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Abstract

Surface defects in bridges are the most observable indicators of possible structural degradation or
damage. However, most of them generate indicators through passive inspections by manpower. This method
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A Deep Learning-based Bridge Image Pretreatment and Damaged Objects Automatic Detection Model for Bridge Damage Management

is pointed out as a problem that the internal state of the structural element cannot be evaluated solely on
visual technology, and that only passive photographing and intuition judgment are evaluation elements. In
this paper, deep learning-based image preprocessing and bridge damage object automation technology are
proposed for automation of bridge damage inspection. For preprocessing of bridge images photographed
with heterogeneous photographing devices, a technology for normalizing into images of the most suitable
form for detection models through up/down-sampling using deep learning-based SR (Super-Resolution) was
proposed. The processed image is labeled through the labeler, and the constructed image net is used for
learning the detection model to build a bridge damage object detection model optimized for the field. In
addition, it showed similar or excellent performance to the existing bridge damage detection models, and
because professional field data were used, the reliability of the model could be secured. Through the
experiment, it was confirmed that the detection performance of white pollack among bridge damaged
objects was measured, and the performance was improved when the preprocessed image net was used.

Keyword : Deep learning, old bridge management, image analysis, image processing, super-resolution
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2.2.2 SRGAN
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[Table 1] SR Model Parameter

SRCNN SRGAN
epoch : 300 epoch : 300
batch-size : 100 batch-size : 100
loss rate : le-4 loss rate : le-4
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[Table 2] Brisque, SSIM Measuring Result : Typical Image Set

Y E HeE} Y E HEHT
Image Brisque SSIM
SRCNN FastSRGAN SRCNN FastSRGAN
0001x4.png 45.537 30.103 0.7779 0.7211
0002x4.png 53.909 30.786 0.6475 0.5849
0003x4.png 56.625 36.472 0.6792 0.6280
0004x4.png 57.018 32.233 0.8819 0.8519
0005x4.png 63.356 50.307 0.7778 0.7326
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004 2018 005 2018
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[Fig. 8] Real Bridge Image Set
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[Fig. 9] Experimental Image Result : Real Bridge Image Set
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[Table 3] Brisque Measuring Result : Real Bridge Image

oY HEE
Image Brisque
SRCNN FastSRGAN
001_2018.png 62.016 44.832
002_2018.png 58.563 29.667
003_2018.png 59.600 37.275
004_2018.jpg 51.470 27.746
005 2018.jpg 60.091 39.898

43 E4AH N o

oot

21

[E 4] Mask R-CNN If2t0[E{ A&
[Table 4] Mask R-CNN Parameter Setting

Mask R CNN
epoch : 200 , batch-size : 100, train : & &5 O|O|K|(MSHAEZ+TSHAE) [type: coco weight]

e

test : ASiefE, SRCNN US4 FastSRGAN USH&E [type: coco weight], loss rate : le-4
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571l ola|x[o|ct.
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[Table 5] Bridge Damage Object Identification Result

Image Detection Result [Accuracy]

Image LR SRCNN FastSRGAN

DIC DIA FDI | TDIA | DIC DIA FDI | TDIA | DIC DIA FDI | TDIA
0ljpg | 0 0 0 | 0% | 1 |[09012] | 0 | 100% | 1 | [0.9088] | 0 | 100%
TR I N I P R g P B e

. [0.9688 (09751
O3jpe | 1| [09067 | 1| 0% | 3| 095 | 2B 2| ol |1 S0%
0.9371] :

004jpg | 2 ([)09912735? 1| s0% | 1| 09538 | 0 | 100% | o 0 0| 0%
005jpz | 1 | [0.9464] | 0 | 100% | 1 | [09658] | 0 | 100% | 1 | [0.9014] | 0 | 100%
- DIC : Detected Image Count, EFX|=l O|O|X| 7=
- DIA : Detected Image Accuracy, EFX|El O|O|X| F=x
- FDI : Falsely Detected Image, 2% EX|=l O[O|X| 7i5=
- TDIA : Truly Detected Image Accuracy : 25| EfX|El O|0|X] Het=

O[O|X|LHOIA =HEH Z4x| A/ Zap= Of2f [# 6]t ZLCY.

[ 6] e 2K A2zt

[Table 6] Efflorescence Object Identification Result

Image Detection Result [Accuracy]
LR SRCNN | FastSRGAN

Image origin

002.jpg
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