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Abstract: - Road infrastructure is the backbone of the economy of any country. The recent increase in the
length of roads has never been matched in history. The increase in length comes with huge demand for the
maintenance of pavements in an orderly fashion. The pavement management system is used for planning
maintenance based on pavement performance evaluation. The international roughness index (IRI) is considered
a standard parameter for the functional evaluation of flexible pavements. In the present study, IRI is predicted
through machine learning models using the LTPP database. The main objective of the study is to find the
optimal machine learning which can be used for IRI prediction. Three machine learning models, (i) linear
regression, (ii) optimised trees, and (iii) optimised Gaussian process regression (GPR), has been used for
predicting IRI. Different models have been compared based on various statistical parameters. The optimised
GPR model performed best per the R-Squared value (0.89).
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1 Introduction the current condition of the pavement. This ought to
India is a vast country with a huge road network be a very initial part of the pavement evaluation and
with a total road length of 63.86 lakh kilometers in needs quantitative measurements of ride quality/
2019. The road length has increased at a compound pavement unevenness for judging the maintenance
annual growth rate of 4.2% since 1951. Rural roads requirement of the road. The international roughness

constitute a major portion of the road network in index (IRI) is used in evaluating Fhe ride quality of
India (approximately 71%). The huge network of the road. The IRI has been widely adopted by

rural roads needs regular maintenance. Hence transportation agencies worldwide as a key indicator
pavement evaluation is vital for decision-makers to for evaluating pavement ride quality. However, the
preserve the road infrastructure and to maximise its measurement O_f IRT is costly apd unaffordable for
benefits to the public. highway agencies limited by their fiscal resources.

The recent advent of machine learning methods

Researchers have conducted multiple studies to TEtho
has enabled researchers to explore the applicability

conclude the importance of distress in quantifying

pavement quality, as the road length is increasing of machine learging field to their respective fields.
per year at a fast pace. The already available Many past studies hgve peen performed for jthe
infrastructure needs to be simultaneously evaluated evaluation of the applicability of machine learning
for maintenance requirements. The limited budgets in the transportation engineering field, [1], [2], [3],
and increasing public expectations stressed the [4]- )
decision-makers in adopting a temporary solution to In this study, data has been collected for 211
pavement distress. The inter-correlation between the pavements from the LTPP database, and machine
pavement distresses is often ignored. The learning metho.ds,. Le., hnea.r regression, Optlm}sed
correlation analysis of multiple pavement sections trees, and Optimised gaussian process regressions
will help understand the requirement for treating (GPR), have been explored. The results have been
underlying problems. The decision-makers can then compared. based on different model performance
provide adequate treatment accordingly. An ideal matrices, i.¢., Root Mean Square Error (RMSE), R-
Pavement management system (PMS) should hence squared, Mean Square Error (MSE), and Mean
integrate  the evaluation of all distresses Average error  (MAE). .MA.TLAB computer
simultaneously. program, [5], has been used in .thls study to achieve
Visual inspection of various pavement distresses the desired results. The optimised GPR performed

is adopted by in-field engineers for assessment of
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the best in terms of all the model’s performance
values.

The manuscript is arranged into 5 Chapters in the
order: Chapter 1: Introduction, Chapter 2: Data
Preparation, Chapter 3: Machine Learning Models,
Chapter 4: Methodology, Chapter 5: Results, and
Chapter 6: Conclusions.

2 Data Preparation

The data is extracted from the LTPP infopave
database = provided by  Federal  Highway
Administration (FHWA). The database is accessible
on the internet [6]. Table 1 describes the various
variables retrieved for conducting the study. The
data were extracted for all the pavement sections
with flexible pavement surfaces.

Table 1. Name and description of different variables
under consideration

NAME OF
VARIABLE DESCRIPTION OF VARIABLE
STRUCTURAL | The structural number of asphalt
NUMBER concrete pavements.
HPMS16_CRA Total percentage of sections cracked
CKING_PERC | o HPMS field guide definitions
ENT AC Y g '
MEPDG _CRA | This variable represents the sum of
CKING_PERC | alligator cracks in percentage, per
ENT AC MEPDG, [7].
MEPDG_CRA | This variable defines transverse cracks
CKING _LENG | per meter run of the road via MEPDG
TH AC definitions.
MEPDG LON | The length of longitudinal cracks
G CRACK LE | conforms to the wheel path per meter
NGTH AC length.
ME _PERCENT | Percent of area cracked in 0.61-meter
~WHEEL PAT | wide wheel paths as per MEPDG
H CRACK crack percent.

It defines the computed ESAL
kesal year (Equivalent Single Wheel Load) for

the k™ year.
unbound
granular  base | The average thickness of the unbound
thickness granular base layer.
average
asphalt concrete The average thickness of the asphalt
thickness

concrete layer.
average
MEAN ANN | It defines the average mean
TEMP AVG temperature for the whole year.
TOTAL ANN [ The sum of precipitation values for
PRECIP the whole year.
initial IRI for | IRI value for the pavement in the year
pavement of construction.

This variable defines the age of the
AGE .

pavement in years.
IRI International Roughness Index

E-ISSN: 2415-1521

112

Ankit Sharma, Praveen Aggarwal

The data extracted has been pre-processed using
Microsoft Excel. The outliers were identified and
removed to maintain the uniformity of the data. The
scatter plots have been prepared for all the
independent variables with dependent variables
(Figure 1).
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Fig. 1: Variation of IRI with different parameters
under consideration

3 Machine Learning Models
In the present study, three machine models avail in
MATLAB are used.
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3.1 Linear Regression

Linear regression models describe the relationship
between the dependent variable y and independent
variables X. The matrix X is usually named as
“Design matrix” of independent variables. The
dependent variable is also named the response
variable. A general equation for any line regression
model has been given below (equation 1).

Yi=B0+A1Xi1+42Xi2+ - +BpXip

,i=1,...,n

(1

where
e n, represent the number of observations
* Vi, represents the i" response
* S0 represents the constant term in the
linear regression model
e f1,/2, ... Bn represents the coefficients
for all the independent variables

e Xi1, Xi2, ..., Xip represent different
independent variables for the ith
response.

The method of least squares is used in this study
to develop regression models. The method of least
squares is used to determine the best-fit line for the
independent variables.

3.2 Optimised Trees

In this study, optimised trees were used for the
modelling. Decision trees are generally used for
classification tasks in the machine-learning field.
However, for regression analysis of the problem at
hand, they can be used by converting the available
data into small classification tasks. Figure 2
represents a typical decision tree. In this study, the
decision trees have been optimised using Bayesian
optimisation and hence are here referred to as
optimised trees.

The decision of the models is based on the rules
as defined in Figure 2. The figure describes the
route to follow to determine if a person is fit. In the
first step arithmetic operation on the age of the input
variable age determines which route the model has
to follow. Step 2, based on the input response
model, determines if the input variable to be
compared is “Eats a lot of pizza” or “Exercises in
the morning”. The answer to the questions decides if
the person is fit or unfit.
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Is 2 Person Fit?

Age<307?
/" A
Yes? / . No?
Eat'salot Exercises in

of pizzas? the morning?

el
Yes No? Yes? , . No?

Unfit! Fit Fit Unfit!

Fig. 2: Example decision tree

3.3 Gaussian Process Regression

It is a non-parametric Bayesian approach to solving
regression problems. It is able to widely capture the
relationship between predictors and responses. The
complexity of the data is mapped using the kernel
functions. The kernel function quantifies the
similarity between the input variables. The
similarity between the variables is used to generate
the covariance matrix. The covariance defines how
the output of the model is correlated to the input
variables. Bayesian optimisation has been used for
choosing the best hyperparameters for which the
model performs best.

3.4 Optimisation

Optimisation of a machine learning model has to be
performed when the parameters defined for the
model have large sets, and many possible
combinations of the hyperparameters are possible.
The Bayesian optimisation technique is used to look
for the best possible values of the input
hyperparameters for the machine learning model.
This optimisation is preferred when the selection of
hyperparameters is huge, and it 1is not
computationally possible to find the best-performing
hyperparameters in the polynomial time. One of the
key benefits of Bayesian optimisation ought to be its
capability to balance the trade-off between
exploration and exploitation in the available solution
space. It uses a probabilistic model of the function
to guide the search for optimal solution and balance
the exploration of new inputs and exploitation of
known good inputs.

4 Methodology

The application of machine learning algorithms has
been done in the MATLAB program. The
descriptive statistics of the variables were analysed
to find out the different machine learning algorithms
that can be applied to predict IRI accurately. The
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Regression learner has been used for the application
of linear regression, optimised trees, and optimised
GPR. To validate the results, the Cross-validation
method of validation has been used along with 5-
fold cross-validation. The data was divided into five
equal but random parts by the machine learning
models and was used for improving the training of
the model.

The Bayesian optimisation technique was
selected for the optimisation of the hyperparameters
for different models. The trained models were then
compared based on the model performance indices.

5 Results

The performance of all the models has been
compared to each other in terms of performance
parameters as discussed in, [8], [9], [10], [11]:

e Root Mean Square Error (RMSE):

n O —17:)2
RMSE = ’Zl:l(i’: Yi)

(2)
e Mean Average Error (MAE):
1 ~
MAE = — ¥iLqlyi-3il 3)
e R-squared:
2 _ 4 _ Zi=1(Ji-¥i)?
k=1 Yi=1(3:i-¥)? )
e Mean Square Error (MSE):
1 N
MSE =~ ¥ (9 = 1) 5)

y; = predicted values by the model
y;= observed values for those inputs
n= total number of observations
y=average of the measured values.

Table 2. depicts the parameters for the developed

models

RMSE R-squared MSE MAE
Linear 0.1976 0.83 0.039  0.13
regression
Optimised  |0.2182 0.80 0.047 0.14
Trees
Gaussian 0.1576 0.89 0.024  0.09
Process
Regression

From Table 2, it can be observed that the
optimised trees have performed the lowest of all the
models trained. The Classification and regression
trees algorithm, [12], performs better when the data
is not complex, and the data to be modelled is
categorical variables. In the dataset of pavement, the
dataset is in tabular format, and optimised trees are
hence performing badly in performance parameters.
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The scatter plot for actual and predicted values from
the validation results from linear regression has
been displayed in Figure 3 (a).

The linear regression model performed
better than optimised trees with an r-squared value
(0.83). The root mean square value for the model
was 0.1976. actual vs predicted scatter plot for the
validation dataset has been shown in Figure 3(a).

The optimised GPR model performed best with
an R-squared value of 0.89. The performance of the
model was at par with the previous studies
conducted in the prediction of [3], [13], [14], [15].
Figure 3(c) represents the scatter plot between
actual and predicted IRI values from the optimised
GPR model.
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(b) Actual vs predicted Optimised trees

Optimised GPR
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(c) Actual vs predicted for Optimised GPR

Fig. 3: True versus predicted IRI value

6 Conclusion

This study analyses the applicability of machine
learning models to the prediction of the road
roughness of the pavement using various input
parameters, 1.€. structural number,
HPMS16_CRACKING PERCENT AC,

MEPDG CRACKING PERCENT AC,

MEPDG CRACKING LENGTH AC,

MEPDG LONG CRACK LENGTH_AC,
ME_PERCENT WHEEL PATH CRACK,

kesal year, unbound granular base thickness
average, asphalt concrete thickness average,
MEAN_ANN_TEMP_AVG,
TOTAL_ANN_PRECIP, initial IRI for pavement,
and AGE. The different models that were utilised in
this study are linear regression, optimised trees, and
optimised GPR. The different performance indices
used are RMSE, R-square, MAE, and MSE. The
following conclusions are drawn from the study and
listed below:

1. The use of the Bayesian method yields machine
learning models that perform at par with past
studies. The use of Bayesian optimisation enables
the user to automatically search for optimised
hyperparameters for the model based on the
performance indices.

2. In terms of the R-squared value of the
predictions, the model’s optimised trees performed
the lowest, and optimised GPR performed the best.
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3. From the scatter plot of actual vs predicted, it is
evident that the predictions by optimised GPR are
close to the actual observed values for IRI. Hence
optimised GPR model can be effectively used for
accurate prediction of IRI using given parameters.
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