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No. of used data,

Model Model type Input variables variables Source (if Model accuracy
applicable)
7_
Diefenderfer Regression- T T R.P T T 2028, Virginia Smart Rmogéj; E)l\ggx(ﬁ;p'
et al. [20] based amax: famins s Td pmax: “pmin Road, Virginia, USA s
temp. model)
Hassan et al. Regression- 445, Sultan Qaboos 2_
[19] based Tair, Solar T20mm University, Oman R7=0.85
9 months data,
Tabatabaei et Regression- . Shahid Chamran 2
al. [18] based Sur,t, d, comp, Air, BP, BT T University, Ahwaz, RT=0.95
Iran
Gedafa et al. Regression-
23] iase | Tyurs Taver tar D Tyave 65, Kansas, USA R?=0.94
Li et al. [24] Rei‘:::é"“' d, Tans Qns T Ty 91081, China R2=0.97
. Two-year R?=0.92 (Max temp.
- T aaity —minimim» .
Aszlfzz[i;i;l et Re%;ess:éon Tair—mins Tair—max» SR, D Tda”y i temperature data, model), 0.91 (Min
) daily—maximum Alberta, Canada temp. model)
Regression- 10304, LTPP (SMP) 2
BELLS [16] based IR,d, T1-day) hryg Ty data, USA. R“=0.98
Xu etal. [13] BP neural ) . . . 144, Lianshao tunnel, Prediction error =
network Air,H,W, Dir., Rain, Tg,,, Condition T China 0.3-08 °C
Matic et al. Two-year data, o
(14] ANN (MLP) Towr, D Ty maxs To min Serbia MAE = 0.64~0.68 °C
One-year data Prediction error > 5,
Godoy et al A 35% on summer and
[15] ANN (MLP) t, Tt1—dayy Tour T, (August 2016 — winter days,

August 2017), Spain

respectively

Table 1. Depth temperature predictive models for asphalt layers and their specifications
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Fig. 1. Location and general climatic conditions of the pavement site in Ohio, USA - Section ID: 39-0901

ol s 5 JLASl e aeae 4SS Jde ana g5 (gl el enlinal glaesls 5 (gla sed Y J gl

Independent variable Dependent variable
> Y
5 5 E_ z_.= ¢ Es 3 £ £ S5
pate g5 23 £5E 2 e :ET eT &4 =57
22 SE <“gg EHEG0 = €L Ely T E -~z
(m/dlyyyy) ESE 93 £S38 <432 %= Y ER £ LS

2 £ s Bzt & £g L& <E -3 -

= ES &=2 3§ 22 g®= E£353 = £o

=8 = € < < == Z2 g8
Sample 01 12/16/1999 0.1067 16 0.025 -0.1 6.2 270 76.9 75 2
Sample 02 12/16/1999 0.1067 16 0.055 -0.1 6.2 270 76.9 75 3
Sample 03 12/16/1999 0.1067 16 0.084 -0.1 6.2 270 76.9 75 3.5
Sample 04 1/2/2000 0.1067 17 0.025 14.8 9 221 80.4 91.8 13.3
Sample 05 1/2/2000 0.1067 17 0.055 14.8 9 221 80.4 91.8 11.7
Sample 06 1/2/2000 0.1067 17 0.084 14.8 9 221 80.4 91.8 10.3
Sample 07 1/26/2000 0.1067 9 0.025 -13.3 3 338 77.8 62.1 -8
Sample 08 1/26/2000 0.1067 9 0.055 -13.3 3 338 77.8 62.1 -8
Sample 09 1/26/2000 0.1067 9 0.084 -13.3 3 338 77.8 62.1 -8
Sample 10 3/5/2000 0.1067 14 0.025 12.6 2.3 323 29.1 721 21.4
Sample 11 3/5/2000 0.1067 14 0.055 12.6 2.3 323 29.1 721 16.7
Sample 12 3/5/2000 0.1067 14 0.084 12.6 2.3 323 29.1 721 13.3
Sample 13 6/13/2000 0.1067 19 0.025 24.6 3.8 351 60.3 76.1 36.2
Sample 14 6/13/2000 0.1067 19 0.055 24.6 3.8 351 60.3 76.1 359
Sample 15 6/13/2000 0.1067 19 0.084 24.6 3.8 351 60.3 76.1 35.2
Sample 16  8/10/2000 0.1067 13 0.025 25 2.7 328 64.6 757 36.7
Sample 17 8/10/2000 0.1067 13 0.055 25 2.7 328 64.6 757 31
Sample 18  8/10/2000 0.1067 13 0.084 25 2.7 328 64.6 757 27.9
Sample 19 2/10/2001 0.1067 15 0.055 2.7 4.7 321 58.9 263.9 6.6
Sample 20 2/10/2001 0.1067 15 0.084 -2.7 4.7 321 58.9 263.9 5.9
Sample 21 11/16/2002 0.1067 23 0.025 0.1 4.8 10 96.9 0 3.2
Sample 22 11/16/2002 0.1067 23 0.055 0.1 4.8 10 96.9 0 3.8
Sample 23 11/16/2002 0.1067 23 0.084 0.1 4.8 10 96.9 0 5
Sample 24 1/29/2000 0.1067 11 0.084 -7.8 43 105 72.4 413.5 9.4
Sample 25 12/23/2000 0.1067 10 0.084 -13.2 2.1 178 77.4 150.4 -9.4
Sample 26 12/28/2000 0.1067 5 0.055 -16.2 1.5 340 86.9 0 -9.4
Sample 27 1/2/2001 0.1067 9 0.055 -13.8 0.2 286 86.4 37.2 -9.4
Sample 28 3/24/2003 0.1067 10 0.025 12.5 2.9 197 56.1 512.2 13.8
Sample 29  3/24/2003 0.1067 10 0.055 12.5 2.9 197 56.1 512.2 10.1
Sample 30 3/24/2003 0.1067 10 0.084 12.5 2.9 197 56.1 512.2 8.9

Table 2. 30 samples of the data points employed to develop a Back-Propagation neural network model

a1
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Time of day 1 -0.001 0.119 0.123  0.008 0.138 -0.000 -0.292 -0.303 0.112  0.138

Depth from pavement surface -0.001 1 -0.035 0.005  0.014 0.006 0.013 0.002 0.005 -0.012 -0.057
Air temperature 0.119  -0.035 1 -0.026  -0.131  0.046  -0.124 -0.186 -0.231 0.375  0.952
Average wind speed 0.123  0.005  -0.026 1 0.195 0968 0.182 -0.277 -0.255 0.219  -0.090
Average wind direction 0.008 0.014 -0.131  0.195 1 0.193  0.826  -0.088 -0.079 0.035 -0.126
Maximum wind speed 0.138  0.006  0.046  0.968 0.193 1 0.184 -0.306 -0.302  0.276  -0.010
Maximum wind direction -0.000  0.013  -0.124 0.182 0.826 0.184 1 -0.072 -0.067  0.024  -0.119
Maximum air humidity -0.292  0.002  -0.186 -0.277 -0.088 -0.306 -0.072 1 0.969 -0.542 -0.240
Minimum air humidity -0.303  0.005  -0.231 -0.255 -0.079 -0.302 -0.067  0.969 1 -0.602  -0.289
Solar radiation 0.112  -0.012 0.375 0.219 0.035 0.276  0.024 -0.542 -0.602 1 0.416

Depth temperature of asphalt layer 0.138  -0.057 0.952 -0.090 -0.126 -0.010 -0.119 -0.240 -0.289 0.416 1

Table 3. Results of the Pearson correlation test with a 95% significant level on the collected data
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Fig. 2. Structure of the BP neural network model [10]
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5 2.93 0.96
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Table 4. The RMSE associated with the number of
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Number of hidden layers 1
Number of neurons in each 20
layer
Learni};g rate 0.001 [13] Bl g & 4SS Jde 58 0o IS Sl ges ¥ S
Activation function Tangent-Sigmoid (
Iteration 1000 Data analysis Pearson correlation
Validation check 10
Goal error 1x107
Train data points 24273 -
Test data poins 5201 ‘Wm.l
Validation data points 5201 training time, goal error, max validation training, test and

Table 5. Summary of the details of the developed neural
network model in this study
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Variable Unit Minimum Maximum
Input
Thickness of asphalt layer m 0.1067 0.1067
Time of the day Decimal 1 24
Depth from pavement m 0.025 0.840
surface
Air temperature °C -23.5 30.8
Average wind speed m/s 0 13.5
Average wind direction Degree 0 360
Minimum air humidity % 8.7 110
Solar radiation W/m? 0 1064
Output
Depth temperature of oc 133 46.6

asphalt layer
Table 6. Input and output variables of the developed
model with the range of modelling data
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Fig. 3. Flow diagram of Back-Propagation Neural Network
model [13]
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Trend line 0.97 0.94
Slope 0.35 0.63
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Table 7. Comparison of model performance evaluation results
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Abstract

One of the critical environmental factors that affect the deformation of flexible pavements is the depth
temperature of asphalt layers. This is due to the viscoelastic behavior of the asphalt mixtures. The stiffness of
the asphalt layers has a significant effect on the structural capacity of flexible pavements. This property is a
function of the asphalt layer temperature and changes daily and seasonally. As the temperature increases, the
stiffness of the asphalt layer decreases, which increases the stress in the base and subbase layers of the
pavement. Therefore, the pavement response to the applied loads is affected by the depth temperature. Hence,
the depth temperature of asphalt layers is one of the most important and main factors in the analysis, design,
and rehabilitation process of flexible pavements. Some predictive models have been developed to determine
the depth temperature of asphalt layers in pavement maintenance and rehabilitation activities. These models,
as an alternative to field and laboratory measurements of this factor, are low-cost, rapid, and simple methods
to determine the depth temperature of asphalt layers. It should be noted that these models are based on the
limited field and laboratory data, therefore, there is a need for developing new models for prediction of the
depth temperature of asphalt layers in different traffic and climatic conditions. The objective of this study is
to develop a model for predicting the depth temperature of asphalt layers based on climatic data. In recent
years, Artificial Neural Networks (ANNs) have shown good performance as a useful tool for modeling
physical events. The modeling method used in this study is a Back-Propagation Neural Network (BPNN)
model that predicts the average hourly depth temperature of asphalt layers based on several variables, including
the time of the day, desired depth from the pavement surface, average hourly air temperature, average speed
and direction of the wind, minimum air humidity and total solar radiation. Data was extracted from the Long-
Term Pavement Performance (LTPP) database. After extracting and preparing raw data, all the needed data
were acquired from different data tables and linked to each other in a database. As a case study, data points
collected from pavements in Ohio, USA, has been used for modeling. Also, to ascertain the presence or absence
of multicollinearity between independent variables, the Pearson correlation test has been conducted. For this
reason, the maximum speed and direction of the wind and maximum air humidity parameters were removed
from the data set. According to the results of the Pearson correlation test, the average hourly air temperature
has the most powerful impact on the average hourly temperature of the asphalt layer depth
(correlation=95.2%). After training and testing the neural network, the performance of the developed model
has been evaluated, and results were compared with a non-linear quadratic regression model. The results show
that the developed model is more accurate than the regression-based model. In addition, the ability of the
developed model in predicting the depth temperature of asphalt layers based on existing climatic data with a
very good prediction accuracy (R*=0.96) and very low bias and error has been shown. Furthermore, the
performance of the developed model has some restrictions for the prediction of depth temperature of asphalt
layers. Other factors such as material characteristics can be scrutinized and applied to enhance the performance
and applicability of the model.
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