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ABSTRACT: As the number of aging bridges increases, more studies are being conducted on developing effective and reliable methods
for the assessment and maintenance of bridges. With the advancement in new sensing systems and data learning techniques through Al
technology, there is growing interests in how to evaluate bridges using these advanced techniques. This paper presents a CNN(Convolution
Neural Network) deep learning based technique for evaluating the damage existence and for estimating the damage location in PSC
bridges using static strain data. Simulation studies were conducted to investigate the proposed method with error analysis. Damage was
simulated as the reduction in the stiffness of a finite element. A data learning model was constructed by applying the CNN technique as a
type of deep learning. The damage status and its location were estimated using data set built through simulation. It was assumed that the
strain gauges were installed in a regular interval under the PSC bridge girders. In order to increase the accuracy in evaluating damage, the
squared error between the intact and measured strains are computed and applied for training the data model. Considering the damage
occurring near the supports, the results of error analysis were compared according to whether strain data near the supports were included.
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Figure 1. Process of safety management (KISTEC, 2017)
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Table 1. Safety diagnosis period according to safety grade
(KISTEC, 2017)

Safety Grade Safety Diagnosis Period
Grade A More than once every six years
GradeB,C More than once every five years
Grade D, E More than once every four years

Damage in
bracing

Figure 2. Damage detection based on machine learning of railroad
bridges (Neves, 2018)
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Figure 3. Machine learning—based damage detection using
responses data (Malekijafarian, 2019)
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Figure 4, Conceptual diagram of CNN data learning processing
(Daphne, 2018)

Convolution filter2t glo| HIZ=

ZHEE[= AXY, HE el HlolE

19 W mo
I
m
o

(T
)
am
o
1o
o

HustH F&stn I7IE FAMTIE

filter2| 7}Sx|= 2lh H|O|E{2] £2 H TEHE CI2 S=A7I=



Channel

(b)

Figure 5. Digitization of image data (a) separation of 3 RGB
components, (b) Numerical representation for each pixel
(Brandon, 2019)
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Figure 6. Damage localization algorithm using CNN
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Figure 8. Simulated damage locations around the supports and in
the mid—span of the PSC model bridge

Table 2. Material and sectional properties of PSC bridge
numerical model

Type Properties

e Modulus of Elasticity: 30,867 M/ Pa
Poisson’s ratio: 0.18
Structural Damping: 0.05

e Mass Density: 2.452

girder

e Modulus of Elasticity: 27,782 A/ Pa
Poisson’s ratio: 0.18
Structural Damping: 0.05

e Mass Density: 2.452

slab

Modulus of Elasticity: 28,554 1/Pa
Poisson’s ratio: 0.18

Structural Damping: 0.05

Mass Density: 2.452

cross beam
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a) path_1 b) path_2
¢c) path_3 d) path_4

Figure 10. Four loading paths in the PSC bridge model
(Han, 2019)

a) first position b) 1m move ¢) 18m move

Figure 11. Static loading cases of the standard truck load on
path_1 (Han, 2019)

Table 3. Sample of strain data(7X4)

Location girder1 girder2 girder3 girder4

Support1 -1.922E-05 -5.124E-05 -1.3E-05 -3.369E-06
Sensor -2.701E-06 -4.326E-06 -2.805E-06 -3.018E-06
Sensor2 -4.886E-06 -7.071E-06 -4.183E-06 -3.064E-06
Sensor3 -6.638E-06 -6.697E-06 -5.254E-06 -3.075E-06
Sensork -4.506E-06 -5.079E-06 -3.526E-06 -2.101E-06
Sensor5 -2.267E-06 -2.473E-06 -1.783E-06 -1.098E-06
Support2 -1.255E-05 -1.672E-05 -1.162E-05 -8.057E-06
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Figure 13. Error analysis of damage detection results with strain
data from supports
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Figure 15, Error analysis of damage localization results with strain
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Table 4. Damage localization results for the cases of 5% and
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Prediction | 4 2 3 7 3 4 12 10
Answer 12 2 6 7 3 5 9 10
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