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Abstract: This study presents a machine learning model for predicting representative surface dis-
tresses (crack, durability, patching, joint spall) in concrete pavements, focusing on South Korean
examples. It thoroughly analyzes specific distress types using time series data to understand their
development over time, aiming to surpass traditional regression methods in forecasting pavement
conditions. The research fills a gap by applying machine learning algorithms to detailed long-term
data, enhancing the accuracy of distress progression predictions, which is crucial for efficient pave-
ment management. A notable aspect of this study is the use of particle filtering, recognized for its
effective resampling in analyzing time series data. To validate predictions, we compared the results
from particle filtering with those from traditional regression models, long short-term memory (LSTM)
networks, and Deep Neural Networks (DNNs). The accuracy varied significantly, with differences
ranging from 3.32% to 23.64%, indicating particle filtering’s suitability for time-series-based pavement
condition predictions. These findings are especially relevant in the context of current image-based
machine learning and AI research in pavement distress detection and prediction. This research offers
a comprehensive reference that is especially valuable due to the lack of studies using long-term usage
data, thereby making a significant contribution to pavement management research and practice.

Keywords: pavement condition index; surface distress; time series analysis; concrete pavement;
prediction of distress amount; particle filtering

1. Introduction

There has been significant research on the efficient and systematic management of
road pavements as the aging of road pavements is rapidly progressing around the world.
The road pavement management tasks can be broadly classified into (1) survey, (2) analysis,
and (3) decision-making tasks. The recent research related to the investigation and analysis
stage is represented by research utilizing surface scan images that are collected by roadway
surface scanning vehicles using machines (e.g., Artificial Intelligence, machine learning,
and deep learning) [1–3]. A majority of these studies attempted to increase the detection
rate of distresses in surface scan images. However, it was observed that these methods
do not have a high detection rate of distresses compared to the current approach where
distress is analyzed by humans. Further, the false positive rate is still high. Moreover,
these methods do not consider distress generation mechanisms and environmental factors.
These limitations have limited their adoption in actual maintenance and rehabilitation
(M&R) decision making. Regarding the decision-making stage, studies on segmentation
prioritization and life cycle analysis are prevalent. Until recently, most road management
organizations considered the overall pavement condition based on the pavement condition
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index, and the total surface distress amount and flatness are primary variables to identify
the pavement condition at the network level and make management decisions such as
selecting repair sections [4–6]. In this case, the project-level investigation of specific sections
aims at rehabilitation and explores alternative construction methods to address the causes
of representative distress. However, the selection process for these methods still relies on
the subjective judgment of managers or field experts. Thus, there are some limitations in
terms of time and cost. Furthermore, improper timing and method selection may increase
the budget for pavement management and overhead costs [7].

Therefore, this study subdivides the surface distress (SD), which is a globally used
representative variable of the pavement condition index, according to distress. It further
predicts the progression rate of individual distress based on actual long-term public data.
Thus, we aim to conduct a study that can be used as a basis for selecting construction
methods and timing for a more detailed M&R. To this end, this study defines representative
distresses that occur in concrete pavement sections in Korea and uses particle filtering,
a machine learning technique, based on long-term public data collected over 30 years to
identify the progression rate of each type of distress and reflect it in the overall pavement
condition index. The findings and outcomes of the study will serve as a guideline and
reference for decision making in pavement management.

In this study, we propose a method to predict the amount of distress that will occur in
the future based on the application of machine learning to the rate of progression of each dis-
tress that occurs on the surface of concrete pavement. First (step 1), longitudinal/transverse
GPS, route, line, lane, city, endpoint, pavement type, surface distress amount, and flatness
per 10 m unit section data were collected every two years for the same locations. Second
(step 2), data preprocessing was performed, such as selecting defect types that could be
statistically analyzed from the collected data and removing data with maintenance history.
Third (steps 3~5), a progression rate prediction model for each distress occurring on the
surface of the concrete pavement through machine learning which uses particle filtering
was developed using the preprocessed data. Lastly (step 6), the prediction validity of parti-
cle filtering was verified by developing a function formula for each distress progression
rate prediction model and analyzing the prediction accuracy for actual distresses.

Figure 1 shows a detailed development process of the proposed method for predicting
concrete pavement based on surface distress in six steps.
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Figure 1. Flow chart of predicting concrete pavement based on surface distress in six steps (M&R:
Maintenance and rehabilitation).

2. Literature Review

Since the 1980s, state departments of transportation (DOTs) across the United States
have extensively researched pavement condition ratings (PCRs) based on Mechanistic-
Empirical (ME) design for pavement management at the network level [8]. During this
period, individual deductive curves for various distresses occurring in road pavements
were developed to measure the deterioration rate using time series analysis [4]. The
management of a wider range of road networks was systematically conducted using non-
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linear regression modeling with the distress structural and roughness index as the basis [5].
In the early 2000s, computing approaches (machine/deep learning, AI, etc.) and satellite
technologies (especially geographic information systems (GIS) and global positioning
systems (GPS)) were used to perform time series analysis on the same pavement sections.
As a result, future pavement management methods based on imaging and scanning, and
automatic interpretation technologies were introduced [9]. The summary of the studies on
predicting the future performance of road pavements revealed approximately 40 different
analysis methodologies, including general statistical analysis, regression analysis, count
data modeling, survival analysis, stochastic process modeling, supervised learning, and
Bayesian analysis [10].

Despite significant research on predicting the future pavement condition spanning
over 40 years, certain challenges persist, including the need for high predictive power
due to varying rates of deterioration influenced by geographical environment, climate,
equivalent single axial load (ESAL), vehicle-type distribution, and material formulation
characteristics [11–15]. Although some studies adopted the international roughness index
(IRI) and the distress index, which can represent various distresses that occur on the road
pavement surface [16–18], they could not achieve high predictive power due to the impact
on material properties (ductility and brittleness) and traffic volume distribution. The NC-
DoT (North Carolina Department of Transportation) in the U.S. is actively researching how
to effectively maintain the 79,000-mile network in North Carolina through cost–benefit
analysis. These studies have enhanced the predictive value’s explanatory power by op-
erating separate deterioration models for each distress, deriving weighting factors and
calibrating coefficient values based on performance data collected annually [19]. Similarly,
the IDOT (Indiana Department of Transportation) operates its own PCI (Pavement Per-
formance Index) based on individual prediction models and weights for representative
variables (crack, rut, roughness, faulting, and friction) [20]. The studies mentioned so far
have predominantly focused on utilizing regression modeling to predict future pavement
conditions. However, compared to this approach, there has been relatively limited research
using machine learning methods that can achieve higher accuracy. Especially when dealing
with the complexity of predicting road pavement deterioration while considering various
traffic and environmental loadings, there is a need for research to go beyond relying only
on regression equations [21]. Additionally, the necessity of including machine learning
approaches for deriving more precise conclusions from extensive road pavement networks
has been increasingly recognized [22]. A notable example comes from the Florida Depart-
ment of Transportation (DOT), where they have introduced methods involving recurrent
neural networks (RNNs), Deep Neural Networks (DNNs), gated recurrent units (GRUs),
long short-term memory (LSTM), and hybrid (LSTM-FCNN) models to process time series
data representing continuous pavement conditions [23]. Deep Neural Networks (DNNs)
have been utilized as a predictive tool for the pavement condition index by using a dataset
of 536,848 samples. The development and training of various models with different hyper-
parameters and architectures demonstrated superior performance over traditional linear
and non-linear regression models [24]. Additionally, utilizing DNNs with the long-term
pavement performance (LTPP) database yielded higher predictive accuracy compared to
current practice and multivariate linear regression models, offering potential applications in
relative impact assessment and prioritization [25]. In Iowa, the Department of Transporta-
tion (DOT) utilized long short-term memory (LSTM) networks for modeling pavement
deterioration across three pavement types: asphalt, Portland cement concrete, and com-
posite pavements. This LSTM model achieved higher prediction accuracy over time for
all pavement types, suggesting an improvement in future pavement performance predic-
tion and the overall efficiency of pavement management systems compared to traditional
regression models [26].

Furthermore, to address the challenge of standardizing maintenance strategies for
road pavements with significant variability due to external factors, the application of
Markov chain-based approaches has been proposed. These approaches aim to balance
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costs and effects from the life-cycle cost (LCC) perspective [27]. Upon reviewing most of
the developed predictive models, a distinguishing aspect of this study is its focus on the
concrete pavement as opposed to the majority of global research centered around asphalt
pavement [28].

When establishing the causal relationships behind various damages on road surfaces,
a significant amount of research evidence is often required. Therefore, efforts have been
made to investigate relatively straightforward correlations, such as those between dis-
tress and roughness, using techniques like artificial neural networks (ANNs) and genetic
programming (GP) to obtain results [29,30]. Furthermore, the impact of IRI on distress
has been analyzed rather than conducting regression analysis through algorithms that
process high-dimensional data by utilizing complex machine learning (Lasso: least ab-
solute shrinkage and selection operator; SVR: support vector regression, regression tree,
random forests method, etc.) for IRI [31]. The aforementioned studies, which were based
on regression modeling, used various computing technologies to increase the predictive
power. Validation between two predictive equations is performed through R2, root mean
squared error and mean absolute error [32].

As described earlier, there is a shortage of research focused on predicting future
conditions based on actual long-term public performance data. Therefore, the findings of
this study are anticipated to serve as a reference for future research on distress detection
using computing technology based on surface image data of road pavement and studies
relying on actual long-term public performance data.

3. Methodology

In this study, as mentioned previously, we use particle filtering, a popular machine
learning technique aimed at predicting time series data based on long-term public health
surveys. The particle filter, a type of Kalman Filter, possesses the ability to forecast models
with high nonlinearity. This filter is an advanced technique that yields improved predictive
accuracy for typical Bayesian techniques. Moreover, particle filtering is called “Sequential
Monte Carlo (SMC)” [33] because it is characterized by the fact that when performing
updates that reflect the measured training data characteristics, the model variables with
higher probability are resampled more with weights. Further, a small number of model
variables with lower probability are resampled. Due to such characteristics of particle
filtering, the more reliable the characteristics of the actual measured training data, the
higher the prediction accuracy for the test data to be predicted. Readers should refer to the
literature for detailed features and the results of particle filtering, including a recent paper
that predicted the overall condition index of concrete pavement [8,34–36].

The primary aim of this study is to predict the progression rate of the amount of each
type of distress by utilizing the available data on distresses among the main failure factors
of concrete pavement. To perform particle filtering, a basic model must be constructed first.
An example based on the SD is presented below.

SDk = SDk–1 + akt2 + bkt + ck (1)

ak+1 = ak + wak (2)

bk+1 = bk + wbk (3)

ck+1 = ck + wck (4)

yk = SDmeasured
k − SDk ∼ SD

(
0, σ2

SD

)
(5)

In Equations (1) to (5), ak, bk and ck are the regression coefficients. In this study, “a”,
“b”, and “c” were uniformly distributed to ensure that they were not biased toward any
particular values. Furthermore, after analyzing the trend of the actual measured training
data of SD (excluding the test data to be predicted), it was observed that the regression
coefficient of determination (R2) of the quadratic equation is closest to one. Hence, we set
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the basic function expression and its coefficient values to the form of a quadratic function.
The variables wak, wbk and wck are white noise vectors of Gaussian distribution with mean
of zero. In addition, SDk is the future SD to be predicted, and it is set as the objective
function of k corresponding to the time variable, t is the age of the SD, and SDmeasured

k is the
actual measured SD in terms of m2. Thus, yk is a function of SD, which can be represented
using an equation associated with SD

(
0, σ2

SD
)
, as shown in Equation (5). Consequently, the

relative likelihood can be expressed as follows:

q = P
(

SDmeasured
k − SDk

)
∼ 1√

2πσSD
exp

−1
2

(
SDmeasured

k − SDk

σSD

)2
 (6)

Here, the error rate of the road surface image analysis data, which is the basis of the
SD used in this study, was assumed to be in the range of 5–10%. Further, σSD was assumed
to be 0.1 (10%).

Moreover, the relative likelihood can be normalized and expressed as follows:

qi =
qi

∑N
j=1 qj

(7)

where N is the number of particles, and the sum of the relative likelihoods is always equal
to one. New particles can be calculated based on the relative likelihoods. To prevent the
initial SD from being biased toward a particular distribution, the random number (r) was
set to a uniform probability distribution between 0 and 1.

j−1

∑
i=1

qi < r ≤
j

∑
i=1

qi (8)

Here, aj, bj, and cj can be reselected through the process of Equation (8). The variable
q represents the measured data. The probability increases as the SD approaches the mean,
and it decreases towards the tail of the normal distribution. In other words, during this
process, data with high probability in the normal distribution are reproduced, and these
data are preferentially selected. Conversely, data with low probabilities are gradually
eliminated. The old particles are then replaced by new ones (N times iteration) in the next
step. An intuitive concept diagram of this process is shown in Figure 2.
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4. Prediction of Individual Distresses Based on Particle Filtering

This study aimed to predict the total distress that will occur in the future by learning
data on the rate of progression of distresses on the surface of concrete pavement. This is a
preliminary study for the prediction of individual distress units based on actual long-term
public data of the same 10 m section measured at 2-year intervals.

4.1. Concept of Analysis

Based on the vast volume of data on the occurrence of distress, this study attempts
to predict the rate of progression of distress at the existing data collection interval of two
years. The concept of the basic model is shown in Figure 3. The following concept diagram
illustrates the concept of this study, and the explanation is as follows: Figure 3a shows the
results of a survey of the average distress that may occur two years later for several sections
with the same distress amount. To be precise, the average distress amount after two years
was analyzed for several sections with a distress amount of zero, and it was recorded to be
0.02. In the same way, the graph shows that the average distress amount after two years
is 0.11 for many sections with a distress amount of 0.02, 0.38 for many sections with a
distress amount of 0.11, and 0.70 for many sections with a distress amount of 0.38. When
the average distress amounts of the segments with the same distress amount derived from
(a) in Figure 3 are interconnected, we get the graph in Figure 3b.
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The concept of the basic model described previously can generally be represented by
a single regression equation for the entire interval. However, this method was devised to
construct a basic model format to integrate particle filtering while overcoming the limitation
of the decrease in the overall model’s explanatory power, such as the deviations that may
become larger due to numerous outliers when analyzing a large volume of data.

4.2. Data Preparation

The data utilized in this study are based on a condition survey of concrete pavements
that have been in long-term public use for nearly 30 years. Four steps were taken to format
the data for analysis: (1) the dataset consists of longitudinal/transverse GPS, route, line,
lane, city, endpoint, pavement type, surface distress amount, and flatness per 10 m unit
section data collected every two years for the exact locations; (2) this study established
primary data for pure earthwork base concrete pavement that has not been repaired for
distresses that occurred in the target section; (3) sections that were not repaired but the
distressing amount decreased were excluded as outliers, resulting in a total of 7672 data
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points in the 10 m section, or 76.72 km lane condition survey data; and (4) to predict the
progress rate of distress amount by distress, the dataset was built by dividing the data of
distress amount surveyed at two-year intervals into baseline and two-year survey values
after perfect segment matching using GPS and route mileage information.

4.3. Current State of the Survey Sections

The total length of the analyzed section utilized in this study was 76.72 km, as
mentioned in Section 4.2. Eight types of distresses were found to be present in this
section—longitudinal/transverse crack, durability, patching, longitudinal/transverse joint
spall, scaling, and punchout. From the analysis of the overall amount and distribution of
distresses within the target section, scaling, and punchout were 12.43 m2 and 18.40 m2,
respectively, within the entire target sections. It was determined that the total amount
of distress compared to the extension of the study section was not sufficient for analysis.
Thus, it was excluded from the target distress. Furthermore, cracks and joint spalls are
divided into longitudinal and transverse at the investigation stage, and distresses in differ-
ent directions are generated by different causes and mechanisms. However, because this
study focused on analyzing the growth rate of the amount of distress, the two distresses
in different directions were combined into one. Following these steps, the results of the
classification of the four distress that had sufficient data for analysis within the target
sections of this study, including SD, are summarized in Table 1 below.

Table 1. Classification of representative defects of Korean concrete pavement and amount of distress
in the target section.

Content Max.
(m2)

Min.
(m2)

Count
(EA)

Summation of
Distress

Amount (m2)

Average Distress
Amount

(m2)

Average
Except 0 (m2)

Distress
Amount
Standard

Deviation (m2)

SD
reference 32.60 0.00 6288 1798.01 0.29 0.85 1.44
after 2 yr. 35.05 0.00 6288 6579.71 1.05 1.43 2.68

Crack
reference 4.15 0.00 6771 599.04 0.09 0.56 0.33
after 2 yr. 9.50 0.00 6771 2366.18 0.35 0.69 0.76

Durability reference 2.33 0.00 7672 15.22 0.00 0.63 0.05
after 2 yr. 19.74 0.00 7672 452.46 0.06 2.41 0.67

Patching reference 32.45 0.00 7527 868.45 0.12 5.14 1.25
after 2 yr. 35.03 0.00 7527 3360.04 0.45 3.88 2.23

Joint spall reference 0.62 0.00 6261 60.56 0.01 0.11 0.04
after 2 yr. 4.13 0.00 6261 274.96 0.04 0.15 0.14

4.4. Particle Filter Model for Surface Distress Prediction

Based on the database that is generated after implementing the four steps of data
pre-processing introduced in Section 4.2, we developed a basic regression model that can
be used to intuitively check the time series of surface distress on concrete pavement. By
incorporating this model, the schematic condition change of the analyzed section can be
examined based on the number of years from the moment of distress. Figure 4 shows
an example regression-analysis-based baseline trend curve for SD. The baseline trend
curve is constructed using five data points (data used for prediction), and those from
the target decade for prediction were excluded. At this point, the functional expression
with the regression coefficient (R2) closest to one, which indicates the reliability of the
regression curve, is found. As shown in Figure 4, the regression coefficient (R2) is 0.9752,
which is relatively high. However, it can be seen that the prediction accuracy for the data
to be predicted (not the data used for prediction) is significantly low. Furthermore, the
regression results for the four representative distresses that constitute the SD in Figure 5
indicate that there are some limitations in predicting the data points through general
regression modeling.
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In other words, if we find and specify the best functional expression through regres-
sion analysis, the data to be predicted can be analyzed to avoid a decreasing trend in a
continuous form. Thus, it was inferred that higher particle filtering is required.

5. Results
5.1. Suggestion of Surface Distress Prediction Model

Before presenting the full-scale particle filtering results, as seen in Figure 6 (SD) and
Figure 7 (by distress), the prediction models within the training interval (eight years
before the distress occurrence in the case of Figures 6 and 7a,b,d, and 16 years before
the distress occurred in Figure 7c) learned the coefficient values based on the input base
model according to the time series. As a result, the optimal prediction model at the final
prediction point was derived using Equations (9) to (13), as shown below. Based on the
analysis results and validation, this study proposes the prediction functions for SD and
its four distresses, as shown in Equations (9) to (13). However, as mentioned previously,
in the case of joint spall (Equation (13)), a new prediction function can be proposed after
the quantitative verification of the prediction accuracy through the application/analysis of
various influencing factors (e.g., ESALs and environmental loads) in the future.

f (SD) = 0.27t2 + 0.66t (9)

f (Crack) = 0.00435t3 + 0.12285t + 0.13007 (10)

f (Durability) = 0.01104t3 + 0.14009t + 0.53623 (11)

f (Patching) = 2.88 × 10 − 5t5 − 0.00414t3 + 0.27372t − 0.08113 (12)

f (Joint spall) = 2.85 × 10 − 6t5 + 0.00064t3 + 0.0058t + 0.00068 (13)

5.2. Application of Particle Filtering

In this study, Surface Distress was predicted using a particle filtering method that can
update the time-dependent system model based on Bayesian theory. Through the updating
process of the particle filtering method, it is possible to predict a system model that reflects
the measurements. At this time, the initial distribution of random model variables was
assumed to be uniform, and the errors in data and estimates were assumed to follow a
normal distribution. Through this, it can be confirmed that the change in surface distress
over time can be properly simulated. Additionally, through the updating process, it was
confirmed that model variables with higher probability were resampled.

The rate at which the amount of distress evolves from the moment a distress occurred
was applied by updating a basic time series regression model (Figures 4 and 5) using
particle filtering techniques. Furthermore, the distress amount at the final prediction point
derived from particle filtering and regression modeling was verified in terms of accuracy
with the actual data already collected. Figure 6 shows the results of the integration of
particle filtering to each of the five available data points (detected data) by setting the
SD regression model function to initial information. To clarify the meaning of SD on the
prediction curve, the maintenance application baselines are shown together (preventive
maintenance (1 m2), reactive maintenance (18 m2), and maintenance (36 m2)). Based on the
number of particles utilized in the previous paper [8], 15,000 particles were generated. The
analysis revealed that particle filtering can predict unused data for prediction with a very
high accuracy of 98.78%.
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Prediction accuracy can be expressed with the concept of relative error, as shown in
Equation (14). Here, εR.E denotes the relative error rate between the actual data and the
predicted data, and DistressSD,predicted and DistressSD,detected denote the predicted distress
and the actual distress by particle filtering, respectively. The predictive validity of particle
filtering was established by demonstrating the accuracy of predictions for SD and each of the
four representative distress types (crack, durability, patching, and joint spall). Additionally,
the accuracy of predicting the actual distress was assessed in the regression analysis.

Prediction accuracy (%) = 1 − εR.E = 1 −

∣∣∣DistressSD,predicted − DistressSD,detected

∣∣∣
DistressSD,detected

(14)

Another finding that can be derived from the particle filtering presented in Figure 6
is the difference in the time when the expected management standard is attained through
each forecasting method. Pavement management is carried out on an annual basis, with the
budget for the next year’s maintenance being set aside in the current year. In this case, the
time when the primary preventive maintenance is reached is the same for both forecasting
methods, with a relatively moderate increase of 2.563 to 2.864 years. However, when
full-scale reactive maintenance is required, the period is 6.377 years for particle filtering
and 7.140 years for regression modeling, indicating a difference in the required budget.
The exploration of this difference in prediction timing and the analysis of how prediction
accuracy influences management decisions will be conducted in detail.

Table 2 is to help understand Figure 7, which numerically shows the average delta for
the progression rate of distress in time intervals (per 2 years) for the detected data.

Table 2. Average delta for progression rate of distress in time intervals about detected data and
number of intervals used in the analysis.

Division

Average Delta for Progression Rate of Distress in Time Intervals about Detected Data
(Distress Delta Per 2 Years) Number of Intervals

Used in the Analysis
(EA)0~2

Years
2~4

Years
4~6

Years
6~8

Years
8~10
Years

10~12
Years

12~14
Years

14~16
Years

16~18
Years

SD 0.44 1.88 11.98 8.21 10.74 - - - - 6288
Crack 0.16 0.55 0.97 1.44 2.63 - - - - 6771

Durability 0.05 0.31 2.73 4.21 6.35 - - - - 7672
Patching 0.27 0.46 0.30 0.21 0.13 1.28 6.02 8.92 17.44 7527

Joint spall 0.02 0.05 0.14 0.29 0.27 - - - - 6261

In our research, we have undertaken a comparative analysis predicated on time series
data related to pavement performance to authenticate the suitability of our proposed ap-
proach utilizing particle filtering. We have contrasted this approach against three principal
methodologies that have been previously employed in time series data analysis within
studies concerning pavement management data: Polynomial Regression, LSTM, and DNN.
We aimed to corroborate the aptness of particle filtering through this comparison. It is
important to note that, unlike Polynomial Regression, both LSTM and DNN are variants of
artificial neural network models capable of incorporating temporal aspects through their
ability to process complex patterns within long-term learning data. This attribute renders
them fitting for a comparative evaluation against the results derived from our study.

The analysis results in Figures 6 and 7, and Table 3 show that the prediction accuracy
of particle filtering is higher than that of regression analysis, LSTM, and DNN, and that it
ranges from 3.3% to 23.64%.

Following an examination of average prediction accuracies across four predictive
methods targeting all variables except “joint spall”, we discerned that linear regression
yielded an average accuracy rate of 90.39%, LSTM reported at 86.52%, and DNN reported at
81.04%. Contrastingly, particle filtering outperformed these methodologies by achieving a
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remarkable average accuracy score reaching up to 99.01%. Such outcomes do not insinuate
any deficiencies inherent in alternative analytical procedures; instead, they imply that our
chosen data format harmonizes optimally with the particle filtering methodology, thereby
resulting in superior prediction accuracies.

Table 3. The comparison of prediction accuracies between particle filtering, regression analysis,
LSTM, and DNN at the prediction point for reaching the actual distress.

Division
Actual

Distress
(m2)

Particle Filtering Regression Analysis LSTM DNN

Predicted
Distress

(m2)

Prediction
Accuracy

(%)

Predicted
Distress

(m2)

Prediction
Accuracy

(%)

Predicted
Distress

(m2)

Prediction
Accuracy

(%)

Predicted
Distress

(m2)

Prediction
Accuracy

(%)

SD 33.25 33.65 98.78 38.53 84.11 29.64 89.14 28.91 86.95
Crack 5.75 5.62 97.72 5.03 87.47 4.81 83.48 4.56 79.31

Durability 13.65 13.67 99.86 14.52 93.59 12.44 91.14 11.17 81.83
Patching 35.03 35.14 99.69 33.76 96.39 28.84 82.33 26.64 76.05

Joint spall 0.77 1.02 67.96 1.05 63.87 - - - -

Based on these findings, it is incumbent upon future studies to delve into the ramifica-
tions associated with adopting database configurations optimized for diverse methodolo-
gies, thereby highlighting the need for analytical strategies capable of engendering models
which align more closely with supplied datasets.

However, in the case of joint spall, the deviation from the actual public data at the point
of prediction (in this study, about 10 years from the moment of distress) was quite large.
Particularly, if the current amount of joint spall was 0.5 m2, the survey value two years
later for the same section was 0.76–1.33 m2. Thus, the explanatory power of the predicted
value was not high as the deviation was very large. The predictive power for joint spall was
67.96% for particle filtering and 63.87% for regression modeling, indicating significantly
low accuracy levels. Additionally, in the case of both LSTM and DNN, an inability to
effectively learn and comprehend the trends inherent within “joint spall” data rendered
their predictive capabilities ineffectual. This suggests that it is necessary to calibrate the
model through future research by considering complex factors that can affect the occurrence
and progression of various distresses in actual concrete pavement, such as traffic volume
and environmental loads.

6. Conclusions

This study proposes the application of particle filtering, a machine learning technique,
for predicting the future pavement condition of concrete pavement and the rate of pro-
gression of individual distresses with higher accuracy. To achieve this, we first defined
representative distresses of concrete pavement occurring in the analyzed section developed
a prediction model for each distress, and verified their superiority compared to the existing
regression modeling method. The key findings of this study are summarized as follows:

1. This study proposed a method to secure a high level of predictive power based on
particle filtering, a machine learning technique, using long-term Korean pavement
performance data collected nearly 30 years ago. This method was validated through a
comparison with the existing regression modeling approach.

2. The prediction accuracy for each variable is analyzed, revealing that particle filtering
yielded a 3.3% to 14.67% higher prediction accuracy compared to general regres-
sion modeling. This allows for an analysis of the impact of individual distress or
surface distress prediction accuracy on the maintenance budget for road pavement
management in the future.

3. Prediction accuracy using the particle filtering of crack, durability, and patching,
except for joint spall, exhibits a prediction accuracy ranging from 97.72 and 99.86%.
This indicates a quite high prediction power and considerable reliability.
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4. Particle filtering is found to be more suitable for deriving reliable results when pre-
dicting road pavement performance data compared to regression modeling with a
single model, as it considers the probabilistic characteristics of all available training
data in a time series manner.

5. The low explanatory power of joint spall results from the distribution of the actual
survey values at the prediction points failing to form a normal distribution. In this
case, predictive power could be improved by normalizing the data distribution at each
point, possibly by securing a longer extension (especially the Long-Term Performance
Pavement database) compared to the one in this study, which covers a 76.72 km lane.

In conclusion, the findings of this study highlight the importance of machine learning-
based approaches, particularly particle filtering, for predicting the future condition of road
pavements with higher accuracy. The results presented in this research contribute to the
field of road pavement management and can serve as a foundation for further studies on
distress detection using computing technology and long-term performance data.
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