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Abstract

Machine learning (ML) has increasingly become a vital tool for accurate pavement condition prediction, enabling more effec-
tive maintenance planning and resource allocation. This study applies the random forest (RF) algorithm to predict the pave-
ment condition index (PCl) for 2022 over a short forecast horizon of 4years across residential and nonresidential (main,
collector, and industrial) streets in Skelleftea Municipality, Sweden. The models are based on manually assessed pavement data
from 2014 and 2018 and validated against the 2022 pavement condition data. Several performance metrics were applied to
evaluate the models’ flexibility and generalization across a broad set of input variables, including pavement age (A), several dis-
tress mechanisms (D), previous PC| ratings (S) and average weekday traffic volumes (T). Models for nonresidential streets
were further stratified by maintenance surface treatments to assess predictive performance across treatment types, integrat-
ing maintenance effects through pavement age and treatment characteristics. Among the residential street models, the
RF(A+D+S) achieved the highest accuracy when using the combined dataset (2014 and 2018). Similarly, for nonresidential
streets, the RF(A+D+S+T) model performed the best. Furthermore, model performance varied slightly across maintenance
treatment categories. The most significant predictors were Status201/8 (the PC rating assessed in 2018) and the weighted dis-
tress value (WDV). Use of the combined dataset did not result in a notable improvement in prediction accuracy compared
with use of the 2018 dataset alone. Overall, these findings from a geographically constrained dataset suggest that RF models
may be useful for PCl prediction and may support data-driven pavement management at the municipal level.
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prerequisite for an effective pavement performance pre-
diction is the systematic assessment of pavement perfor-
mance over time.

Introduction

Maintenance of street pavements is a critical task for
municipal administrations, as it directly influences the
safety and efficiency of traffic flow, pedestrian move-
ment, and access to essential utility services. To address
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this challenge and manage it effectively, municipalities
are expected to utilize their maintenance budgets effi-
ciently in terms of their pavement management systems
(PMS). One of the central components of any PMS is
the pavement performance prediction model, which has
been widely utilized for both network-level planning and
project-level decision-making (Alnagbi et al. 2024,
Shahin 2005). These models enable the pavement man-
agement decision-makers to forecast future pavement
conditions, facilitating timely and cost-effective mainte-
nance strategies based on objective data-driven insights
(Marcelino et al. 2021; Shahid et al. 2025). However, a
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Pavement performance is commonly evaluated
through the identification and assessment of surface dis-
tresses, such as cracking, rutting, surface degradation,
and edge damage (Fwa 2006; Hong and Prozzi 2006).
The pavement condition index (PCI), which is a numeri-
cal indicator of pavement surface condition (ASTM
2020), is widely used as a key indicator of pavement per-
formance within PMS (Hu et al. 2022; Shahin 2005).
PCI typically incorporates factors such as composite sur-
face distresses, pavement age, and the types of materials
used in the pavement (Shahin 2005). Its applicability in
urban environments has been widely documented across
multiple studies (Afridi et al. 2025; Kheirati and Golroo
2022). However, implementation practices for PCI and
PMS vary significantly among pavement administra-
tions, depending on the availability of resources, techni-
cal expertise, and organizational capacity (Kheirati and
Golroo 2022; Wolters and Zimmerman 2010). To over-
come budgetary and operational limitations, many
administrations use a simplified PCI focusing on key sur-
face distresses to reduce data collection and PMS costs
while maintaining effective decision support (Kheirati
and Golroo 2022).

Pavement prediction methods are commonly divided
into two main categories: traditional statistical
approaches and machine learning (ML) techniques. In
recent years, advancements in data analytics have led to
the growing adoption of ML algorithms in pavement
performance prediction (Bashar and Torres-Machi 2021;
Ghodratabadi et al. 2025; Haddad et al. 2022;
Karballacezadeh et al. 2020; Kheirati and Golroo 2022;
Sholevar et al. 2022). Numerous studies have revealed
that ML models consistently outperform traditional
approaches in terms of prediction accuracy, flexibility,
and robustness (Marcelino et al. 2021). The strength of
ML lies in its flexibility and predictive accuracy, particu-
larly in modeling complex, nonlinear relationships
among features such as traffic loading, climate condi-
tions, and historical maintenance records (Gao et al.
2022; Kang et al. 2024).

Among the various ML algorithms applied to pave-
ment condition prediction, random forest (RF), a super-
vised learning technique, has been widely used in earlier
studies. The RF algorithm is an ensemble learning
method that builds multiple decision trees (Breiman
2001). RF constructs multiple decision trees by training
each tree on a random subset of the data through boot-
strap aggregating, commonly known as bagging. It can
carry out both classification and regression tasks
(Breiman 2001; Rebala et al. 2019). For classification
tasks, the RF model determines the final output through
majority voting among the trees, while in regression
problems it averages the predictions of all trees to
improve accuracy and stability (Breiman 2001; James

et al. 2013). By aggregating the results of these trees, the
RF algorithm reduces the problem of overfitting
(Alnagbi et al. 2024; Breiman 2001). While many ML
algorithms depend on continuous time-series data, RF
may also be suitable for limited, heterogeneous datasets
and intermittent data collection commonly observed in
municipal PMS (Afridi et al. 2025). Its bagging and ran-
dom feature selection may improve robustness to noise
in manually collected data. Consequently, several studies
have highlighted the robustness and accuracy of the RF
model over other ML models in predicting pavement
conditions (Afridi et al. 2025; Aranha et al. 2023; Chen
et al. 2025; Goenaga et al. 2022; Karballaeezadeh et al.
2020; Khoshgoftaar et al. 2007, Mansour et al. 2023;
Pérez Jara et al. 2024; Rind et al. 2026; Santos et al.
2025), the other models including support vector
machines (SVR), artificial neural networks (ANN), naive
Bayes (NB), k-nearest neighbors (k-NN), gradient boost-
ing tree (GBT), Gaussian process regression (GPR),
MS5P model trees, and categorical boosting (CatBoost).
Furthermore, RF has been reported to show broadly
similar predictive performance to eXtreme gradient
boosting (XGBoost) (Ahmed et al. 2022; Shaheen et al.
2025; Yazdi and Dehnad 2025), indicating that ensemble
learning methods generally provide strong and competi-
tive results in pavement condition prediction studies. In
addition, RF has proven effective in accurately estimat-
ing the PCI, as demonstrated in recent research (Afridi
et al. 2025; Santos et al. 2025).

Despite the demonstrated effectiveness of ML tech-
niques in pavement condition prediction, their perfor-
mance traditionally relies on the quality and
comprehensiveness of the input data (Gao et al. 2021;
Hosseini and Smadi 2021). As such, high-quality, consis-
tent, and timely data are generally preferred for develop-
ing reliable ML-based prediction models, although such
data are largely unavailable in municipal pavement man-
agement practice. Depending on available resources,
pavement condition data can be collected through vari-
ous methods, ranging from manual inspections (e.g.,
visual surveys and windshield assessments) to more
objective, sensor-based approaches, which may be either
automated or semi-automated (Bennett et al. 2007;
Sholevar et al. 2022). Automated distress data collection,
in particular, is generally preferred for PMS because of
its potential for greater accuracy, efficiency, and consis-
tency (Underwood et al. 2011).

However, in practice, the choice of data-collection
method for PCI estimation often varies by municipality,
especially in countries like Sweden where municipal
administrations differ in available resources, technical
capacity, and the size of their street networks (Afridi
et al. 2023). Most Swedish municipalities rely on the
windshield survey method because of its lower



Afridi and Erlingsson

operational cost, despite its subjectivity and limited pre-
cision (Afridi et al. 2023). Additionally, many Swedish
municipalities utilize locally developed pavement evalua-
tion guidelines derived from an internationally recog-
nized standard (ASTM 2020). Likewise, countries across
Europe including Denmark (Wilén 2016), Portugal
(Picado-Santos et al. 2004), France, Ireland, Italy, and
Switzerland (Ragnoli et al. 2018), along with the United
States (Miller and Bellinger 2014), have established
guidelines for pavement distress identification and assess-
ment. This diversity highlights the variations in munici-
pal practices and provides context for the current study.

A critical research gap exists in how pavement predic-
tion literature addresses the operational realities of
smaller municipal pavement administrations. The major-
ity of existing ML-based pavement models are developed
for highway networks or large metropolitan regions that
possess continuous, automated, sensor-based time-series
data. There is a notable gap in studies evaluating how
ensemble algorithms behave when confined to short-term
horizons using discrete, temporally sparse, and subjective
datasets typical of municipal PMS. The present work
addresses this gap by evaluating RF performance under
constrained, real-world municipal data conditions and
by examining whether meaningful short-term PCI pre-
diction is still achievable without continuous time-series
data.

This study seeks to improve municipal pavement
maintenance by enhancing PCI predictions over a 4 year
horizon based on the windshield survey method and
showing how RF models can potentially support
informed decisions on planning, resource allocation, and
intervention timing. However, long-term predictions may
include greater uncertainty because of asphalt material
developments and construction machinery and tech-
niques. To optimize the pavement maintenance planning
and execution, the effectiveness of RF models in predict-
ing the 2022 PCI ratings for both residential and nonresi-
dential streets has been evaluated. The models have been
developed using visually assessed pavement condition
data collected from Skelleftea Municipality, Sweden. The
performance of the models is tested on two datasets: one
derived from the 2018 pavement inventory and another
combining data from the 2014 and 2018 inventories.
Additionally, the study explores the predictive perfor-
mance of models for nonresidential streets when grouped
by common maintenance surface treatments. The study
also examines how different combinations of input vari-
ables affect model accuracy. A further objective is to
identify the key variables that most significantly influ-
ence PCI predictions within an urban municipal setting.
This study may therefore assist the municipality in plan-
ning maintenance activities in a timely manner and using
available budgets more effectively.

Methodology

The methodological framework adopted in this study is
illustrated in Figure 1 as a step-by-step workflow. It
consists of 10 steps covering data processing, variable
formulation, and model development and evaluation
for PCI prediction. This structured process provides a
reproducible framework that may be utilized with
municipality-specific datasets. These steps are described
in the “Data Description” and “Model Description”
sections.

Data Description

Pavement Data Acquisition and Management
Overview

The study utilizes multi-temporal pavement condition
data obtained from Skellefted Municipality in Sweden,
where Step 1 of the methodological workflow (Figure 1)
focuses on pavement data acquisition. The compiled
dataset consisted of street network assessments carried
out in 2014 and 2018, which were validated against the
2022 pavement condition data. Data were collected
through the windshield approach, which involved cap-
turing GPS-coordinate images of the street surface con-
ditions (Afridi 2024). Following pavement condition
data collection, municipal experts conducted pavement
condition assessments during the post-processing phase.
In the compiled date. street pavements are typically
divided into 100m segments to ensure uniformity in
assessment. The data contain detailed information on
the functionality of street pavements, pavement geome-
try, age of pavement surface, distress, PCI ratings, and
traffic volume. Moreover, the database includes recent
maintenance details such as treatment year and type,
and materials used (Afridi 2024). However, climate vari-
ables were not considered in this study because the
municipality does not collect climate data for street net-
work management, due to the small variation in climate
conditions throughout the municipality’s geographical
area. Additionally, limited resources make it difficult for
the municipality to document groundwater and sub-
grade conditions.

The street network of Skellefted Municipality spans
approximately 400 km and is divided into four functional
categories: residential, main, collector, and industrial
streets. Residential streets comprise the majority of the
network (336 km, 78%), followed by main (62 km, 14%),
collector (19km, 5%) and industrial streets (12km, 3%)
(Afridi 2024). For this study, street segments with missing
data or incomplete maintenance records were excluded.
The remaining street segments were included in the anal-
ysis, as detailed in the “Data Cleaning” and “Data
Selection and Categorization” sections.
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» Data 1 (2018 only) and Data 2 (2014 & 2018 combined)
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Step 4: Data Selection and Categorization
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» Grouping by street type and maintenance treatment type
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Step 5: Model Variables
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Step 6: Model Input Combinations
e Data 1 vs Data 2 and variable combinations
- J

4

Step 7: Model Development
« RF implementation using R (caret) with data centering and scaling
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Step 8: Hyperparameter Tuning
« Grid search optimization of ntree (250-1000) and mtry (2-10)
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Step 9: Model Validation
* Repeated k-fold cross-validation (10-fold & 5-fold)
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Step 10: Model Evaluation & Interpretation
* MAE, RMSE, R2 and variable importance analysis
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Figure I. Overview of the methodological workflow for
pavement condition modeling.

Residential streets, located mainly in housing areas,
are designed for low vehicle flow, whereas main streets
offer the highest mobility in the network and generally
experience the most traffic. In contrast, industrial
streets are built to support heavy traffic in industrial
zones. Collector streets connect residential and indus-
trial areas to main roads and provide lower mobility.
Street classification is primarily used for pavement
management, including maintenance prioritization and
budget allocation.

To assess pavement performance, Skellefted
Municipality employs PCI ratings ranging from 0 to 100,
where 100 represents excellent condition and 0 a failed
condition (Afridi et al. 2025; ASTM 2020). The pave-
ment condition is further classified into four categories
based on these PCI ratings (Afridi et al. 2025):

Green (81-100): Good condition
Yellow (61-80): Fair condition
Red (41-60): Poor condition
Black (0—40): Very poor condition

Experts apply locally developed guidelines (Wagberg
2003) to evaluate pavement surface conditions by exam-
ining six types of distress: surface unevenness (SU), alli-
gator cracking (ACR), longitudinal and transverse
cracking (CR), rutting (RUT), raveling (LAR), and mis-
cellaneous defects (SD) (Afridi et al. 2025). In this con-
text, experts assessed pavement conditions in accordance
with the guidelines shown in Table 1 (Afridi et al. 2025).

Table 1 illustrates how severity and density are used
to evaluate pavement distress within the municipality’s
PMS. Severity represents the intensity of the distress and
is divided into three categories—low, moderate, and
high—while density reflects the extent of the pavement
surface affected, shown as a percentage (Afridi et al.
2025; Wagberg 2003). For each severity category, the
extent of the pavement affected is assessed, and the cor-
responding difficulty level (I, II, or III) is assigned to
reflect the complexity of maintenance required. PCI
deduct points are then selected based on the combination
of severity, density, and difficulty level, providing a
quantitative measure of the distress’s impact on the pave-
ment segment. In essence, higher difficulty levels indicate
more severe deterioration, complicating maintenance
treatments, and are not tied to street classification. If the
affected pavement (%) exceeds the range for a severity
category, the next density category is applied to deter-
mine the appropriate PCI deduct points. For rutting,
PCI deduct points remain constant within each difficulty
level, as the rut is a channelized feature. Pavements exhi-
biting rutting may undergo additional assessment later if
required to ensure maintenance needs are properly
addressed (Afridi et al. 2025). In this context, the
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Table I. Pavement Distress Types and the Corresponding Assessment Guidelines Applied in the Municipality’s PMS.

Density levels (PCI deduct points)

Distress type Severity levels  Affected pavement (%)  Difficulty level |  Difficulty level Il Difficulty level IlI
Surface unevenness (SU) Low <20 20 35 50
Moderate 20-50 35 50 65
High >50 50 65 70
Alligator cracking (ACR) Low <20 30 45 60
Moderate 20-50 45 60 75
High >50 60 75 85
Longitudinal/transverse Low <20 5 15 30
cracking (CR) Moderate 20-50 I5 30 50
High >50 30 50 75
Rutting (RUT) Low <20 15 40 70
Moderate 20-50 I5 40 70
High >50 I5 40 70
Raveling, including asphalt Low <20 5 15 30
hardening (LAR) Moderate 20-50 I5 30 50
High >50 30 50 75
Miscellaneous surface defects (SD)  Low <20 5 10 20
Moderate 20-50 10 20 40
High >50 20 40 60

Note. PMS = pavement management systems; PCl = pavement condition index.

Figure 2. Residential street segment used for visual pavement condition assessment (Image courtesy of Skellefted Municipality).

value, which is the sum of all deduct values for the vari-
ous pavement distresses on the street segment.
Figure 2 displays a residential street segment used in

pavement condition for pavement segments is calculated
using Equation 1 below (Estholm 2019; Shahin 2005):

PCI = 100 — WDV (1) the evaluation, while Table 2 provides deta%led informa-
tion on the street pavement geometry, distress types,
where WDV = weighted distress value = 0.63636- severity, and density. This particular pavement segment

(x—10)—0.001715-(x—10)-(x—120), and x = total deduct  falls into the red category, indicating its poor condition
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Table 2. Attributes and Condition Assessment Data for Residential Street Pavement.

Attribute Value
Street class Residential
Street name Travvigen
Street segment ID 2727
Length (m) 105
Width (m) 6

Area (m?) 630

Severity of distress

Distress type Low <20% Moderate 20%-50% High >50% Deduct value (points)
Su — — — —

ACR — — — —

CR — — Yes 50

RUT — — — —

LAR — — Yes 30

SD Yes — — 5

Total deduct value (x) 85

WDV =0.63636-(x—10)—0.001715-(x—10)-(x—120) 52

PCl rating = 100— WDV 48

Remarks: Red category pavement segment as per PMS

Note. SU = surface unevenness; ACR = alligator cracking; CR = longitudinal/transverse cracking; RUT = rutting; LAR = raveling, including asphalt hardening;
SD = miscellaneous surface defects; WDV = weighted distress value; PCl = pavement condition index; PMS = pavement management systems.

and the need for immediate maintenance treatment
before it ends up in the black category of streets.

Temporal Dataset Configurations

To enable prediction of future pavement conditions,
the dataset is organized into two alternative temporal
configurations in Step 2 of the methodological work-
flow illustrated in Figure 1. These configurations are
derived from pavement condition data collected in
2014, 2018, and 2022 to predict 2022 PCI ratings for
both residential and nonresidential streets. Based on
these configurations, two main datasets were used for
modeling:

» Data 1: Contains pavement condition data from
2018 only.

> Data 2: Integrates pavement condition data from
2014 and 2018.

It is assumed that pavement deterioration follows a
gradual and predictable trend over time. Therefore, using
1 year (2018) or 2years (2014 and 2018) of past data is
sufficient to capture the effect of previous conditions and
maintenance on the 2022 PCI. The focus of this study is
on cross-sectional PCI prediction rather than full time-
series forecasting between 2014 and 2022. Based on these
datasets, the following four modeling approaches were
established in the study:

» To predict the 2022 PCI ratings for both residen-
tial and nonresidential streets using Data 1.

» To predict the 2022 PCI ratings for both residen-
tial and nonresidential streets using Data 2.

» To predict the 2022 PCI ratings of nonresidential
street segments when considering maintenance
treatments, using Data 1.

» To predict the 2022 PCI ratings of nonresidential
street segments when considering maintenance
treatments, using Data 2.

Data Cleaning

Following dataset configuration, the datasets were
refined through a systematic cleaning process in Step 3 of
the methodological workflow illustrated in Figure 1. The
dataset was manually refined through a data-cleaning
process to enhance analytical accuracy. The following
data were excluded:

e Streets receiving only minor maintenance treat-
ments (e.g., crack sealing or patching) before 2022,
as these do not substantially improve PCI ratings
or reset pavement age. This condition was applied
to ensure a more accurate calculation of pavement
age after maintenance. The year 2022 was chosen
because the model predicts pavement conditions
for that year. This choice may introduce some bias
and is considered a limitation of the study.
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Table 3. Nonresidential Street Segment Data Categorized by Latest Common Maintenance Treatment.

Maintenance treatment Description

No. of street segments

Thin asphalt overlay (MTI)

Applies a 20—30 mm thin asphalt layer to the existing pavement 70

surface as a surface-leveling treatment to improve ride quality.

Thick asphalt overlay (MT2)

Applies 2 40 mm thick asphalt layer to the existing pavement surface 9

as a surface treatment to improve ride quality and extend

pavement life.
Milling and surfacing (MT3)

Involves removal of the existing asphalt layer to a specified depth Il

across the full pavement width, followed by surfacing with a new
asphalt layer to restore and improve the pavement.

Major pavement rehabilitation (MT4)

Involves removing multiple existing top layers of pavement and 39

applying several new asphalt layers, along with additional measures
to strengthen the pavement and extend its service life.

Note. No. = number.

e Streets classified as green category, which had no
recorded treatments over extended periods and for
which the information in the database may be out-
dated. This is considered a minor limitation of the
study.

e Streets showing improved PCI ratings without any
treatments, probably due to error in the pavement
condition assessment process.

Data Selection and Categorization

Data selection and categorization for model develop-
ment, corresponding to Step 4 of the methodological
workflow illustrated in Figure 1, were conducted follow-
ing the data-cleaning process. To ensure reliable tem-
poral prediction of pavement conditions, street segments
containing both pavement age data and three condition
assessments were retained. For analysis, the data were
then grouped into two categories, residential and nonre-
sidential, with the nonresidential group comprising main,
industrial, and collector streets. Models were developed
and applied separately for each group of street pave-
ments. The dataset used in the models consisted of 229
nonresidential and 389 residential street segments.
Traffic volume data were included only in the models for
nonresidential streets. Additionally, the municipality has
insufficient traffic data for residential streets, so that fac-
tor was excluded from the residential street models.
Moreover, the nonresidential segments were categorized
based on the latest commonly performed maintenance
treatment into four common types: thin asphalt overlay
(MT1), thick asphalt overlay (MT2), asphalt milling and
resurfacing (MT3), and major pavement rehabilitation
(MT4). These categories were used as a basis for building
additional models to evaluate whether segmenting the
data by treatment type improves model accuracy and
better captures deterioration patterns related to mainte-
nance treatment. It should be noted that maintenance

effects were not explicitly included as causal variables,
but their influence is incorporated in the models through
pavement age and treatment-based stratification.
Therefore, the models capture overall condition trends
rather than explicitly quantifying the immediate effects
of maintenance treatments. The descriptions and number
of segments in each category are summarized in Table 3.

Model Variables and Input Combinations

Model variables were defined in Step 5 of the methodo-
logical workflow (Figure 1), while Step 6 establishes the
corresponding input combinations based on Data 1 and
Data 2. These variables include six types of distresses
(SU, ACR, CR, RUT, LAR, SD), the weighted distress
value (WDYV), the previous PCI rating (S), and the pave-
ment age of the surface layer (A4). Traffic (7)—which
includes both light traffic (L7) and heavy traffic (HT)—
is considered only for models for nonresidential streets.
These variables are combined in various ways to assess
model performance for both residential and nonresiden-
tial street groups, as outlined below.

e A4 stands for pavement age at the 2022 assessment,
indicating the time elapsed since last maintenance.
While age is included as a numeric predictor, the
models do not explicitly represent pavement life-
cycle phases (e.g., early, middle, late deteriora-
tion). The models are intended for PCI prediction
over a 4year timeframe and do not explicitly rep-
resent the mechanistic processes of pavement
deterioration.

® D includes all six pavement distresses and WDV,
assessed in 2014 and 2018.

T represents average weekday traffic volumes.

e S refers to previous PCI ratings assessed in 2014
and 2018, corresponding to Status2014 and
Status2018.
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Based on these defined variables, the study utilizes
multiple input variable combinations for model perfor-
mance across Data 1 and Data 2, including 4+ D,
A+T, A+D+S, A+ D+ T, and the full set of variables
A+ D+ S+ T, to identify the best combination of vari-
ables in the prediction of PCI ratings for 2022.

Model Description

This section corresponds to Steps 7-10 of the methodolo-
gical workflow (Figure 1), covering model development,
hyperparameter tuning, validation procedures, and per-
formance evaluation.

Model Development and Optimization

The models were developed using the R programming
environment, using the caret2 (classification and regres-
sion training) package (Kuhn 2008). The RF algorithm
was utilized to predict the PCI of street pavement seg-
ments for 2022, using different datasets (Data 1 and Data
2) along with various input variable sets for residential
and nonresidential streets. Before training the models,
data preprocessing was performed. The dataset was cen-
tered and scaled to ensure comparability across variables
and to prevent dominance of variables with larger scales.

The training and tuning process of models is outlined
below (Afridi et al. 2025), with two tuning parameters
specified:

1. ntree: the number of trees in the forest, which var-
ied between 250 and 1000.

2.  mtry: the number of features randomly sampled
as candidates at each split, with values ranging
from 2 to 10.

Model Evaluation

The k-fold cross-validation (CV) method was adopted to
evaluate the performance of models—this is a commonly
applied approach in ML studies to assess predictive accu-
racy (James et al. 2013). A seed value of 123 was used to
initialize the random number generator, ensuring consis-
tent and repeatable results.

In this method, the dataset is randomly divided into
“k” equally sized folds (James et al. 2013; Jung 2018).
During each iteration, one fold is used as the validation
set, while the remaining k—1 folds are used for training.
This process is repeated k times, allowing each fold to
serve as the validation set once. By randomly assigning
folds in each repetition, this technique helps minimize
bias and variance, ensuring all data points contribute to
both training and validation (James et al. 2013).

A 10-fold CV approach was applied to residential and
nonresidential street segments, as it provided stable and
reliable performance estimates for these larger datasets.
For nonresidential streect models subdivided by the main-
tenance treatment types, a 5-fold CV approach was used,
which was more suitable for the smaller subset. In the
10-fold CV approach, each dataset was randomly parti-
tioned into 10 equally sized folds. For each iteration, one
fold served as the validation set, while the remaining nine
were used for model training. This process was repeated
10 times, producing 100 estimates for each performance
metric, thereby providing a robust evaluation. However,
in the case of the 5-fold CV approach, data were split
into five equal folds and the process was repeated five
times, which resulted in 25 estimates for each perfor-
mance metric.

To address uncertainty in model evaluation, each CV
procedure was repeated the same number of times as its
fold structure—10 repetitions for 10-fold CV and five
repetitions for 5-fold CV. This allowed analysis of the
variation in performance metrics across iterations, cap-
turing the randomness inherent in model training and
offering insights into the reliability and stability of the
predictions. In the case of RF, this randomness stems
from bootstrapping and the random selection of features
at each split. Repeating the CV process ensures that
model performance estimates are robust and less affected
by random fluctuations. Model evaluation involved com-
puting the median of each performance metric across all
iterations, ensuring a stable and representative measure
throughout the 10- or 5-fold CV process. The key
metrics used to evaluate the models’ accuracy and pre-
dictive capability were mean absolute error (M AE), root
mean square error (RMSE), and the coefficient of deter-
mination (R%), as presented in Equations 2, 3, and 4,
respectively:

(2)

(3)

RZZI_ZE\VJZIO/I'_)A/I')E (4)
21:1 (yi_yi)

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

After the models had been evaluated via CV, the pre-
dicted and observed PCI ratings, together with R?, were
calculated during the testing phase using the entire data-
set and were then visualized for further analysis.
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Table 4. Performance of RF Models for Residential Streets Using 10-Fold CV.

Training stage

Testing stage

Dataset (assessment year) Variables MAE RMSE R? R?

Data | (2018) A+D 10.67 14.11 0.56 0.69
A+D+S 10.27 13.50 0.58 0.74

Data 2 (2014 & 2018) A+D 1.0l 14.07 0.56 0.74
A+D+S 10.54 13.72 0.58 0.78

Note. RF = random forest; CV = cross-validation; MAE = mean absolute error; RMSE = root mean square error. A = pavement age; D = pavement distress

mechanisms; S = previous pavement condition index ratings.

To further improve interpretability of models, variable
importance was assessed using the varlmp function from
the caret package. It was evaluated by measuring the rise
in prediction error (mean decrease in accuracy) caused by
the random permutation of each variable.

Results

This section outlines the results of RF models developed
to predict 2022 PCI ratings for both residential and non-
residential streets, along with additional models based on
maintenance treatments for nonresidential streets.

Residential Streets

The performance of four RF models developed for resi-
dential streets using different input variable sets to pre-
dict PCI ratings for 2022 is summarized in Table 4.
Median values of MAE, RMSE, and R* are provided for
the training stage, along with R> for the testing stage.
The models were evaluated through a 10 X 10-fold CV.

It can be seen in Table 4 that RF models produced
better predictions of the 2022 PCI ratings when the S
variable was included along with 4 and D. In both data-
sets, adding S consistently improved model performance.
For Data 1, using the (4+ D) variable set, the training
R? was 0.56, with MAE = 10.67 and RMSE = 14.11.
With the use of the (4+ D+ S) variable set, the training
R? increased to 0.58, corresponding to a 4% improve-
ment. MAE decreased to 10.27 and RMSE to 13.50,
both showing a 4% reduction. In the testing stage, R’
increased from 0.69 to 0.74, a 7% improvement. In the
RF(A+ D+ S) model, the top five most significant fea-
tures for predicting the 2022 PCI ratings based on Data
1 were Status2018 (100%), WDV (94%), LAR (62%), A
(18%), and SU (17%).

A similar trend was observed in Data 2, based on 2014
and 2018 pavement condition data. With the (4 + D) vari-
able set, the training R* was 0.56, with MAE = 11.01 and
RMSE = 14.07. With the (A+D+S) variable set, the
training R* increased to 0.58, again a 4% improvement.
MAE decreased to 10.54 and RMSE to 13.72, representing

4% and 3% reductions, respectively. In the testing stage,
R? increased from 0.74 to 0.78, a 5% improvement. In
terms of variable importance for predicting the 2022 PCI
rating, the top five features in the RF(A4+ D +.S) model
based on Data 2 were Status2018 (100%), WDV (92%),
LAR (67%), SU (29%), and A4 (22%).

Figure 3 displays scatter plots of predicted versus
observed PCI ratings for 2022 with a fitted trendline,
using Data 1 and Data 2, to assess accuracy of the mod-
els for residential streets by input variable sets in the test-
ing stage. As illustrated in Figure 3, RF(4+D+YS)
models appear to show the closest alignment with the
trendline, indicating higher accuracy in both datasets.
The trendline captures the predicted PCI ratings based
on the observed data quite well, except for the very low
PCI ratings, where the prediction models tend to overes-
timate. Overall, the inclusion of the S variable appears to
enhance the predictive capability of the models across
both datasets, confirming its importance in capturing
deterioration trends not fully reflected by the (4+ D)
variable set.

Nonresidential Streets

A comparative analysis of eight RF models, using differ-
ent input variable sets to predict 2022 PCI ratings for
nonresidential streets based on both Data 1 and Data 2,
is presented in Table 5. The models were evaluated
through 10-fold CV. The table shows median values of
MAE, RMSE, and R’ in the training stage, along with
R’ for the testing stage.

In Table 5, it can be seen that in both datasets, the RF
models with a complete set of input variables consistently
outperformed simpler models.

For Data 1 (2018), using the (4 + D) variable set, the
training MAE was 9.13, RMSE 11.99, and R? 0.51. In
testing, R* increased to 0.66, a 29% improvement rela-
tive to training. In the case of the (4+ T) variable set,
training R* decreased to 0.35 (31% decrease compared
with [4+ D]) but testing R> slightly improved to 0.71
(8% increase over [A+ D]). With the (A+ D+ T) vari-
able set, testing R further improved to 0.77, representing
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Figure 3. Predicted versus observed PCl ratings for 2022 for residential streets, showing model accuracy by input variable sets in the

testing stage.

Note. PCI = pavement condition index; RF = random forest; A = pavement age; D = pavement distress mechanisms; S = previous PCl ratings.

Table 5. Performance of RF Models for Nonresidential Streets Using 10-Fold CV.

Training stage

Testing stage

Dataset (assessment year) Variables MAE RMSE R? R?

Data | (2018) A+D 9.13 11.99 0.51 0.66
A+T 9.24 13.67 0.35 0.71
A+D+T 8.11 11.05 0.57 0.77
A+D+S+T 7.66 10.76 0.60 0.79

Data 2 (2014 & 2018) A+D 8.76 11.62 0.56 0.71
A+T 9.39 13.65 0.35 0.71
A+D+T 8.15 11.24 0.57 0.78
A+D+S+T 7.64 10.87 0.59 0.79

Note. RF = random forest; CV = cross-validation; MAE = mean absolute error; RMSE = root mean square error. A = pavement age; D = pavement distress
mechanisms; T = average weekday traffic volumes; S = previous pavement condition index ratings.

a 17% increase relative to (4 + D). The best results were
achieved with the full variable set (4 + D+ .S+ T), which
reduced training MAE to 7.66 (16% decrease) and
RMSE to 10.76 (10% decrease), while increasing training
R? to 0.60 (18% increase). In testing, R* increased to

0.79, a 20% improvement relative to (4+ D). The five
most  important  features in  the  leading
RF(A+ D+ S+ T) model for predicting the 2022 PCI
were WDV (100%), Status2018 (92%), LAR (50%), LT
(49%), and A4 (43%).
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In the case of Data 2 (2014 and 2018), the (4+ D)
variable set resulted in a training MAE of 8.76, RMSE
of 11.62, and R? of 0.56. In testing, R? increased to 0.71,
a 27% improvement relative to training. Using the
(A+T) variable set, training R* dropped to 0.35 (a 38%
decrease), while the testing R® remained unchanged at
0.71. The (A + D+ T) variable set further improved per-
formance, with training R” rising to 0.57 (a 2% increase
over [A+ D]), MAE decreasing to 8.15 (7% reduction),
and RMSE to 11.24 (3% reduction). Testing R>
increased to 0.78, a 10% improvement relative to
(A+ D). The full variable set (A+D+S+7) again
achieved the best results, reducing training MAE to 7.64
(13% decrease) and RMSE to 10.87 (6% decrease), while
training R” increased to 0.59 (5% increase). In the testing
stage, R reached 0.79, an 11% improvement relative to
(A+ D). The top five most important predictor variables
in the top-performing RF (4+ D+ S+ 7T) model were
WDV (100%), Status2018 (98%), LAR (57%), A (46%),
and LT (44%) for predicting the 2022 PCI.

Figure 4 shows scatter plots of predicted versus
observed PCI ratings, illustrating the accuracy of RF
models for nonresidential street pavements using Data 1
and Data 2 across different input variable sets in the test-
ing stage. It can be seen that RF(4+ D+ S+ T) appears
to align most closely with the trendline and demonstrates
higher accuracy in both datasets. Overall, the results sug-
gest that RF(A+D+S+T) consistently outperforms
simpler combinations. The complete set of variables
enhances the ability of the model to capture deteriora-
tion trends over time, leading to more accurate PCI
predictions.

Nonresidential Streets—Models for Specific
Maintenance Treatment Types

Separate RF models were developed for nonresidential
street segments by dividing the dataset into four mainte-
nance treatment categories (MT1-MT4; see Table 3).
Each model used the full predictor set (4+ D+ S+ T) to
forecast the 2022 PCI ratings, based on Data 1 (2018)
and Data 2 (2014 and 2018). The models were evaluated
through 5-fold CV. Table 6 presents the median training
values of MAE, RMSE, and R for each model, along
with the corresponding testing. Figure 5 provides a visual
comparison of predicted versus observed PCI ratings for
these models in the testing stage.

Models for MT1 show very similar performance
across the two datasets. The training R> decreased by
14% with Data 2, from 0.57 to 0.49, suggesting that the
broader timespan introduces more variability. The test
stage R? remains high (0.80 with Data 1, 0.79 with Data
2), indicating strong agreement between predicted and
observed PCI ratings. In contrast, MT2 yields the lowest

errors and a perfect training R* of 1.00. However, the
limited data suggest that the model may be overfitting,
and more data are needed to assess its ability to general-
ize the variance characteristic of the available dataset.
Meanwhile, with the largest sample, MT3 delivers consis-
tent performance in the testing stage (R*> = 0.78 in both
datasets). Prediction errors in the training stage changed
slightly, with M AE increasing by 2% (7.58 to 7.76) and
RMSE decreasing by 4% (11.24 to 10.82), yet the predic-
tion accuracy remained unaffected with Data 2. On the
other hand, MT4 models show a slight increase in train-
ing R? by 2% (0.62 to 0.63) and increases in MAE and
RMSE by 2.5% (5.94 to 6.09) and 4.5% (8.61 to 9.00).
In the testing stage, R> decreased slightly by 1% (0.74 to
0.73), suggesting greater variability in PCI predictions.
Overall, comparisons between Data 1 (2018 only) and
Data 2 (2014 and 2018) reveal that using both datasets
did not significantly improve performance, although the
results remained largely consistent across treatments,
which may indicate robustness in the model’s predictive
capabilities.

Discussion

This section provides a detailed discussion on the 20 ML
models developed for predicting PCI ratings for the year
2022 for both residential and nonresidential streets.

Residential Street Models

The performance of RF models for residential streets is
significantly influenced by the input variables used in the
PCI predictions. Across the various models and input
variable sets, the addition of (S) consistently improves
model performance. Models incorporating (4+ D+.S)
variables provide more accurate predictions compared
with those using only (4 + D).

Analysis of variable importance showed that
Status2018 (previous PCI rating), WDV, and raveling
(LAR) were the most influential predictors. This indicates
that prior pavement conditions and overall distress sever-
ity are the primary drivers of PCI predictions. Pavement
age (A) and surface unevenness (SU) had smaller but
noticeable effects. These findings highlight which factors
should be prioritized when assessing pavement deteriora-
tion and planning maintenance interventions.

A comparison of results between Data 1 and Data 2
shows that the additional data in Data 2 slightly affects
the performance of models. For example, training MAE
increased by 2%—-3%, RMSE increased slightly by 1%-—
2%, while training R* remained unchanged. The testing
R? improved by 5%—7%, indicating a modest enhance-
ment in the model’s ability to explain variance and main-
tain consistent predictions over time.
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Figure 4. Predicted versus observed PCl ratings for 2022 for nonresidential streets by input variable sets in the testing stage.

Note. PCl = pavement condition index; RF = random forest; A = pavement age; D = pavement distress mechanisms; T = average weekday traffic volumes;
S = previous PCl ratings.
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Table 6. Performance of RF(A+D+S+T) Models for Nonresidential Streets by Specific Maintenance Treatment Type Using 5-Fold CV.

Training stage Testing stage

Maintenance treatment type (n = no. of street segments) Dataset MAE RMSE R? R?
MTI (n =70) Data | 9.39 12.55 0.57 0.80
Data 2 9.36 13.22 0.49 0.79
MT2 (n=9) Data | 2.67 3.55 1.00 0.86
Data 2 2.67 3.52 1.00 0.8l
MT3 (n=111) Data | 7.58 11.24 0.50 0.78
Data 2 7.76 10.82 0.42 0.78
MT4 (n = 33) Data | 5.94 8.6l 0.62 0.74
Data 2 6.09 9.00 0.63 0.73

Note. RF = random forest; A = pavement age in 2022; D = pavement distress; S = previous pavement condition index ratings; T = average weekday traffic
volumes; CV = cross-validation; no. = number; MAE = mean absolute error; RMSE = root mean square error.

In terms of performance metrics, RF with the
(4+ D+ S) variable set consistently outperformed RF
(4 + D) models across both datasets in the training stage.
For Data 1, adding (S) reduced MAFE by 3.8% and
RMSE by 4.3%, while increasing R by 3.6%. Similarly,
for Data 2, MAE decreased by 4.3% and RMSE by
2.5%, with R* increasing by 3.6%. It can be said that
adding the (S) variable enhances the model’s ability to
capture pavement deterioration trends more accurately.

In the testing stage, the RF(4 + D + S) model achieved
the highest R* values across both datasets, with a 7%
increase for Data 1 and a 5% increase for Data 2. This
indicates slightly better predictive ability and consistent
ranking of PCI ratings over time. Overall, for predicting
2022 PCI ratings of residential street pavements,
RF(A4 + D+ S) remains comparatively the most reliable
model for short-term predictions.

Nonresidential Street Models

The performance of nonresidential street models
improves with the inclusion of additional variables (T
and S). Models using (4+ D+ S+ T) consistently out-
performed simpler models. RF(4+ D+ S+ T) achieved
the highest performance in both training and testing
stages.

Variable importance analysis indicated that WDV,
Status2018, and LAR were the primary drivers of short-
term PCI predictions for nonresidential streets. Traffic
and pavement age also contributed noticeably, reflecting
the influence of traffic loading and aging on pavement
performance. Identifying the most important predictors
provides guidance for maintenance planning, scheduling
surface treatments, and allocating resources across main,
collector, and industrial streets.

When comparing model performance between the two
datasets, the use of Data 2 generally resulted in slight
improvements across most models. For example, even

the simplest model, RF (4 + D), demonstrated a 10%
increase in training R? when Data 2 was used, accompa-
nied by reductions of 4% and 3% in MAE and RMSE,
respectively. This suggests that incorporating more his-
torical data may help the model capture variability and
trends in pavement performance over time. However, the
RF (A4 + T) model showed negligible improvement, indi-
cating that traffic or age alone contribute less to explain-
ing variance across different datasets. For the RF
(A+ D+ T) model, the training R” increased by approxi-
mately 1%, while MAE and RMSE decreased by
1%—-2%, suggesting slight improvement.

In  terms of  performance  metrics, the
RF(A+ D+ S+ T) model consistently demonstrated the
best overall performance across both datasets. In the
training stage, R” slightly decreased by 1.7% with use of
Data 2, probably due to the added variability from
incorporating older condition data. However, MAE
decreased marginally by 0.3%, and RMSE increased
only by 1%, indicating negligible changes in predictive
accuracy.

Predictive performance confirms that including addi-
tional variables improves the agreement between pre-
dicted and observed PCI ratings. Using all variables
(A+D+S+T), the testing R* reached 0.79 for both
datasets, indicating that the RF(A4+ D+ S+ 7T) model
provides the best fit to the data.

Overall, considering the models’ ability to predict the
2022 PCI rating of nonresidential street pavements,
RF(4+ D+ S+ T) emerges as the most suitable model in
both training and testing stages, with the lowest MAFE
and RMSE and the highest R*.

Models for Specific Maintenance Treatment Types

When comparing model performance for nonresidential
street predictions using 5-fold CV on Data 1 and Data 2,
notable variations were observed in predicting the PCI
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rating for 2022 based on specific maintenance treatment
types (MT1, MT2, MT3, and MT4), as described in
Table 3, and input variables (4+ D+ S+ 7).

The performance of the RF models across different
maintenance treatment types may provide important
insights into how pavement deterioration varies with
treatment history and data availability. For MT1, test-
ing R* decreased only slightly by 1% with Data 2
usage, while training R? decreased by 14%, from 0.57
to 0.49, indicating slightly greater variability in the
expanded dataset. Similarly, for MT3, predictive accu-
racy remained stable in testing, with testing R’
unchanged at 0.78, while training R> declined by 16%,
from 0.50 to 0.42, suggesting that Data 2 may have
introduced variability in training but not in PCI pre-
diction. The results indicate that using Data 2 slightly
increased variability in training performance but did
not negatively affect predictive accuracy. This suggests
that deterioration patterns for these treatment types
may remain relatively stable, probably due to standar-
dized construction practices or uniform post-treatment
performance lifespans.

In contrast, the MT2 category achieved perfect train-
ing accuracy (R>= 1.00) for both datasets, indicating
clear overfitting—most probably due to the very small
sample size (n =9). The testing R*> dropped by 6%,
reflecting the model’s limited ability to generalize the
variance present in the available dataset. This suggests
the need for a larger and more representative dataset for
MT?2 to develop robust predictive models.

The MT4 model exhibited slightly weaker predictive
performance compared with the other treatment cate-
gories. The training R® increased marginally by 2%,
while the testing R? decreased slightly by 1%, from 0.74
to 0.73. At the same time, M AFE and RMSE increased by
approximately 3% and 5%, respectively, indicating a
modest decline in predictive precision. In the testing
stage, R decreased slightly from 0.74 with Data 1 to
0.73 with Data 2. This might reflect either inherent varia-
bility in the materials used or environmental exposure,
and suggests that unobserved or unmodeled variables
may need to be incorporated in future models.

Data Frequency and Model Performance

This study applied a cross-sectional predictive modeling
approach using visually assessed pavement condition
data, collected in 2014 and 2018 and compared with the
2022 pavement condition data. The main objective was
to evaluate and compare the performance of RF models
in predicting the 2022 PCI ratings over a 4 year forecast
horizon, with a focus on the effects of different datasets,
input variables, and maintenance treatment types, rather
than modeling continuous temporal trends.

Although the same street segments were observed in
2014, 2018, and 2022, the approach represents cross-
sectional predictive modeling using historical data rather
than a classical time-series analysis. A true time-series
approach would require more frequent condition mea-
surements per segment to explicitly capture the temporal
evolution of PCI.

Combining data from 2014 and 2018 did not signifi-
cantly improve model performance, suggesting that
pavement deterioration patterns in 2014 were likely not
substantially different from those in 2018. However, fur-
ther research would be needed to determine whether
incorporating multiple prior years consistently enhances
predictive robustness or introduces additional variability
in generalized models. Interestingly, the testing R values
were slightly higher than training R* across models. This
probably reflects lower variability in the testing dataset,
which allowed the models to capture PCI patterns more
consistently rather than indicating overfitting.

Benchmarking and Practical Implications

To place the cross-sectional performance results of the
developed models in a broader context, several studies
have reported comparable predictive performance for
alternative ML models such as ANN, SVR, k-NN, and
GBT, as well as hybrid gradient boosting approaches
(e.g., XGBoost, light gradient boosting machine, and
ensemble stacking), in predicting pavement condition.
Such models have been shown to perform well in data-
rich environments such as highway networks and long-
term monitoring systems, where continuous, high-quality
time-series data are available. However, the performance
of these models under the condition of limited, intermit-
tent, and visually assessed municipal datasets remains
less consistently documented in the literature. In con-
trast, municipal PMS often rely on sparse, subjective,
and short-term pavement assessment data, introducing
additional uncertainty during model development.
Benchmarking the developed RF models against these
alternative ML and hybrid approaches under similar
municipal data conditions therefore remains important
to better understand overall model robustness and gener-
alizability. Future work could extend this benchmarking
by applying these alternative ML methods to the same
dataset to further assess predictive performance under
constrained municipal data conditions.

From a practical perspective, the findings suggest that
PCI prediction models may be developed using limited
historical datasets and a set of significant variables. Data
from one or two prior assessments may be sufficient for
general network-level forecasting in similar contexts.
However, segment-specific models would likely benefit
from longer time-series observations to better capture
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temporal deterioration trends. Regular PCI assessments
(e.g., annually or semi-annually) may support time-series
modeling of individual street pavements and potentially
improve prediction accuracy over time.

Municipalities with limited technical or financial
resources may apply these findings by selecting appropri-
ate models for different street classifications and mainte-
nance treatments. Essential data requirements may be
defined using cost-efficient windshield surveys that focus
on the most influential variables identified in this study.
Concentrating on key predictors such as previous PCI,
distress severity, traffic, and pavement age may support
practical, data-driven pavement management strategies
without requiring extensive data-collection programs.
While implementing ML models requires a baseline level
of computational proficiency, smaller municipal pavement
administrations may bridge this gap using open-source
packages or graphical interfaces. Furthermore, variation
in predictor importance across residential and nonresiden-
tial streets may reflect differences in deterioration mechan-
isms rather than indicating limitations in model
performance. Consequently, stratified models based on
street type and maintenance treatment may better repre-
sent network heterogeneity than a single global model.

The developed models may support maintenance sche-
duling and budget allocation at both the network and
project levels. By predicting future PCI ratings, munici-
palities may identify streets approaching critical condi-
tion thresholds and prioritize timely interventions. This
approach may enable preventive treatments before costly
rehabilitation becomes necessary, thereby potentially
improving life-cycle cost efficiency.

Furthermore, predicted pavement conditions may be
used to estimate maintenance backlogs and funding
requirements. Municipalities may develop budget scenar-
ios based on forecasted deterioration trends, and such
scenario-based projections may help support the justifica-
tion for securing additional funding and allocating
resources more effectively. Municipalities may also com-
municate pavement maintenance needs more clearly to
decision-makers and stakeholders. Admittedly, given that
the developed models rely on a geographically localized
dataset with long temporal gaps, variable rankings and
model predictions should be interpreted as context-specific
trends rather than generalizable outcomes for other
regions. However, despite this limitation, the proposed
framework may still serve as a methodological reference
for other resource-constrained municipalities seeking to
analyze their own historical pavement condition data.

Conclusions

This study evaluated the RF algorithm for over a short
forecast horizon of 4years to predict the 2022 PCI

ratings for both residential and nonresidential streets
using different input variable sets and pavement condi-
tion datasets. Models were tested on two datasets
acquired from Skelleftea Municipality in Sweden, one
based on 2018 data (Data 1) and another combining
2014 and 2018 data (Data 2). The explanatory variables
consisted of 4 (pavement age since the most recent main-
tenance, as of 2022), D (distress-related variables com-
prising six distress types—surface unevenness (SU),
alligator cracking (ACR), longitudinal and transverse
cracking (CR), rutting (RUT), raveling (LAR), and mis-
cellaneous surface defects (SD)—as well as the WDV
derived from the 2014 and 2018 assessments), T (average
weekday traffic volumes for light and heavy vehicles),
and S (historical PCI ratings from the 2014 and 2018
surveys). Additional models were developed for nonresi-
dential streets by grouping segments according to com-
mon maintenance surface treatments to evaluate their
ability to predict PCI ratings across treatment types. In
these models, maintenance effects were captured indir-
ectly through pavement age and treatment-based group-
ing. The main conclusions are the following:

e For residential street models, RF with all input
variables (4+ D+ S) in both datasets consistently
provided the most accurate predictions in both
training and testing stages. The model’s testing
performance reached an R* of 0.78. The most
important variables for predicting the 2022 PCI
ratings were Status2018, WDV, and LAR.

e For nonresidential streets, the RF(4A+D+S+7T)
model consistently yielded best results across both
datasets, indicating good performance consistency
in predicting 2022 PCI ratings. The model achieved
an R* of 0.79 in the testing stage. The most impor-
tant features for the RF(4 + D+ S+ T) model were
WDV, Status2018, and LAR, respectively.

®  When comparing the best-performing models for
Data | and Data 2, slight improvements in testing
performance were observed. For residential
streets, testing R” increased by 5%, from 0.74 to
0.78, while training R*> remained stable at 0.58.
For nonresidential streets, testing R’ remained
unchanged at 0.79, whereas training R* decreased
slightly by 1%, from 0.60 to 0.59. This indicates a
minor increase in training variability with Data 2,
without negatively affecting predictive accuracy.

® Moreover, RF models using the complete set of
variables (4+ D+ S+ T) for specific maintenance
treatment types (MT1-MT4) exhibited relatively
strong predictive accuracy in the testing stage. R
values ranged from 0.73 for MT4 to 0.80 for MT1,
with only about a 1% difference between Data 1
and Data 2. MT2 overfitted because of a small



Afridi and Erlingsson

sample size of 9, highlighting the need for repre-
sentative data for segment-specific predictions.

e For both residential and nonresidential streets,
the performance of models improved with the
addition of more variables. For residential streets,
expanding from (4 + D) to the full set of variables
(A+ D+ S) increased testing R from 0.69 to 0.78,
representing a 13% improvement. For nonresi-
dential streets, expanding from (4+ D) to
(A+ D+ S+T) increased testing R*> from 0.66 to
0.79, corresponding to a 20% improvement.

This study is based on data derived from Skellefted
Municipality. It is therefore constrained by a geographi-
cally limited dataset, which may limit the generalizability
of the results to regions with varying pavement character-
istics, environmental conditions, and maintenance prac-
tices. Furthermore, the model accuracy did not exceed
90%, primarily because the data were based on a subjec-
tive assessment approach, which introduces greater varia-
bility compared with objective measurement methods.
Nonetheless, the results demonstrate the effectiveness of
RF predictive models in supporting data-driven pave-
ment maintenance at the municipal level.

Limitations and Future Direction

This study excluded climate, groundwater, and subgrade
data because of limited climate variation within the
Skelleftea Municipality and lack of availability.
Nevertheless, these factors may affect pavement dete-
rioration. Future research should integrate these vari-
ables, expand the dataset to include multiple
municipalities, and employ more frequent condition
assessments to support time-series-based modeling.
Incorporating sensor-based or automated data collection
could further enhance model reliability and applicability
for municipal pavement management.
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