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Development of Deep Learning Based Deterioration Prediction Model for the Maintenance
Planning of Highway Pavement

Lee, Yongjun', Sun, Jongwan', Lee, Minjae®
"Department of Infrastructure Safety Research, Korea Institute of Civil Engineering and Building Technology

Abstract : The maintenance cost for road pavement is gradually increasing due to the continuous increase in road
extension as well as increase in the number of old routes that have passed the public period, As a result, there is a need
for a method of minimizing costs through preventative grievance preventive maintenance requires the establishment of
a strategic plan through accurate prediction of road pavement, Hence, In this study, the deep neural network(DNN) and
the recurrent neural network(RNN) were used in order to develop the expressway pavement damage prediction model,
A superior model among these two network models was then suggested by comparing and analyzing their performance,
In order to solve the RNN's vanishing gradient problem, the LSTM (Long short—term memory) circuits which are a
more complicated form of the RNN structure were used, The learning result showed that the RMSE value of the RNN—
LSTM model was 0,102 which was lower than the RMSE value of the DNN model, indicating that the performance of
the RNN—-LSTM model was superior, In addition, high accuracy of the RNN-=LSTM model was verified through the
comparison between the estimated average road pavement condition and the actually measured road pavement condition
of the target section over time,
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* Data settings for deep running

Fig. 1. Research Methodology
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Table 1. Predictability Model by Pavement Type

Type Predictability Model

HPCIn = HPCI — 0.095Xn
HPCIn = HPCI — 0.072Xn
HPCIn = HPCI — 0.094 X n

Asphalt Pavement

Concrete Pavement

Composite Pavement

% source: Park (2013)
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Fig. 3. Structure of RNN and LSTM Cells

Fig. 4. How Gradient Information is Stored in RNN-LSTM
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Fig. 5. Ratio by Pavement Type (2017)
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Table 2. Data Collection Status

Data Collection Status

Route 9 Route

Gwangju, Yeonggwang, Sunchang, Changwon, Cheongju,
Jeonju, Yangsan, Bukchangwon, Ulsan, Daegu, Gumi,
Chunwolryeong, Daejeon, Jinju, Tongyoung, Sancheong,
Jangsu, Geumsan, Suwon, Icheon, Cheonan

Area

(Table 32 $-2Uet IEHEE TR IAATE AL 7L
Aol oJgt GF71Eo|n, HPCI /H371%(3.0018h 2t 0
=9] PSIA|, %‘E—J MCI A|=of| 2J3t 713 52 3Farsto]
AA =) tHKorea Expressway Corporation, 2018).

Table 3. Grading Standard by Highway Pavement Condition Index

Level HPCI Condition Measure
Level 1 More than 4.00 Very good Do nothing
More than 3.50 and .
Level 2 less than 4.00 Good Preventive repair
More than 3.25 and Somewhat Rgpawr and ,
Level 3 maintenance if
less than 3.50 good
necessary
More than 3.00 and Repair and

Level 4 Normal

less than 3.25 maintenance

More than 2.50 and Somewhat Improvement if
Level 5
less than 3.00 poor necessary
More than 2.00 and
Level 6 less than 2.50 Poor Improvement
Level 7 Less than 2.00 Very poor Improvement on a

preferential basis

% source: Korea Expressway Corporation (2018)
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olm 8d A1} & Wi HPCI= 35& Thh 43 A=
FABIL Q= Ao R ATt o] aggo] Wil 53
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Table 4. Average HPCI of The Target Section

After 1| After 2 | After 3 | After 4 | After 5 | After 6 | After 7 | After 8

Initial
year | years | years | years | years | years | years | years

HPCI| 4.21 | 414 | 407 | 399 | 39 | 3.82 | 3.74 | 3.62 | 3.5

Table 6. Data Set

o] H]‘ﬂowﬂ HHHO]'Oq HHEY, WY, 2EZ
27] seo
ot olel T2 w & ZA | njx|= $slEe] HalE
0] yape e ot Sk
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S, D2 WA fslolo} sioka ARSI
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Table 5. Guidelines for Grading of Exposure Environments

Instruction

Daily average temperature
(Note 1) less than 0C

Lowest daily average

temperature (Note 2)
less than —2C

® Number of 45 days or more

freezing and
thawing days
per year

90 days or more

@ Annual deicing agent usage 13 tons / two—lane - km or more

® Annual accumulated amount of snowfall 60cm or more

® Number of snowing days per year 14 days or more

® Average altitude of the route 450m or more

% source: Korea Expressway Corporation (2010)
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(You et al., 2002; Loizos et al., 2005; Yang et al., 2005).
WESEES AL & W EFF(AADT: Annual Average
Daily Traffic)?} Z=2 Adjj 7t Hrh=ol52] A= g &
ESAL =7|7} 3249] ol o 2 J3kE n|xick= A+4
7} o] QItiKwon et al, 2002; Gharaibeh et al,, 2003).

Minimum | Maximum Standard
N Average L

value value deviation

1.Highway Pavement Condition Index(HPCI) 11,552 1.0 5.0 3.9 0.3

2. Number of days with intense heat 11,552 0.0 54.0 16.1 12.5

3. Precipitation 11,552 728.0 2189.5 1198.5 326.7

Environment ; p

Factors 4. Number of days with the average temperature of less than 0C 11,562 4.0 80.0 41.9 18.0

5. Number of days with the lowest temperature of less than —2C 11,552 17.0 120.0 74.9 21.8

6. Number of snow days 11,552 0.0 27.0 5.0 7.0

Transportation 7 gqp 11,552 0.7 [20319.7 | 7.509.3 | 7.332.8
Factor
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Table 7. Example of DNN Hidden Layer Creation Source

W1 = tf.get_variable("W1", shape=[Num_XData, 20],
initializer=tf.contrib.layers.xavier_initializer())

b1 = tf.Variable(tf.random_normal([20]))

L1 = tf.nn.relu(tf.matmul (X, W1) + b1)

W2 = tf.get_variable("W2", shape=[20, Num_YData],
initializer = tf.contrib.layers.xavier_initializer())

b2 = tf.Variable(tf.random_normal([Num_YData]))

hypothesis = tf.matmul(L1, W2) + b2

RNN-LSTM E&l-zo]] A3t wfeju] = Al 2
oj(AAZHelE Y ), AW T, S A
T, 24959 &9 271, 24939 4 epoch 3, SK5E
solet,
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+ 2008 @~2016\714] 2] Al A Fe|o]E|7} Y E|ue Al
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Table 8. Example of RNN-LSTM Hidden Layer Creation Source

def Istm_cell():

cell = tf.nn.mn_cell.LSTMCell(num_units=rnn_cell_hidden_dim,
forget_bias=forget_bias, state_is_tuple=True,
activation=tf.nn.tahn)
if keep_prob < 1.0:
cell = tf.contrib.rnn.DropoutWrapper(cell,
output_keep_prob=keep_prob)
return cell

stackedRNNs = [Istm_cell() for _in range(num_stacked_layers)]
multi_cells = tf.contrib.rnn.MultiRNNCell(stackedRNNs,
state_is_tuple=True) if num_stacked_layers > 1 else Istm_cell()

2 A-tellAl= LSTM Cell®] &837](=E47)= DNNZt
7 RA] 2 20711 LSTM ALS: st om, 24939 4=
+ DNNI} v kR =2 1, 2, 4, 8702 FHEste] sh5steitt,
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of2] Z-2] RNN Cell& %7 =W @75 (overfitting) =]
7] 471 wiZoll RNN layere] A} $of Egok(dropout)
layerg 718 4= itk E3E RNN layer Alololle &5
of2-g A83k 4= Sl BlAER A= tf.nn.mn cell,
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=bele g
Table 9. Set of values for hyperparameters(RNN-LSTM)
T AR VElIE Table 10. RMSE Result
Sequence length 8 Train error Test error
Input dim 7 1—Hidden Layer 0.085 0.102
Hidden dim 20 2—Hidden Layer 0.079 0.115
Output dim 1 ANN=LSTM 4—Hidden Layer 0.134 0.163
Num stacked layer 1,2,4,8 8—Hidden Layer 0.158 0.167
1—Hidden Layer 0.149 0.147
Y(HPCI)ryy Y(HPCD)py; Y(HPCD)s Y(HPCDyy;  Y(HPCD)p4q NN 2—Hidden Layer 0.134 0.130
4—Hidden Layer 0.134 0.132
LSTMcell | [ LSTM cell | | LSTM cell LSTM cell | | LSTM cell 8—Hidden Layer 0136 0.133
‘ q)Hlddlﬁ H@Hddm’ q)Hlddm

Dlrr\=r|sv=r| |rr\=rm=r| Dimension Dimension

LSTM cell LSTM cell LSTM cell LSTM cell LSTM cell
_Hidden _Fidden Hidden Hidden
Datat“ DataHz DataHa Data;, Data;,g
l Sequences

Fig. 7. Example of RNN-LSTM Modelling Structure
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Table 11. R-squared Result

RNN—-LSTM DNN
(1—Hidden Layer) (2—Hidden Layer)

R—squared 0.915 0.365
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Table 12. Comparison of Prediction Results of Pavement
Deterioration by Deep Learning Model

Predicted Value
Actual Value RNN-LSTM DNN
(1-Hidden Layer) | (2-Hidden Layer)

Initial 4.21 4.21 4.21
After 1 Year 4.14 4.14 4.05
After 2 Year 4.07 4.08 3.81
After 3 Year 3.99 3.98 3.45
After 4 Year 3.90 3.88 3.20
After 5 Year 3.82 3.84 3.02
After 6 Year 3.74 3.72 2.86
After 7 Year 3.62 3.66 2.72
After 8 Year 3.50 3.49 2.60
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Fig. 10. Comparison between Actual and Predicted Values
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