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Prediction of Asphalt Pavement Service Life using Deep Learning
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ABSTRACT

PURPOSES: The study aims to predict the service life of national highway asphalt pavements through deep learning methods by using
maintenance history data of the Nationa Highway Pavement Management System.

METHODS: For the configuration of adeep learning network, this study used Tensorflow 1.5, an open source program which has excellent
usability among deep learning frameworks. For the analysis, nine variables of cumulative annual average daily traffic, cumulative equivaent
single axle loads, maintenance layer, surface, base, subbase, anti-frost layer, structural number of pavement, and region were sdlected as input
data, while service life was chosen to construct the input layer and output layers as output data. Additionaly, for scenario analyss, in this study,
amodd was formed with four different numbers of 1, 2, 4, and 8 hidden layers and a Smulation analysis was performed according to the
applicability of the over fitting resolution algorithm.

RESULTS: The results of the analysis have shown that regardless of the number of hidden layers, when an over fitting resolution agorithm,
such as dropout, is gpplied, the prediction capability isimproved as the coefficient of determination (R?) of the test data increases. Furthermore,
the result of the senditivity analysis of the applicability of region variables demonstrates that estimating service life requires sufficient
congderation of regiond characteristics as R? had amaximum of between 0.73 and 0.84, when regiona variableswhere taken into consideration.

CONCLUSIONS: As aresult, this study proposes that it is possible to precisaly predict the service life of national highway pavement
sections with the consideration of traffic, pavement thickness, and regiona factors and concludes that the use of the prediction of service life
isfundamental datain decision making within pavement management systems.
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Fig. 1 Comparison of Deep Learning Framework
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(a) Standard Neural Net

(source: Srivastava et al., 2014)

(b) After Applying Dropout

Fig. 3 Dropout Neural Net Model
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Table 1. Analysis of Data Set

Classification N Min Max Avg. St dev.
Service life(year) y 3.0 22.0 10.0 3.4
Traffic CAADT x1 0.2 214 4.0 3.4
(million-veh/lane) CESAL x2 0.0 6.1 0.5 0.5
Maintenance layer x3 0.0 22.0 3.4 5.2
Surface x4 4.0 28.0 7.7 2.7
Pavement thickness Base x5 759 7.0 25.0 16.7 4.5
(cm) Subbase X6 00 50.0 30.2 8.1
Anti—frost layer X7 0.0 75.0 15.1 17.7
SNP x8 3.1 8.6 4.9 0.7

Region x9 Seoul, Daejeon, lksan, Wonju, Busan
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in [1]:

In (2]

in [3):

In [4]:

In (5]

In [6]:

In [7]:

In (8]

import tensorflow as tf
import pandas as pd
import Humoy as no

DATA = pd. read_excel (" data2. xlsx')

¥ = DATAL Service Life']

X1 = DATA["CAADT")

X2 = DATA['CESAL"]

X3 = DATAL'Maintenance layer']
X4 = DATAL'Surface’]

45 = DATA['Base’)

X6 = DATA[ Subbase’]

X7 = DATAL'Anti=-frost layer']
X8 = DaTAL 32P°]

¥9 = DATA['Regicn’]

x_data = pd.concat([XI, X2, X3, X4, X5, X6, X7. X8, ¥g]. axisel)
y_data = pd.concat([Y]. axis=1)

¥l _data = np.array(x_data, dtype=np.float32)
¥l data = no.array(y_data, dtype=np.float32)

®_train_data = np.array(x|_data[:537], dtype=np.flcat3?)
y_traln_data = ne.array(yl_data[:532], dtype=np.flcat®)

w_test_data = no.arrav(xl_data[532:]. dtype=no.!lcat32)
y_test_data = np.array(yl_data[532:], dtype=np. float3z)

X = tf.placeholder(tf. float32, shape= [Mone. 9])
y = tf.placeholder(tf. float32, shape- [Hone. 11)
keeo_orob = tf.placeholder(” float”)

Wl = tf.get_variable(*¥i", shape=[3, 126],
initializer=tf.contrib. lavers.xavier_initializer(})
bl = tf Yariable(tf. randoa_normal ([128]))
L1 = tf.nn.elultf mateul (X, W1 + bl
L1 = tf.nn.dropout (L1, keep_prob=0.8)

Fig. 5 Example of Tensor Flow Source Code
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