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Development of Deep Learning-Based Damage Detection
Prototype for Concrete Bridge Condition Evaluation

ABSTRACT

Recently, research has been actively conducted on the technology of inspection facilities through image-based analysis assessment of
human-inaccessible facilities. This research was conducted to study the conditions of deep learning-based imaging data on bridges and
to develop an evaluation prototype program for bridges. To develop a deep learning-based bridge damage detection prototype, the
Semantic Segmentation model, which enables damage detection and quantification among deep learning models, applied
Mask-RCNN and constructed learning data 5,140 (including open-data) and labeling suitable for damage types. As a result of
performance modeling verification, precision and reproduction rate analysis of concrete cracks, stripping/slapping, rebar exposure and
paint stripping showed that the precision was 95.2 %, and the recall was 93.8 %. A 2™ performance verification was performed on onsite
data of crack concrete using damage rate of bridge members.
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Fig. 1. Deep-Learning Framework Trends
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Table 1. Comparing Characteristics by Deep-Learning

Classification Network Detect Network Sel%lrg gﬁiﬁon
Classification Al Gooal 2
Not N Not R-CNN SSD YOLOV3 | Mask R-CNN
Year 2012 2015 2015 2015 2015 2017 2017
Layer No. 5 22 23,45 160 11 106 50, 101
. . ResNet23, AlexNet, Reduced ResNet50,
Classification Network AlexNet GoogleNet ResNetds ResNet VGG-16 DarkNet53 ResNet101
Processing Speed (mm) - - - 250 125 22 470
. _ Inception Residual . Multi-scale Global box
Algorithm module block Region proposal feature maps reasoning FPN
Top-5 Error (%) 16.4 7.3 6.7 - - - -
Precision (mAP) - - - 31 22 29 42
Middle Large Middle Large Large Small
St;gfugita Smstllllgmg;r;t of amount of study |amount of study | amount of study | amount of study |amount of study |amount of study
Y data data data data data data
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Fig. 3. Automation System Configuration and Deep-Learning Model of FVGG (Yang et al., 2017a)
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Table 2. Comparison Results of Papers on Damage Type and Analysis Method

Classification

Hoskere et al.(2017)

Yang et al.(2017a)

Type of damage

Concrete crack, exfoliation, rebar exposure, steel corrosion, steel crack, asphalt crack

Concrete crack, exfoliation

Deep learning model

ResNet-23 (classification) + VGG19 (detection)

FVGG (2 of VGG16)

Note

Complex Damage Detection

Facility evaluation system structure
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Classification purpose Importance Example
Damage Type Study-DB Essential one-way crack
Damage member Study-DB Essential Concrete
Damage Position Study-DB Essential pier lower part
Marked status Study-DB Essential Marked chalk of damaged position
Bridge name Analysis Ordinary OO0 bridge
Structure type Analysis Ordinary reinforced concrete slab
Filming temperature Analysis Low 36 °C
GPS Information Building Big-Data Low 37.510985, 126.998466
Distance information quantification High 60 cm
Angle of shooting quantification High 180° (front)
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Fig. 4. Scenario of Bridge Damage Detection Using Window Sliding Method
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Fig. 5. Data Refinement Methods and Results
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Table 6. Deep-Learning Labeling and Study Data Volume for
Deep-Learning
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Classification| Crack | Reticulum Crack |stripping and exfoliating
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Fig. 7. Setting of Proper Labeling
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Fig. 8. Scenario of Development of Bridge Damage Detection Prototype Program based on Deep-Learning
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Table 7. Performance Measures according to True and Predicted Conditions
. True Answer
Classification
True False
Predicted Positive True Positive (TP) False Positive (FP)
Condition Negative False Negative (FN) True Negative (TN)
Table 8. Indicators for Checking Deep-Learning Performance
Performance Index definition Formula
.. . . . TP
Precision Percentage of deep-learning model recognized as true that is true TP+ FP
. . TP
Recall Percentage of actual truth recognized by deep-learning model as true TPLEN

Table 9. Result Performance of Crack & Reticular Crack, Stripping & Exfoliation and Rebar Exposure

Evaluation Scale

Precision

Recall

Performance

0.952

0.938

Fig. 9. Results of Damage Detection Using Prototype Program (Concrete Crack, Stripping & Exfoliation And Rebar Exposure)
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Fig. 11. Long-Distance Photograph of Pier Taken Using Telephoto

Lens Camera

Fig. 12. Result of Image Using Telephoto Lens Camera
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Fig. 13. GUI of Prototype Program for Damage Detection
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