential and 229 non-residential segments. Traffic volume data was incorporated only in non-
residential models, as it remains relatively stable for residential streets. Additionally, non-residential segments were
classified into four maintenance treatment types—thin overlay (T1), thick overlay (T2), milling and resurfacing (T3),
and major rehabilitation (T4)—to test whether treatment-specific modelling improves accuracy by better capturing
deterioration patterns. Below are details of pavement treatments with their number of segments.

Thin overlay (T1): Applies a 20-30 mm asphalt layer for surface levelling; 70 segments.

Thick overlay (T2): Adds a 40 mm asphalt layer to extend pavement life and smoothness; 9 segments.

Milling & resurfacing (T3): Removes asphalt layer to a set depth, then resurfaces with new layer; 111 segments.
Major rehabilitation (T4): Removes multiple top layers and adds several new asphalt layers; 39 segments.
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2.3. Modelling and assessment approach

The data, consisting of 389 residential and 229 non-residential segments, were organized into two sets for
modelling purposes: one containing only the 2018 data (Dataset1), and another combining data from both 2014 and
2018 (Dataset2). Using these datasets, four modelling approaches were developed to predict 2022 PCI ratings. The
first two modelled residential and non-residential streets (main, collector, and industrial) separately for each dataset,
while the other two focused on non-residential street segments grouped by maintenance treatments (T1-T4), again
applied to Dataset] and Dataset2.

The RF algorithm was implemented in R using the caret? package, with a seed of 123 to ensure reproducible
results. The modelling approach utilized different datasets, variable combinations, and evaluation methods to predict
the 2022 PCI ratings for both residential and non-residential streets. Key components are summarized in Table 2.

Table 2. Summary of variables, datasets, and evaluation metrics of models for prediction of PCI ratings 2022.

Component Description

Input variables Pavement age (A) indicates the time elapsed since the last maintenance, measured in 2022.

Distresses (D) include all six distress types (SU, ACR, CR, RUT, LAR, SD) along with the
weighted distress value (WDV).

Previous PCI ratings (S) represent Status2014 and Status2018, pavement condition assessed in
2014 and 2018.

Traffic volumes (T), considered for non-residential streets only, include light and heavy traffic.

Datasets
Variable combinations
Preprocessing and Tuning parameters

Cross-validation (CV)

Uncertainty handling

Datasetl: 2018 data (11 variables); Dataset2: 2014 + 2018 data (19 variables).
A+D, A+T, A+D+T, A+D+S+T

Centring and scaling of variables. ntree =250-1000; mtry = 2—10.

10-fold CV for residential & non-residential streets.

5-fold CV for non-residential models by maintenance type (T1-T4).

CV repeated multiple times to capture randomness from bootstrapping and random feature

selection in RF, ensuring stable performance estimates.

Performance metrics Mean absolute error (MAE), root mean square error (RMSE), coefficient of determination (R?)

Testing phase Predicted vs. observed PCI; R? and Spearman’s rank correlation coefficients (p)

Variable importance Assessed using varlmp function, measuring mean decrease in accuracy from permuting each

variable to indicate its contribution.

3. Results and discussion
3.1. Residential streets

The performance of RF models in predicting 2022 PCI ratings for residential streets is summarized in Table 3.
Models were evaluated using 10x10-fold cross-validation (CV), and the results show that input variable choice
substantially affects accuracy across both datasets.

Table 3. Performance of RF models for 2022 PCI predictions of residential streets using 10-fold CV on both datasets.

Dataset Variables Training stage Testing stage
(Assessment year) usedinmodel /- RMSE R R’ p
Dataset] (2018) A+D 10.67 14.11 0.56 0.69 0.84
A+D+S 10.27 13.50 0.58 0.74 0.86
Dataset2 (2014 & 2018) A+D 11.01 14.07 0.56 0.74 0.87

A+D+S 10.54 13.72 0.58 0.78 0.89
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In Datasetl, the RF model using (A+D) had moderate accuracy (training R? = 0.56, test R = 0.69, p = 0.84),
whereas including S in model RF(A+D+S) reduced prediction errors (MAE and RMSE) and increased training and
testing R? to 0.58 and 0.74, respectively, with p reached to 0.86. Variable importance analysis identified Status2018,
WDV, and LAR as the top contributors. In the case of the Dataset2, the RF(A+D) model produced slightly higher
training errors but demonstrated stronger generalization, with test R? improving to 0.74 and p to 0.87. Including S
variable further enhanced performance (training R? = 0.58, testing R2=10.78, p=0.89) and WDV (100%), Status2018
(92%), and LAR (50%) emerged as the most influential predictors. These results demonstrate that the model captures
both linear and monotonic relationships effectively, and including S strengthens predictive reliability across datasets.

Comparing the two datasets, Dataset2 offered slightly higher error values but improved the model’s ability to
explain variance and maintain consistent predictions over time. Across all cases, RF(A+D+S) consistently
outperformed RF(A+D) in both training and testing stages, achieving lower error and higher R? and correlation values.
This validates that incorporating historical PCI data significantly improves model accuracy and robustness, enabling
better prediction of pavement deterioration trends. Figure 3 further illustrates the predictive performance, showing
scatter plots of predicted versus observed PCI ratings. The RF(A+D+S) models align most closely with the observed
values, demonstrating stronger agreement and confirming that including the S variable enhances the model’s ability
to capture deterioration patterns not fully reflected by age and distress variables alone. Overall, RF(A+D+S) emerges
as the most reliable model for long-term prediction of 2022 PCI ratings for residential streets in municipal street
network.

RF (A +D) RF (A +D) RF(A+D+5) RF(A+D+5)
100 100 100 100
O 80 9 80 9 80 9 80
E 60 :q‘j 60 E 60 E 60
= 40 = 40 S 40 S 40
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Figure 1. Predicted vs. observed 2022 PCI ratings for residential streets using Dataset] and Dataset2, by input variable sets in the testing stage.

3.2. Non-residential streets

A comparative analysis was conducted on eight models with different input variable sets to predict 2022 PCI ratings
for non-residential streets across both datasets, with model performance evaluated using 10-fold cross-validation.

Table 4. Performance of RF models for 2022 PCI predictions of non-residential streets using 10-fold CV on both datasets.

Dataset type Variables used in Training stage performance Testing stage performance
(Assessment year) model MAE RMSE R? R? p
Dataset1 (2018) A+D 9.13 11.99 0.51 0.66 0.79
A+T 9.24 13.67 0.35 0.71 0.84
A+D+T 8.11 11.05 0.57 0.77 0.86
A+D+S+T 7.66 10.76 0.60 0.79 0.87
Dataset2 (2014 & 2018) A+D 8.76 11.62 0.56 0.71 0.84
A+T 9.39 13.65 0.35 0.71 0.84
A+D+T 8.15 11.24 0.57 0.78 0.87

A+D+S+T 7.64 10.87 0.59 0.79 0.88
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As shown in Table 4, the RF models for non-residential streets consistently performed better when more variables
were included, with RF(A+D+S+T) emerging as the most effective configuration across both datasets. For Dataset1
(2018), RF(A+D) achieved a training MAE of 9.13, RMSE of 11.99, and R? of 0.51, with improved testing
performance (R? = 0.66, p = 0.79). Substituting distresses with traffic (A+T) reduced training accuracy (R? = 0.35)
but slightly improved testing performance (R? = 0.71, p = 0.84). The RF model using (A+D+T) further improved
prediction accuracy (testing R2=0.77, p = 0.86). The model RF(A+D+S+T) performed the best results, with the lowest
MAE (7.66), RMSE (10.76), and the highest training R? (0.60) and testing R? (0.79), alongside a strong correlation (p
= 0.87). Feature importance analysis confirmed WDV (100%), Status2018 (92%), and LAR (50%) as the top
contributors in the model RF(A+D+S+T). Similar trends were observed with Dataset2 (2014 & 2018), though overall
performance was slightly stronger. The basic RF(A+D) improved modestly (training R? = 0.56; testing R? = 0.71).
The RF(A+T) model again underperformed in training (R? = 0.35) but matched A+D in testing. Adding treatment
history (A+D+T) improved overall performance, while the full RF(A+D+S+T) achieved the best results with the
lowest MAE (7.64), RMSE (10.87), training R? of 0.59, testing R? of 0.79, and the highest correlation (p = 0.88).
WDV (100%), Status2018 (98%), and LAR (57%) were the most significant variables in the RF(A+D+S+T) model
for predicting the 2022 PCI rating. While Dataset2 offered only marginal gains over Dataset1, it reinforced the model’s
robustness and reliability in predicting 2022 PCI ratings. Figure 4 illustrates the best-performing models for non-
residential streets. The RF(A+D+S+T) model aligns most closely with the trendline in both datasets, demonstrating
superior predictive accuracy. Overall, incorporating the complete set of variables (A+D+S+T) substantially enhances
model accuracy and generalization compared to simpler variable combinations. Across both datasets, adding S and T
variables significantly improved prediction performance, with RF(A+D+S+T) consistently achieving the lowest errors
and strongest correlations.
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100 - - 100 20,78 ot 100 - . . 100 R? 20,79

e . S 80 . . S go |Ri=079 5 g0 =0

a [-9 o o

T 60 B 60 T 60 T 60

-,03“: 40 § 40 é 40 : % 40

N £ 20 5 £ 20

& 20 < o = 20 < 0

0 T T T T 1 T T T T 1 O T T T 1 T T T T 1
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100

Observed PCl Observed PCI Observed PCI Observed PC

Figure 2. Best-performing models for non-residential streets using Dataset] and Dataset2 for predicting 2022 PCI ratings in the testing stage.

3.3. Maintenance treatment-based models

The predictive performance of RF models using the (A+D+S+T) variable set was evaluated across the four
maintenance treatment categories (T1-T4) for forecasting 2022 PCI ratings. Models were trained on Datasetl (2018)
and Dataset2 (2014 & 2018) using 5-fold CV. Across the treatment categories, the T1 models demonstrated stable and
high predictive accuracy, with testing R? values of 0.80 (Dataasetl) and 0.79 (Dataset2) and p of 0.89 in both cases.
Although training R? decreased slightly when using Dataset2 (from 0.57 to 0.49), the testing-stage results remained
consistent, indicating robust performance even with the inclusion of older data. In the case of T2, the models achieved
perfect training accuracy (R* = 1.00) and very low errors, but this outcome likely reflects overfitting due to the limited
dataset. A larger and more representative sample is needed to assess the reliability of predictions in this category.
Following the observations for T1 and T2, T3, which had the largest dataset, exhibited consistently strong performance
in both training and testing stages. Testing results remained robust (R>=0.78; p = 0.87 for both datasets), and including
older data slightly reduced training errors. These findings underscore the reliability of the model for predicting PCI in
T3-treated pavements. In contrast, T4 proved to be the most challenging category, exhibiting weaker predictive
performance overall. Testing R? values were lower, 0.74 for Datasetl and 0.73 for Dataset2, with correlations
remaining at 0.75, and performance errors slightly higher, with MAE around 6 and RMSE around 9, indicating more
heterogeneous deterioration likely due to variations in materials, construction quality, or environmental exposure.
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Table 5. RF model performance using (4+D+S5+7) for 2022 PCI predictions of non-residential streets with 5-fold CV on both datasets.

Treatment Type Dataset Training stage Testing stage
(n= Street segments)
MAE RMSE R R p
T1 (n=70) Datasetl 9.39 12.55 0.57 0.80 0.89
Dataset2 9.36 13.22 0.49 0.79 0.89
T2 (n=09) Datasetl 2.67 3.55 1.00 0.86 0.75
Dataset2 2.67 3.52 1.00 0.81 0.71
T3 (n=111) Datasetl 7.58 11.24 0.50 0.78 0.87
Dataset2 7.76 10.82 0.42 0.78 0.87
T4 (n=33) Datasetl 5.94 8.61 0.62 0.74 0.75
Dataset2 6.09 9.00 0.63 0.73 0.75

Overall, comparing Dataset] and Dataset2 suggests that incorporating both the 2014 and 2018 condition data did
not substantially enhance model accuracy. This may indicate that pavement deterioration patterns between 2014 and
2018 were largely similar, or that the addition of earlier data added variability without meaningful predictive value.
Practically, the results highlight that T1 and T3 exhibit more consistent and predictable deterioration, making them
suitable for reliable forecasting, whereas T2 requires a larger sample to improve generalization, and T4 may benefit
from additional explanatory variables to account for its greater variability.

4. Conclusions

The present study evaluated the use of the RF algorithm to predict 2022 PCI ratings for residential and non-
residential streets using different combinations of input variables and pavement condition datasets. Two datasets from
Skellefted Municipality, Sweden, were utilised: one containing only 2018 data (Dataset1) and another combining 2014
and 2018 data (Dataset2). The input variables comprised A (pavement age since the last maintenance in 2022), D (all
distresses including weighted distress (WDV) from 2014 and 2018), T (average weekday traffic volumes for light and
heavy vehicles), and S (previous PCI ratings obtained from the 2014 and 2018 condition assessments). For non-
residential streets, additional models were developed by grouping data to evaluate prediction performance by
treatment type. Climate, groundwater, and subgrade data were not considered due to limited variability and lack of
data. The main conclusions are as follows:

e Variable expansion showed that for both residential and non-residential streets, model accuracy improved as more
input variables were included.

e Data integration indicated that models using Dataset2 achieved slightly better testing performance than those
using Dataset1, though training performance declined marginally.

¢ Residential street prediction models revealed that the RF(4+D+S) configuration consistently delivered the most
accurate results in both datasets, with Status2018, WDV, and LAR identified as the most important predictors.

¢ Non-residential street prediction models demonstrated that the RF(4+D+5+T7) configuration produced the best
results across both datasets, with WDV, Status2018, and LAR ranking highest in importance.

o Treatment-specific models showed that RF(4+D+S5+7) maintained strong predictive accuracy for non-residential
streets grouped by maintenance treatment, with only minor differences between datasets.

e Practical implication highlights that RF-based predictive models are effective tools for enabling data-driven
pavement maintenance at the municipal level.
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