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Abstract

This research aims to inspect the damage of continuously used bridges to analyze and
assess when the damaged bridges should be repaired. This is achieved by using Al to analyze bridge
damage from recorded photographs, addressing the issues of insufficient personnel for inspections
and prolonged inspection times. Additionally, this approach helps to reduce operational costs. The
photographs of bridge damage analyzed include images of bridge piers in the Eastern Economic
Corridor (EEC) area, collected by the Department of Highways. The research findings indicate that
the development of Al to assess bridge damage at the piers can indeed detect and classify the types
of damage as specified in four categories: 1. Cracking, 2. Spalling, 3. Steel Exposure, and 4. Erosion.
The Al achieved an average Precision of 32.1%, an average Recall of 33.6%, and an average mAP50

of 27.3%. All values were obtained using the YolovOc model for analysis.
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2.4.1 Object detection
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2.4.3 Precision

@1 Precision tdud1auuiingrluniiaiaduniassyansmzdis 9 lunw
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Precision = —— (2.1)
TP+FP
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2.4.4 Recall
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2.4.5 Intersection over union (loU)

Area of Overlap J

Area of Union

loU =

;sﬂ‘ﬁ 2.14 g@liﬂﬁiﬁﬁuam%’lﬁ’l Intersection over union

¥ [
A g
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¥ 1
=) [

NUNY GARLLERN LAZANN A LULARYIINITAALAN

2.4.6 mAPS50 LLaz mAPS50-95

= 1 { Qs 1 L { &,
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UsziAn AU loU 1NN31 0.5 K38 50% waz mAP50-95 (Mean average precision at IOU over 0.5

to 0.95) KU ALAREANNLLNKEN AILAAT MAP50 §19 mAP95
1on
mAP@ QA = ; i=1 APi for n classes (2.3)

Tasedn o 761 50%

2.4.7 Loss function
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Classification loss - ﬁ%ﬁ'}ﬁ‘lumﬁ@mﬂwmmsﬂlumﬁui’mqmaﬂumaluﬁmmmgnﬁaa

' LY
a a

% p.i o Vo U 1 A:ll o =} ] £ =} ]
I@]mm*mmsmmqm%mﬂ@mnﬂmuagluﬂsauﬂuL@asl,ummsmmmmavlm LLﬂ:Qﬂ(ﬂaG‘MSE}VLSJ
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ANUnAR e lunsudansG938n31 Bilingual Evaluation Understudy (BLEU) 32319 BLEU-1 19
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Chun, P. J., Yamane, T., & Maemura, Y. (2022). A deep learning-based image captioning

method to automatically generate comprehensive explanations of bridge damage. Computer-Aided

Civil and Infrastructure Engineering.
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2.5.2 Enhanced YOLO v3 for precise detection of apparent damage on bridges amidst

complex backgrounds.

A

LN NNITATIILANNULTIR U REWIUA188aNa3D8 YOLO v3 1 illl]EGLLﬁ’] Qmaumﬁ'a

2 ]
Qs s v

LAV NI TITLA NN TR U DIREWIWADUNIAN UN A AINTUT D I@Umsﬂ%@ﬂ;a
Ta398379 YOLO v3 1Wa3a93UNIINIZ g @I N A LGRS I WA MU TR ONARINRANY INDINNT
15 Squeeze-and-Excitation Network (SENet) LLazIana Spatial Pyramid Pooling (SPP) INDFILETA
a % p.{'d c?f Y o U I 6 o =)
nMIRNeRMANHIENaNUnINY %aNANH La¥inN1TLT CloU wlartunIgaiFsuss K-means
z%m%’umﬁmmﬁumauﬁmuu"g@“ﬁayamﬂmﬁymyuuﬁ’mzwm NNNINAFDY TATBYR 1363 q@ﬁﬁ
ANULRLATHA MINRaTaLH, qum’auﬁlmﬁumﬁﬂm’%u LAEANULRYWIHINNNALTIZU DI
:‘ o L ' AI &, Q Q (=
nyzuatin vinlwluies YOLO v3 U3u1/3961 mAP LRuTU 5.5% uazdariwsumInnaduiiu 4
1 a =
VNN IWIN
Huifeng Su, David Bonfls Kamanda, Tao Han, ChengGuo, Rongzhao Li, Zhilei Liu,
Fengzhao Su, Liuhong Shang (2024). Enhanced YOLO v3 for precise detection of apparent

damage on bridges amidst complex backgrounds.

2.5.3 MOD-YOLO: Rethinking the YOLO architecture at the level of feature information and
applying it to crack detection.

v 1 et = >

MINT299UT083 Iaatanwnaazdanuwinsdnied A Lﬁaﬂaaﬂummgqjlﬁﬂﬁ

a J U a e g A’ 4 v o s g a 1 v g g a
2199 AI e lagsuidaiiawNawn luTasnavasaanaing YOLO fiawniind aana3nay MOD-

v 3 Q/ o @ & 1 v A
YOLO pnw@awin 1a pAINNNI I MANAIY L n3ki MODSConv twaur lutTywlu
ﬁhwuaafuﬁm%’umwﬁuqmé’ﬂwmz, M3ME Global Receptive Field-Space Pooling Pyramid-Fast
WazN13LT DAF-CA luﬂﬂiﬁ'@mﬁayaﬁ’mﬁﬂ@maﬁmm:ﬁagaﬁﬁmmwﬁuﬁ'@ NANIINARAILRAI LA
& Vo =2 A ~ ~ o ~
1nd1 MOD-YOLO uyiganuuaindgagaii 91.1% tlaldiuufisuny YOLOX Tagdianns
#3790 LA8TINLYINAY AATIWIUWNITIRLADIRI 19.7% UATANANNTUTDUWNITAIUITRRT 35.9%
%aN1NT% MOD-YOLO HIuRAIIAARAIAINUEINITOIHNTATIIUTALNGE LNITRAAILWINOUG
o &0 @ A ~

uas UM TN UARNAILA R AW

Peng Su, Huizi Han, Mei Liu, Tao Yang, Shijie Liu (2024). MOD-YOLO: Rethinking the

YOLO architecture at the level of feature information and applying it to crack detection.
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Ultralytics YOLOv8.€.196 ;? Python-3.1@.12 torch-2.2.1+cul21 CUDA:@ (NVIDIA A188-SXMA-40GB, 48514MiE)
Model summary (fused): 268 layers, 68127428 parameters, @ gradients, 257.4 GFLOPs

Class Images Instances Box(P R mAP5@ mAP58-95): 180% 3/3 [00:92<¢00:00, 1.25it/s]
all 152 295 8.483 8.277 8.263 8.104
Erosion 152 84 9.534 9.345 9.424 0.192
crack 152 85 8.363 8.389 8.203 8.8667
spalling 152 74 8.389 8.203 8.227 0.0845
steelExporsure 152 52 8.325 8.25 8.2 8.8746
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A13191 4.1 8yUA69 9 lulutaa Yolovsl

Model Precision Recall mAP50
Yolov8l 40.30% 27.70% | 26.30%
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4.2 ms‘nﬂaaagmm‘uﬁ 2

M3 yolo v9 awalwn) (618 layers, 103.7 GFLOPs) naaas 200 38U 628 T4 612 p3LUNINUA

o A A o va A A a
1066 ﬁnﬂgﬂmuw 533 gﬂ ﬂﬂﬁﬂ’lﬂ"ﬁ%ﬁﬂﬁil,wumgﬂnﬂw

train/box_loss train/cls_loss train/dfl_loss 0.8 metrics/precision(B) metrics/recall(B)
4.0 .
2.50 A —e— results 2.4
3.5 ---+. smooth ' 0.3
2.25 A 22 0.6
3.0 4
2.00 A 2.0
2.5 0.4 0.21
1.75 A 1.8
2.0
1.50 1 1.6 0.2 0.1
1.5+
1.251 1.4+ ;
1.04 0.0 0.0
0 100 0 100 0 100 0 100 0 100
val/box_loss val/cls_|loss val/dfl_loss metrics/mAP50(B) metrics/mAP50-95(B)
4.0 14
L]
40 -
15 0.25 0.10
331 30 104 0.201 0.08
8 0.15 A 0.06
3.04 204
6 0.10 0.04
2.5 10 4 l 4 0.05 A 0.02
24 L“ 0.00 - 0.00
0 100 0 100 0 100 0 100 0 100
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@ o o ' ad (7 ' a e
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Ultralytics YOLOwE.2.16 5? Python-3.16.12 torch-2.2.14+cul2l CUDA:@ (Tesla T4, 15102MiE)

YOLOwOe summary (fused): 384 layesrs, 25322332 parameters, @ gradients, 182.3 GFLOPs

val: Scanning /content/PierLabel-9/valid/labels.cache... 152 images, @ backgrounds, @ corrupt: 100% 152/152 [@@:00<?, ?it/s]
WARNING A\ Box and segment counts should be equal, but got len{segments) = 1, len(boxes) = 487. To resolve this only boxes will

Class Images Instances Box(P R mAPS® mAPS@-95): 188% 18/10 [09:09<@@:00, 1.85it/s]
all 152 487 @.321 8.336 8.273 8.112
Erosion 152 lag @.452 8.519 9.459 8.21%
crack 152 120 @.278 8.167 9.123 @.9423
spalling 152 a4 @.179 2.153 B.0364 @.624
steelExporsure 152 85 @.375 8.586 @.425 a.164

Speed: 1.5ms preprocess, 22.5ms inference, 8.8ms loss, 19.7ms postprocess per image
Results saved to runs/detect/val
@ Learn more at https://docs.ultralytics.com/modes/val
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A13197 4.2 8yUAeN9 9 Tulutaa Yolovac

Model Precision Recall mAP50
Yolov9c 32.10% 33.60% | 27.30%
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n1717T yolo v8 ww1alwan (365 layers, 1654 GFLOPs) N@aad 60 38U @28 T4

Tagnsndaannsaudnduwniuinnty

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
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Wi LN LD Ba BT ILEadanIAa overfitting

Ultralytics YOLOvS.8.136 g7 Python-3.10.12 torch-2.2.1+cul2l CUDA:@ (Tesla T4, 15182MiB)
Model summary (fused): 268 layers, 43689692 parameters, @ gradients, 164.8 GFLOPs

Class Images Instances Box(P R mAPSE  mAPS@-95): 1@8% 5/5 [@0:87<8@:8@, 1.53s5/it]
all 158 358 2.496 8.213 B.362 a.165
Erosion 158 95 2.65 @.274 @.476 .27
crack 158 98 2.468 @224 @.325 a.1a4
spalling 158 84 . 388 B.8952 @.192 @.a848
steelExporsure 158 73 @.559 2.26 @.453 @a.2

Speed: B.2ms preprocess, 42.7ms inference, ©.8ms loss, @.4ms postprocess per image
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5.1 a;ﬂwa

INNANITITY WUTT NNINARaI RNNwLaza LW lkluias Yolov8l, Yolov8Il with checkpoints,
Yolovoc l#emisnasas dneluuazauniwluluiea Yolovsl, Yolov8l with checkpoints, YolovOc

LAt

A13199 5.1 a;ﬂwamﬂmsﬂmluiummme]

Model Precision Recall mAP50
Yolov8I 40.30% 27.70% 26.30%
Yolov8I with 49.60% 21.30% 36.20%

checkpoints

Yolov9c 32.10% 33.60% 27.30%
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{ = ' > o @ ' >
Recall I@mwaﬁqm TINAUVINNU 32.10% WAL 33.60% SMNE1AU LazUA1 mAP50 YinnL 27.30%
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Automated Damage Detection in Bridge Piers

using object detection
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Abstract

This research aims to examine bridge damage to analyze or
assess when damaged bridges should be repaired. It utilizes Al to
analyze bridge damage from recorded photographs. This approach
helps address issues such as insufficient personnel for inspection
and lengthy inspection times. Additionally, it reduces operational
costs. The analyzed images depict damage to pier structures in
the Eastern Economic Corridor (EEC) region, collected by the

Department of Highways. The research findings indicate that the

q

madriaanssules ﬂm:'?mnswmawfgzwm\mmfwm?mna?/ LATUNWY

developed system for detecting objects to assess bridge damage
in the substructure accurately detects and categorizes damage
into four types: 1. Cracks, 2. Displacement, 3. Significant
displacement revealing reinforcement steel, and 4. Corrosion. The
average Precision is 32.1%, the average Recall is 33.6%, and the
average mAP50 is 27.3%. These metrics were obtained using the

YOLOv9c model for analysis.

Keyword: Detect,Classify,Precision,Recall, mMAP50, Type of

damage,Yolov9c
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Object detection Aainalula ﬁﬁ‘l“ﬁﬂauﬁmaﬂumﬁ:quaz
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dseinnwang laun:

2.4.1.1 Image Classification : 1% Al lun1suaninguitdaui
ludogvasesls it yuuna guwan iludu

2.4.1.2 Object Detection : lFlun1vrzydrunisnasianlu
U Iﬂm:uaﬂﬁﬁ@ﬁfmqfuq agj‘lugﬂ LT Ll,mag;maf: AN
afaimaifu 1uen

2.4.1.3 Instance Segmentation : lFlun1sugngIunsny

pa93doanan L wEN@WIZEIRVI lUnIn A

2.4.2 Yolo
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WAz Erosion lUsuLLNTNAIEWE181Y rectangle object a1
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2.5 uIspiAgaTas
2.5.1 A deep learning-based image captioning method to
automatically generate comprehensive explanations of bridge
damage. Computer-Aided Civil and Infrastructure Engineering.
Chun, P. J., Yamane, T., & Maemura, Y. (2022).
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wame@ai5unin Bilingual Evaluation Understudy (BLEU)
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2.5.2 Enhanced YOLO v3 for precise detection of apparent
damage on bridges amidst complex backgrounds. Huifeng Su,
David Bonfls Kamanda, Tao Han, ChengGuo, Rongzhao Li,
Zhilei Liu, Fengzhao Su, Liuhong Shang (2024).
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2.5.3 MOD-YOLO: Rethinking the YOLO architecture at the

level of feature information and applying it to crack detection.

Peng Su, Huizi Han, Mei Liu, Tao Yang, Shijie Liu (2024).
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4.1 daamnsulumsriien
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4.2 Precision

Precision ‘mnmﬁammLLajuﬂﬂumimwﬁﬁJfﬂq @
@112 n True Positive &34@38 True Positive + False
Positive @28¢14NN1IFWIILINATTING UL 60/(60+27) =
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4.2.1 Recall
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4.2.2 F1-score
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4.2.3 Intersection over union (loU)
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4.2.4 mAP50, mAP50-95
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Damage types | Precision | Recall F1 mAP50
Cracking 36.30% 30.90% 33.38% 20.30%
Spalling 38.90% 20.30% 26.68% 22.70%
Erosion 53.40% 34.50% 41.92% 42.40%
Steel exposure 32.50% 25.00% 28.26% 20.00%
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Damage types | Precision Recall F1 mAP50
Cracking 27.80% 16.70% 20.87% 12.30%
Spalling 17.90% 15.30% 16.50% 8.64%
Erosion 45.20% 51.90% 48.32% 45.90%

Steel exposure 37.50% 50.60% 42.86% 42.50%
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Damage Precision Recall F1 mAP50
types
Cracking 46.80% 22.40% 30.30% | 32.50%
Spalling 30.80% 9.52% 14.54% | 19.20%
Erosion 65.00% 27.40% 38.55% | 47.60%
Steel 55.90% 26.00% 35.49% | 45.30%
exposure
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Yolov9c 32.10% 33.60% 32.83% 27.30%
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