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Abstract: Intelligent maintenance of roads and highways requires accurate deterioration evaluation and performance prediction
of asphalt pavement. To this end, we develop a time series long short-term memory (LSTM) model to predict key performance
indicators (PIs) of pavement, namely the international roughness index (IRI) and rutting depth (RD). Subsequently, we propose
a comprehensive performance indicator for the pavement quality index (PQI), which leverages the highway performance
assessment standard method, entropy weight method, and fuzzy comprehensive evaluation method. This indicator can evaluate
the overall performance condition of the pavement. The data used for the model development and analysis are extracted from
tests on two full-scale accelerated test tracks, called MnRoad and RIOHTrack. Six variables are used as predictors, including
temperature, precipitation, total traffic volume, asphalt surface layer thickness, pavement age, and maintenance condition.
Furthermore, wavelet denoising is performed to analyze the impact of missing or abnormal data on the LSTM model accuracy.
In comparison to a traditional autoregressive integrated moving average (ARIMAX) model, the proposed LSTM model
performs better in terms of PI prediction and resiliency to noise. Finally, the overall prediction accuracy of our proposed
performance indicator PQI is 93.8%.

Key words: Asphalt pavement performance model; International roughness index (IRI); Rutting depth (RD); Long short-term
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1 Introduction for these PIs and develop condition assessment models
based on the predictions.

IRI is an indicator of pavement performance de-
veloped by the World Bank in the 1980s. It is defined
as the cumulative vertical displacement caused by a
quarter-vehicle model driving at a speed of 80 km/h.
The IRI can reflect the imperfections and usage condi-

tions of roads and highways, helping with assess-

The performance of road pavement should be
carefully and regularly evaluated to ensure the safety
and efficiency of roads and highways. For this pur-
pose, pavement management systems have been es-
tablished to monitor and collect current road informa-
tion, predict future conditions, and develop strategies

for the maintenance and rehabilitation of various
pavement types, such as asphalt (Kay et al., 1993;
Zaghloul et al., 2006; AASHTO, 2012). In these pave-
ment management systems, performance indicators
(PIs) such as the international roughness index (IRI)
and rutting depth (RD) are among the major factors
used to evaluate the status of asphalt pavement. There-
fore, it is vital to establish reliable prediction models
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ments of driving quality, driving safety, recommended
driving speeds, and road maintenance needs (Sayers
et al., 1986; AASHTO, 2012). Rutting, wherein longi-
tudinal surface depressions form in a road, is another
major concern for pavement maintenance. Thus, RD
is generally used as the indicator of the severity of
pavement rutting (Robbins and Tran, 2016). At pres-
ent, many highway agencies across the world regard
the initial values of these PIs (IRI and RD of the pave-
ment immediately after construction) as quality assur-
ance standards, and current PI values as indicators
of whether the pavement needs maintenance or re-
construction. Due to the importance of such PIs for
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evaluating pavement performance, models that can pre-
dict them have garnered significant research attention.

Various types of models have been established
for the prediction of pavement PIs. These models can
generally be classified into deterministic and probabi-
listic models (AASHTO, 2012; Abaza, 2016; Justo-
Silva et al., 2021). In the deterministic category, many
models are based on multiple linear regression tech-
niques. For example, different multiple linear regres-
sion models were developed to predict IRI for differ-
ent pavement types across the world (Al-Suleiman and
Shiyab, 2003; Albuquerque and Nuiez, 2011; Owolabi
et al., 2012). Although simple to construct and modify,
multiple linear regression models may not accurately
capture the complex relationship between pavement
PIs and predicting factors. With the recent develop-
ments in artificial intelligence, researchers have be-
gun to use machine learning methods instead of tra-
ditional regression models to predict Pls. For instance,
some researchers used support vector regression (SVR)
models to predict pavement performance. Li Z et al.
(2021) combined the SVR with particle swarm opti-
mization (PSO) to improve the search efficiency and
parameter continuity of the SVR model, resulting in
accurate prediction of rutting. Also, Zhao et al. (2022)
studied the impact of traffic loading on pavement
performance using SVR and found significant accu-
racy improvement compared to traditional methods.
Furthermore, Kaloop et al. (2022) adopted a hybrid
wavelet-optimally-pruned extreme learning machine
(WOPELM) model to estimate the IRI of rigid pave-
ments, resulting in better performance than several
other machine learning models.

The back-propagation neural network (BPNN)
algorithm has also been adopted by several research-
ers for pavement PI prediction (Choi et al., 2004;
Gong et al., 2018; Yao et al., 2019; Abdelaziz et al.,
2020). Compared to regression models, neural net-
works act as so-called “black boxes”, with the exact
relationship between the independent and predicted
variables being unknown (Pérez-Acebo et al., 2020).
Moreover, conventional neural networks generally
consider data as isolated points in the time domain,
with causality between past and future data not being
leveraged. To tackle this issue, some researchers have
employed time series models for pavement perfor-
mance prediction. Compared to conventional neural
networks, time series models consider the PIs not as
isolated data points, but as time-dependent data series,
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where the future is dependent upon the past. For in-
stance, a random forest algorithm was used to develop
a time series model for IRI prediction after 5 and
10 years based on the long-term pavement perfor-
mance (LTPP) database (Marcelino et al., 2021). An-
other innovative IRI prediction model using the LTPP
database was developed using fuzzy-trend time series
forecasting and PSO (Li et al., 2019).

Long short-term memory (LSTM) models have
also been employed for time-dependent predictions.
For instance, an LSTM model adopting the recurrent
neural network (RNN) algorithm was developed to
predict pavement deterioration based on monitoring
data from the Korean National Highway Pavement
Management System (Choi and Do, 2019). Addition-
ally, a novel feature fusion LSTM-BPNN model was
proposed to better capture the latent relationship be-
tween cross-sectional and time-series features through
an attention mechanism (Dong et al., 2019). Recently,
many advanced algorithms leveraging time series
models have been proposed to improve pavement per-
formance prediction. For example, a two-stage model
was developed by Tabatabaee et al. (2013), which
groups road sections with similar characteristics using
a support vector classifier (SVC), and then accurately
predicts the pavement performance using an RNN
based on the first-stage classification results. In another
study, a wavelet-autoregressive moving average (W-
ARMA) model was established to reduce the influ-
ence of frequent maintenance on asphalt rutting evalu-
ation, which filtered out noise signals caused by re-
pair work using wavelet denoising (Fang et al., 2020).

In summary, the existing models used to predict
pavement Pls can be divided into three categories:
multiple linear regression models, traditional neural
network models (such as BPNN), and time series
models (such as RNN and LSTM). A summary of the
literature on pavement PI prediction models is pre-
sented in Table 1. Since the time series models have
the unique advantage of exploiting the time-dependent
nature of the Pls, their predictions show the most
promising results.

In this study, a time series model is developed to
reliably predict pavement performance. First, data
from the asphalt pavements of two major full-scale
accelerated test tracks, MnRoad and RIOHTrack,
are utilized to develop a generalizable model. The tem-
perature, precipitation, total traffic volume, asphalt sur-
face layer thickness, pavement age, and the treatment
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Table 1 Summary of the pavement PI prediction models

Reference PI Mode.lmg Predictor Goodness of fit
technique
Al-Suleiman and Shiyab IRI MLR AGE N=440, R*=0.6-0.8
(2003)
Albuquerque and Nufez IRI MLR CLT, TRF, PSC N=18-27, R*=0.87-0.94
(2011)
Owolabi et al. (2012) IR MLR DIS R=0.78
Choi et al. (2004) IRI BPNN TRF, PSC N=117, R*=0.71
Gong et al. (2018) RD BPNN AGE, CLT, TRF, PSC N=88, R*=0.867
Yao et al. (2019) RD/IRI/SFC/CRACK BPNN AGE, TRF, PSC R=0.85-0.90
Abdelaziz et al. (2020) IRI BPNN IPI, AGE, DIS N=2439, R*=0.75
Marcelino et al. (2021) IRI Random forest CLT, TRF, PSC N=6-274, AVG E,,=0.01-0.27 m’
Lietal. (2019) IRI PSO - E,=0.191 m’/km’
Choi and Do (2019) IRI/RD/CRACK LSTM CLT, TRF N=1128-5076, R*=0.71-0.87
Dong et al. (2019) IRI LSTM-BPNN  IPI, CLT, TRF, PSC N=2243, R*=0.867
Tabatabace et al. (2013) IRI SVC-RNN  AGE, CLT, PSC, MT R*=0.98
Fang et al. (2020) RD W-ARMA - E.=0.01-2.83
Kaloop et al. (2022) IRI WOPELM  IPI, AGE, DIS, CLT, E,,,=0.231 m/km

PSC

SFC, sideway force coefficient; CRACK, cracking; MLR, multiple linear regression; BPNN, back-propagation neural network; PSO, particle
swarm optimization; LSTM, long short-term memory; SVC, support vector classifier; RNN, recurrent neural networks; W-ARMA, wavelet-
autoregressive moving average; WOPELM, wavelet-optimally-pruned extreme learning machine; AGE, pavement age; CLT, climate; TRF,
traffic; PSC, pavement structure and construction; DIS, distress; IPI, initial performance indicator; MT, maintenance; N, number of

observations; R, coefficient of determination; AVG, average; E, ., mean squared error; E, relative error; £, mean absolute error

MS?

condition on the pavement are set as predictors. Then,
an LSTM model is constructed to predict the variation
of PIs. The robustness of the proposed model is tested
by applying wavelet denoising to the original data to
investigate the influence of missing and abnormal
data. In addition, the performance of the LSTM model
is compared with that of a traditional autoregressive
integrated moving average (ARIMAX) model. Further-
more, to assess and classify the pavement performance
condition, a methodology combining the highway
performance assessment standard method, entropy
weight method, and fuzzy comprehensive evalua-
tion method is developed based on the predicted PIs. A
comprehensive performance indicator for the pave-
ment quality index (PQI) is calculated by applying the
strictest performance evaluation method among those
available.

2 Data acquisition
2.1 Acquisition of performance indicator data

To facilitate growing traffic volume and other is-
sues, supervising agencies must improve road design,
construction, and maintenance by formulating relevant

technical specifications. Accordingly, it is often nec-
essary to perform tests on pavement subjected to simi-
lar traffic loading and environmental conditions as
real roads and highways, to obtain a high volume of
test data in a short period. Full-scale accelerated test
tracks can meet these requirements, and many coun-
tries have used them to perform tests on different
scales. For our pavement performance prediction
model, we use data from the mainline road research
project of the Minnesota Department of Transporta-
tion, USA (MnRoad) (DOT, 2022), and the full-scale
loop project of the Institute of Highway Research of
the Ministry of Transport of China (RIOHTrack) (Li
Setal., 2021).

The MnRoad mainline is a 3.5 mile-long
(5.63 km) interstate road diverted from the parallel
westbound [-94 (Interstate 94) between Albertville
and Monticello, Minnesota, USA. It consists of two
driving and passing lanes carrying different traffic on
identical structures. In the pavement, 27 asphalt con-
crete test cells were constructed in 1993, and moni-
tored until reconstruction in 2008. More details of
MnRoad, such as photos of the tracks, can be found
on the official website of the project (DOT, 2022).
The RIOHTrack was constructed in Nov. 2015 and is



located at the highway traffic test site of the Ministry
of Transportation of China in Beijing. After a year
of calibration, loading tests began on the track on
Nov. 28, 2016. We utilized the data of 19 main test
cells from Dec. 2016 to Jan. 2020 in this study.

For the MnRoad sections, the PI data were
collected once a year during different seasons for
15 years, while for the RIOHTrack sections, the data
were collected once a month for 38 months. PI data
from these test tracks, namely the IRI and the RD, are
summarized in Fig. 1. A comparison of the descrip-
tive statistics for the Pls of the two test tracks is pre-
sented in Table 2.

From a statistical point of view, IRI and RD
evolve similarly (increasing steadily with time) except
for the data of IRI in RIOHTrack, which has no obvi-
ous upward trend. However, a major micro-surfacing
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treatment was applied to some MnRoad sections in
1999 and 2003, resulting in improved pavement
performance.

2.2 Definition of predictors

The performance of asphalt pavement can be af-
fected by climatic conditions, repeated traffic loading,
and the pavement’s structure. Climate mainly influ-
ences pavement in two ways: temperature variation
and water penetration. Traffic loading is one of the
direct causes of road damage and plays an important
role in road performance. The pavement surface layer
can suffer from the vertical force, horizontal force,
and impact force of heavy traffic loads, and simultane-
ously can be affected by precipitation, erosion, and
temperature changes. However, it is important to note

Error bar range (0.927-3.212)

RD (mm)

o L L L L L L L L L L L L L L -
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Fig. 1 PI data for pavement sections: (a) MnRoad (27 samples); (b) RIOHTrack (19 samples)

Table 2 Statistics of PIs for the two full-scale accelerated test tracks

MnRoad (15 years, 27 sections)

RIOHTrack (38 months, 19 sections)

ltem IRI (m/km) RD (mm) IRI (m/km) RD (mm)
Average 1.849 5.797 1.586 4769
Standard deviation 0.907 3.141 0.363 1.728
Min 0.666 0.826 0.916 1.139
Max 5.390 16.492 2.644 9.104
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that treatment can significantly improve pavement
performance. Therefore, in this study, we adopt the
following eight predictors for our time series models
(Tabatabaee et al., 2013; Choi and Do, 2019):

1. TEMP_AVE (°C)—the average temperature
from the moment of the previous measurement until
the present moment;

2. TEMP_MAX (°C)—the maximum tempera-
ture from the moment of the previous measurement
until the present moment;

3. TEMP_MIN (°C)—the minimum temperature
from the moment of the previous measurement until
the present moment;

4. PRECIP (mm)—the total precipitation from
the moment of the previous measurement until the
present moment;

5. TRAFFIC (ESAL)—the total traffic load from
the moment of the previous measurement until the
present moment, measured using the equivalent single
axle load (ESAL) (Alavi and Senn, 1999);

6. AC_thickness (mm)—the asphalt surface layer
thickness;

7. AGE (year/month)—inspection year (for
MnRoad)/month (for RIOHTrack) minus construction
year/month;

8. Treatment—a dummy variable (1 indicates trea-
tment applied in this year, and 0 indicates otherwise).

Note that the time period for the above defini-
tions is from the beginning to the end of a specified
year for MnRoad, and from the beginning to the end
of a specified month for RIOHTrack.

For MnRoad sections, some maintenance was
conducted between 1993 and 2008, so the dummy vari-
able may not be 0 during that time. But for RIOHTrack
sections, the TRAFFIC, AC _thickness, and dummy
variable from the moment of the previous measure-
ment until the present moment remained unchanged
during the data collection period; therefore we do not
consider these variables as predictors. Among the
predictors, we show the curves of TEMP, PRECIP,
and TRAFFIC over time for the two full-scale acceler-
ated test tracks in Fig. 2, where TRAFFIC consists of
two different lanes (a driving lane and a passing lane).

3 Wavelet denoising of original data

Intuitively, the performance of pavement surfaces
worsens over time. However, measurement errors
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Fig. 2 Representative predictors for pavement sections:
(a) MnRoad; (b) RIOHTrack

also result in anomalous changes in Pls. Therefore,
we apply wavelet denoising to the original data to re-
duce the noise caused by measurement error, allowing
a more accurate analysis of the results.

The wavelet transform is a localized analysis of
temporal (or spatial) frequency that can highlight cer-
tain features of raw data. The workflow of wavelet de-
noising is shown in Fig. 3. In this process, the chosen
wavelet algorithm, number of decomposition layers,
threshold calculation algorithm, and threshold pro-
cessing method all can affect the final denoising re-
sult. These factors are each discussed as follows:

1. The selection of the wavelet algorithm should
consider the support length, vanishing moment, sym-
metry, regularity, and similarity. Since different wave-
let algorithms have different processing characteris-
tics, no single wavelet algorithm can achieve the best
denoising effect for all types of signals. However, the
Daubechies (DB) and the Symlet (SYM) algorithms
are two families of wavelet bases that generally work
well for denoising (Stanke et al., 2020).

2. In wavelet decomposition, the choice of the
number of decomposition layers is also impactful. As
the number of decomposition layers increases, the
characteristic difference between noise and real signal
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Fig. 3 Process of wavelet denoising

is more obvious, which enables better noise filtering.
On the other hand, the distortion of the reconstructed
signal becomes more pronounced, which will affect
the final denoised result. Therefore, an appropriate
number of decomposition layers should be selected
to balance these factors.

3. In the process of denoising, one must take
care to not remove valid information. Thus, a thresh-
old must be appropriately selected to minimize im-
pact on the true signal. Commonly used algorithms
for threshold calculation include Rigrsure, Heursure,
Sqtwolog, and Minimaxi (Valencia et al., 2016).

4. Following wavelet decomposition, an appro-
priate threshold processing method needs to be se-
lected to denoise the data. Soft and hard threshold
functions are often used for this purpose. The hard
threshold function results in a denoised signal that is
closer to the actual signal, but the signal will have
added oscillations and spikes. In contrast, the soft
threshold function results in a denoised signal with
better overall continuity.

4 Methodology
4.1 ARIMAX time series model

The autoregressive integrated moving average
(ARIMA) model is a famous time series prediction
method incorporating the autoregression (AR) of
lagged time series values, the transformation of the
data to a stationary form (“integrated”, abbreviated as
“I”), and the moving average (MA) of lagged forecast
errors (Box and Jenkins, 1970). An ARIMA model is
specified by three parameters: p, ¢, and d, where p is
the autoregressive term, ¢ is the moving average term,
and d is the number of subtractions applied to the
lagged indicators to achieve stationary data. In this
study, we adopt a revised ARIMA model that employs

multiple input time series data, which we refer to as an
ARIMAX model. The parameters p and g in ARIMAX
are determined by the Bayesian information criterion
(B) as shown in Eq. (1) (Schwarz, 1978):

B=klnn-2InL, (1)
where £ is the number of parameters, 7 is the number
of samples, and L is the maximum likelihood function

value. When B is minimized, we choose the corre-
sponding p and ¢ values. Fig. 4 illustrates the model-

ing process.
Difference }J

| Multivariate time series |

¢
<

Stationary test

Select p and q of ARIMAX
determined by BIC

'

| Model prediction |

s

| Model evaluation |

Fig. 4 Modeling process for ARIMAX. BIC is the Bayesian
information criterion

4.2 LSTM

Deep learning aims at developing neural net-
works to process or analyze various types of data in a
similar manner to the human brain, such as text,
audio, images, and videos (Hinton and Salakhutdinov,
2006). Among deep learning models, RNNs are fre-
quently used to process time series data. Compared to
BPNNs and convolutional neural networks (CNNs),
RNNs work by assuming that human cognition is
based on experience and memory. Beyond just using
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present input data, these networks utilize a memory
function to harness previous information.

Although RNNs are often effective in processing
time series data, they can still exhibit problems of
vanishing and exploding gradients, which are caused
by long-term time dependence. Thus, the LSTM model
was developed to solve these problems, and is cur-
rently widely used in many fields (Dong et al., 2019).
A schematic of the LSTM is shown in Fig. 5. The cell
state (in the orange dashed frame) is the core of the
LSTM model, as it carries the information of all previ-
ous states, and facilitates corresponding operations
that decide whether to discard or add information. In
addition, there are gates applied to control the input
and output of information; these are the forget gate
(red dashed frame), input gate (green dashed frame),
and output gate (blue dashed frame). The forget gate
determines what information is discarded, the input
gate determines what new information is added to the
cell state, and the output gate determines what infor-
mation to output from the cell state.

We propose an LSTM time series model for
pavement PI prediction, developed using the Keras li-
brary in Python. The time series data were prepro-
cessed according to the approach developed by Bon-
tempi et al. (2012). In this study, we treat the time se-
ries prediction as a supervised learning task. First, the
maximum and minimum values in the training dataset
are used to normalize all data to values between 0 and
1. Afterward, the time series data are transformed into
supervised learning data with features and labels. The
training dataset is constructed as follows: for the Mn-
Road sections, the input length is 1 and the output
length is 1, indicating that the pavement performance
during year #+1 is predicted based on the pavement
performance and predictors during year z. For the

RIOHTrack sections, the input length is 5 and the out-
put length is 2, indicating that the pavement perfor-
mance during months #1 and 2 is predicted based
on the performance and predictors of the past five
months (months -4 to ¢).

5 Results and discussion
5.1 Model evaluation

Three regression indicators are used to assess the
performance of the time series models. These indica-
tors are the mean squared error (E,,), mean absolute
error (E,,), and coefficient of determination (R%),
whose formulas are given in Egs. (2)—(4):

Eys= %;(y[_ﬁ)z7 (2)

Fun= 3y )9~ )
Ny

R2:1_ i;,l 2’ (4)
Z‘(yi_.)_})

where N is the number of samples, y, and f; are the
measured and predicted data, respectively, and y is the
average of the measured data.

In this study, we used measured PIs of MnRoad
sections from 1994 to 2007, and PIs of RIOHTrack
sections from Dec. 2016 to Nov. 2019 as training data
for the time series models. MnRoad section data from
2008, and RIOHTrack section data from Dec. 2019
and Jan. 2020 are used as the testing data.

The performance of the ARIMAX time series
model is presented in Fig. 6, comparing the predicted

)z Ve

Ve

a4 m
- A
------ — Ciphyy 4 h w(I, X B
==l t |ﬁJ
I o c ] c i)
— e

X1 X%

X1

Fig. 5 Schematic of the LSTM model. C, is the cell state at time ¢, /, is the hidden state of the layer at time ¢, x;, is the
input at time ¢, y, is the output at time ¢, £, is the forget gate, i, is the input gate, C, is the cell gate, o, is the output gate, o is
the sigmoid function. References to color refer to the online version of this figure
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Fig. 6 Performance of the ARIMAX model for raw PI
prediction: (a) IRI; (b) RD

and measured PI data. Because the predicted IRI and
RD on the two roads have the same physical mean-
ings and are within similar ranges, we combine the re-
spective IRI and RD results across the roads. Table 3
summarizes the statistical indicators of the model per-
formance for the MnRoad sections, the RIOHTrack
sections, and the overall datasets. We can see that the
ARIMAX model has a low prediction accuracy for
PIs, except for the IRI of RIOHTrack, where R’ is
0.924, E,,, is 0.011 m*’/km’, and E,,, is 0.074 m/km.
This is because the age of RIOHTrack is young, and
its IRI results have no obvious upward trend (as shown
in Fig. 1b), so it is relatively easy to predict.

Table 3 Performance evaluation of the ARIMAX model

Performance evaluation indicator

Dataset PI
R2 EMS EMA
MnRoad IRI 0375 0.541 m%km’ 0.511 m/km
RD 0.600 3.438 mm’ 1.258 mm
RIOHTrack IRI 0924 0.011 m%km*> 0.074 m/km
RD  0.395 1.200 mm’ 0.840 mm
Overall IRI  0.810 0.231 m%km’ 0.255 m/km
RD 0.675 2.128 mm’ 1.014 mm
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We employ a stacked LSTM model, which com-
bines two LSTM layers for encoding sequential infor-
mation from the input, and a dense layer for output-
ting a vector from the second LSTM layer. The size
of the output vector is equivalent to the number of
steps to be predicted. The E, is used as the loss func-
tion along with Adam optimization during training.
We also continuously reduce the learning rate during
the training process, to take smaller steps that approach
a minimum in the loss function. In training, approxi-
mately 50 epochs are required to reach convergence.

Fig. 7 presents the correlation of predicted Pls
with measured data using the LSTM model. Table 4
summarizes LSTM model performance evaluations
across different datasets. By comparing Table 3 with
Table 4, it is clear that the performance of the LSTM
model is significantly better than the traditional ARI-
MAX model; the coefficient of determination of the
LSTM model is on average 21.0% higher than that of
the ARIMAX model, and the £, and E,,, of LSTM
are 0.182 m*/km’ and 0.114 m/km lower than those of
the ARIMAX model for IRI, and 1.772 mm’ and
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Fig. 7 Performance of the LSTM model for raw PI
prediction: (a) IRI; (b) RD
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Table 4 Performance evaluation of the LSTM model

Performance evaluation indicator

Dataset PI

R2 EMS EMA
MnRoad IRT 0.878 0.105m’km> 0.235 m/km
RD 0927 0.624 mm’ 0.637 mm
RIOHTrack IRI  0.932 0.010 m’km* 0.075 m/km
RD 0916 0.165mm’ 0.363 mm
Overall IRI 0959 0.049 m’km* 0.141 m/km
RD 0946 0.356 mm’ 0.477 mm

0.537 mm lower for RD, respectively. This is because
the ARIMAX model assumes that variables tend to
vary linearly with time, and thus has weaker predic-
tion capability on datasets with more complex time-
varying behavior. In contrast, the LSTM model is more
effective at learning the correlations, collinearities, and
nonlinear relationships between variables.

As shown in Fig. 1, variations in curves of the
original PI data from the MnRoad and RIOHTrack
sections are discrete, indicating the presence of noise.
Thus, we apply the aforementioned wavelet denoising
method to first process the original data, enabling
analysis of the influence of missing or abnormal data
on the model accuracy.

The Rigrsure algorithm and soft threshold func-
tion were adopted in the wavelet denoising procedure
(Dong et al., 2019). Therefore, the main factors af-
fecting the final denoising effect are the selection
of the wavelet algorithm and the number of decom-
position layers. The optimal combination of wave-
let factors was obtained by conducting different trials
using the Daubechies order-4 (DB4), Symlet order-4
(SYM4), and Haar wavelet algorithms, along with ei-
ther 3, 4, or 5 decomposition layers. The root mean
square error (E,,,) and smoothness (r) are calculated
according to Egs. (5) and (6) to evaluate the denois-
ing performance:

Erus=

FNCED ®)
> i)

Vol ; (6)
Z(SIH -s;)

where s, and f; represent the original and the de-
noised data, respectively. The DB4 algorithm with

three wavelet layers is selected, since it achieved the
best values of root mean square error and smoothness
as shown in Table 5. Fig. 8 shows the raw data of
PIs from MnRoad pavement Section 1, and the data
after wavelet denoising. Clearly, the data become much
smoother following denoising.

Table 5 Wavelet denoising performance on the original
data of RD from MnRoad Section 1

Wavelet algorithm Number of layers £, (mm) r
Haar 3 0.525 0.686
4 0.886 0.426
5 0.886 0.426
DB4 3 0.378 0.742
4 0.413 0.680
5 0.435 0.654
SYM4 3 0.397 0.672
4 0.428 0.605
5 0.445 0.583
301
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Fig. 8 Comparison of measured and denoised PI values
from MnRoad Section 1: (a) IRI; (b) RD

After performing wavelet denoising on the origi-
nal data, the ARIMAX and LSTM models are reap-
plied to predict pavement performance. The prediction



results are summarized in Table 6. The prediction ac-
curacy of the ARIMAX model using denoised PI data
is better than that using raw data, on average in-
creasing the determination coefficient by 9.5% and
decreasing the E, and E,, by 0.155 m’km’ and
0.087 m/km for IRI, and 0.403 mm’ and 0.238 mm
for RD, respectively. For the LSTM model, the wave-
let denoising process resulted in increased RD predic-
tion accuracy, with the determination coefficient
increasing by 1.4%, E,,; having a slight increase of
0.012 m’/km’ and E,,, decreasing by 0.003 m/km for
IRI, and E,, and E,,, decreasing by 0.097 mm’ and
0.098 mm for RD, respectively. Thus, wavelet de-
noising can significantly improve the accuracy of the
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ARIMAX model, and the LSTM model had a stron-
ger tolerance to noise in the original data compared to
the ARIMAX model.

It is worth noting that for the LSTM model, the
wavelet denoising could not improve the accuracy of
the IRI prediction. This may be because although the
wavelet denoising method can reduce the noise in the
original data, it may also distort the measured data.
Compared to noise, distortions in the data can have a
greater impact on the prediction accuracy of the LSTM
model. A comparison between the measured and pre-
dicted data for the combined dataset, using the two
different models, is shown in Fig. 9. Since the pro-
posed LSTM prediction model has a strong tolerance

Table 6 Performance evaluation for denoised data

IRI RD
Dataset Model . T . .
R E,;s (m’/km?) E,,, (m/km) R E,;s (mm°) E,, ., (mm)
MnRoad LSTM 0.841 0.138 0.249 0.945 0.471 0.527
ARIMAX 0.801 0.173 0.310 0.630 3.162 1.032
RIOHTrack LSTM 0.952 0.007 0.061 0.946 0.108 0.274
ARIMAX 0.951 0.007 0.068 0.644 0.705 0.594
Overall LSTM 0.950 0.061 0.139 0.960 0.259 0.379
ARIMAX 0.938 0.076 0.168 0.736 1.725 0.776
6r o 7 18 )
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Fig. 9 Model performance for denoised PI prediction: (a) ARIMAX; (b) LSTM
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to noise, and because we aim to avoid distortion, the
original data should be used for LSTM prediction.

5.2 Comprehensive performance indicator prediction

The proposed LSTM model accurately predicted
the pavement PIs. However, it should be noted that
different PIs have different measurement units and
orders of magnitude, which makes it challenging to
make assessments with the predicted results. In order
to more easily compare the performance of different
pavements, a comprehensive performance indicator,
PQI, is introduced, which depends on the value of
each pavement PI. We calculate PQI based on the pre-
dicted PIs as shown in Eq. (7):

Ioo= o X Ipg+ @gp X Igp,

100
ROT 10,0268

100—d,, dy<10, ™)
Leo=190-3(dy—10), 10<d, <40,

0, dy>40,

where I, is the pavement quality index, I, is the
pavement riding quality index, 7, is the pavement rut-
ting depth index, and w,, and w,, are the weights of
Iy, and I, respectively. I, is the international rough-
ness index, and d, is the rutting depth.

To make the comparison more intuitive, the
calculated values are converted to discrete numbers
representing different performance states. Since the
RIOHTrack pavement sections in the dataset were
built in 2015 and the pavement performance had not
severely degraded, we only use three performance
states in this study: state 1 represents the best perfor-
mance condition of the pavement, and state 3 is the
worst condition. The classification standards are shown
in Table 7.

Table 7 Classification standards of evaluation indicators

State PQI
1 1,:>90
2 80</,,<90
3 1,,<80

We utilize several different versions of PQI for
our analysis:

1. PQI-S: PQI is calculated according to the as-
sessment standard method.

2. PQI-E: PQI is calculated according to the en-
tropy weight method.

3. PQI-SF: PQI is calculated by combining the
fuzzy comprehensive evaluation method with the as-
sessment standard method.

4. PQI-EF: PQI is calculated by combining the
fuzzy comprehensive evaluation method with the en-
tropy weight method.

5. PQI-F: PQI is determined by applying the strict-
est pavement performance evaluation method above.

The measured PIs and calculated PQI classifica-
tions from the training set are used to train a BPNN,
and then the predicted PlIs for the test set are fed into
the trained network to obtain predicted PQI results.
Fig. 10 shows the confusion matrix of the BPNN pre-
diction model, where the diagonal shows the numbers
of correct predictions for the three classes. The confu-
sion matrix shows an overall prediction accuracy of
93.8%, indicating effective comprehensive perfor-
mance prediction. To identify potential causes of the in-
correct predictions, the measured values and predicted
values across different indicators are listed in Table 8.
One can observe that incorrectly predicted PQIs are
around the critical value of state transition for pave-
ment sections. Another possible reason for prediction
errors is the abnormal increase in IRI for MnRoad
sections in 2008, causing the predicted values to be
lower than the measured values.

1 2 3
1| 38 0 0o | 100%
—, [0 12 1| 92.3%
[0]
Qo
s
()
2
=3 . 3 1| 786%
100% | 80.0% | 91.7% | 93.8%

Predicted label

Fig. 10 Confusion matrix of the BPNN prediction model
for comprehensive performance

6 Conclusions

A method based on a time series LSTM model
was developed to predict the PIs of asphalt pavements
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Table 8 Performance evaluation for denoised data

PQI-S PQI-E
Data No. IRI (m/km) RD (mm) PQI-SF state PQI-EF state  PQI-F state
Value  State  Value  State
Measured 1 3.67 8.35 82.50 2 86.95 2 3 1 3
2 3.65 5.16 83.71 2 89.11 2 3 1 3
3 4.19 9.20 77.95 3 84.19 2 3 1 3
4 3.41 7.36 84.69 2 88.55 2 2 1 2
Predicted 1 3.40 8.08 84.53 2 88.12 2 2 1 2
2 3.32 5.15 85.97 2 90.28 1 2 1 2
3 3.14 9.86 85.56 2 87.79 2 2 2 2
4 3.62 7.64 83.06 2 87.58 2 3 1 3

(specifically IRI and RD), and a comprehensive per-
formance indicator PQI was proposed to evaluate the
condition of the pavement. The average temperature,
precipitation, total traffic volume, asphalt surface lay-
er thickness, pavement age, and treatment condition
were taken as predictors, and wavelet denoising was
performed on the original data to investigate the influ-
ence of missing or abnormal data on the model. The
modeling and analysis were based on data from two
major full-scale accelerated test tracks, MnRoad and
RIOHTrack, and the results were compared to that of
a traditional ARIMAX model.

A comparative evaluation of the different models
showed that the LSTM model outperforms the ARI-
MAX model in PI prediction. The coefficient of deter-
mination of the LSTM model is on average 21.0%
higher than that of the ARIMAX model, and the E,
and E,,, of LSTM are 0.182 m*km’ and 0.114 m/km
lower than those of the ARIMAX model for IRI, and
1.772 mm® and 0.537 mm lower for RD, respectively.

We also found that wavelet denoising can im-
prove the prediction accuracy of the ARIMAX model,
and that the LSTM model has a stronger tolerance to
noise in the original data compared with the ARI-
MAX model. However, distorted data caused by the
denoising process have a greater impact on the predic-
tion accuracy of the LSTM model. Therefore, the
LSTM model is particularly suitable for application
scenarios with missing/noisy data or frequent mainte-
nance operations.

Additionally, a novel comprehensive pavement
performance indicator PQI was proposed in this study,
which combines the highway performance assessment
standard method, entropy weight method, and fuzzy
comprehensive evaluation method. The overall predic-
tion accuracy of the PQI can reach as high as 93.8%.

This demonstrates the effectiveness of the method in
predicting pavement performance. The findings of this
study may serve as a reference for more sophisticated
pavement management and maintenance strategies.
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