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A Study on Optimal Convolutional Neural Networks Backbone for
Reinforced Concrete Damage Feature Extraction

ABSTRACT

Research on the integration of unmanned aerial vehicles and deep learning for reinforced concrete damage detection is actively underway.
Convolutional neural networks have a high impact on the performance of image classification, detection, and segmentation as backbones.
The MobileNet, a pre-trained convolutional neural network, is efficient as a backbone for an unmanned aerial vehicle-based damage
detection model because it can achieve sufficient accuracy with low computational complexity. Analyzing vanilla convolutional neural
networks and MobileNet under various conditions, MobileNet was evaluated to have a verification accuracy 6.0~9.0% higher than vanilla
convolutional neural networks with 15.9~22.9% lower computational complexity. MobileNetV2, MobileNetV3Large and
MobileNetV3Small showed almost identical maximum verification accuracy, and the optimal conditions for MobileNet's reinforced
concrete damage image feature extraction were analyzed to be the optimizer RMSprop, no dropout, and average pooling. The maximum
validation accuracy of 75.49% for 7 types of damage detection based on MobilenetV2 derived in this study can be improved by image
accumulation and continuous learning.

Keywords : Reinforced concrete damage image, Unmanned aerial vehicle, Feature extraction, Convolution neural network, MobileNets

?l_
AIEE 7N o2 W Eeh wajeldvV2, waleldlV3Large, iy

==
<3
Uehstom) milelule] BRREE &4 ofn)X] 54 $% H4 2718 gHvle]

A RMSprop, =50 w84, FaE A2 BAHTE £ A7ox =38 BatdulV2 7\d 7717 &4 714 Ad) 4% 8=
75.49%+= o|n|A] &23} A &2 Shxo 2 i E 5 9L
ZM0| - Ao EaT|E & onR], FI8ET], BA 25, ABTA A3, 2akdyl

* A3 - AR A} R EE-F8k9 w4 (Corresponding Author - Bucheon University - pyh@bc.ac.kr)
Received January 11, 2023/ revised May 21, 2023/ accepted May 24, 2023

Copyright © 2023 by the Korean Society of Civil Engineers
This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http:/creativecommons.org/licenses/by-nc/3.0)
which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.




HIRAE A B4 FES AT A4 AR AFT wE Ay
e AEFA Vo] Bol &gHaL gtk APdEs HEFA A onA] 54 F5 SHo| Holdt
= 23 7H*)(Soukup and Huber-Mork, 2014), &3] &5 Hhde] w2 RFES 7L Slo] 7RI BA| B== 247100
(Yeum and Dyke, 2015), ZZ2E 7 74](Cha et al., 2017), 487 AEs AT A =2 Y 2HP) o] FoAA
12R] AEFA VLS 53 7224 23 7F)(Abdeljaber et w]o] Howard et al.(2017, 2019), Sandler et al.(2018)-& &1}l
al., 2017), ¥4 T #|(Vetrivel et al, 2017), AFd Bk 9 = w]Ad hSeAolAd A 4T Ao BE 5 gl
2874 AATS 85k 7324 &4 Q12(Gao and Mosalam, FHRIUIV2, mulIuiV2Large, EHFIYIV2Small APER: 78
2018) 2 %2 &4 ZAE-F(Lin et al,, 2017), Had 79k 24 RS Aasrdch
&4 B9x) Z2EER] 7K (Nam et al., 2022) 5] oA olo] AARZF FoFEaa|e ulka), Ws), A w2 AT B
Tkt ARFA A% W] Ags gk Ax5% B9, 724 T oln)x] B4 528 9 Adsks
A A& &2 SSD(Single Shot MultiBox Detector), HAEFA Ao 2 maldule F8sle] npdel AT A
R-CNN(Region-based Convolutional Neural Network)ojx|+= W sy} el ASS H)w BAsky AaEIgE &)
VGGNet, ResNet, ResNeXt, MobileNet, AlexNet 5] AR ou]z] Azt & A} Fo EAJA muldyl A Hdist &
ey BT AATS NEo 2 ARgSlaL glown, AR &3 T e 20E =SStk
2d U-Net, FCN, DeepLabols]= VGGNet, ResNet, AR 20 AEEIE|E &4 o|n]x] tlolg g vy
EfficientNet, Xception 5] AMd <5 7274 AW 54 28 2274 A49Se] /8 AL A 3o AR
% mEog Agstu o] ABTH W] AA AE W AP Fushou] AMgEe JERRIA, o)A 34, SRk,
2 Aol HAHAY FFE FI Uk 29 A8 w3oh s W WS AEsich A 4ol
ojmA] Azt gl A Fof wkE HH HEFA A T2 vpde} AEFA AR 2akduve, EebdullVaLarge, Buf
GepRaL B oA S RS ¥ 1l BER A AUIV2Small s B7F Aas HojFal, AP Sof 2 =7e
o] Fash wo] 28 FE 7)o} Tl Y 5 B SEvVeIA AIE AT
T =50k A8 o] A x5o] on|R] B4 = AY=E
A ek 2. OIDIXI BIOJEIQ S & s
£ Golris Fig 139} o] FR1ks7] 7k AARE B2
gE vlg], W3l AT =, BT §2, 1x25E 7Y, 72F 2.1 0|O|X| GO|E
T onx] 54 3= 4 BEFA Y vEYaIE =S5kl A 5 HALE] 2189 (National  Information  Society
A} St B A A2 o|n|A] Hlo[EAlS A3HE] Agency, NIA)9] Al 59F Z33%  TAl Hub, oM Algsles 3
Shgohs e 7 videt e AR} titiL ofm)#| e i, s}, T =, I Y, RS 1Y, 72
tlelEjAlellA] mg] Sk ARdShs e Ao s throl T omAlE &8skt
Zick Z 35007112 o]u]R|7} AFEEoH oJu]|R] FT7]E 224x224
[ Simulation ] [ Optimal condition analysis]

Reinforced : > / MobileNets
Concrete i Training image data
Image data : 9 ° - Network type

- Optimizer type
- Image generation

\

-/F'erformance analysis \

considering validation accuracy
and computing time

Training image data

Validation image data - Dropout

>

- Unit.size - Comparison of vanilla CNN
! Validation image data - Pooling type and MobileNets simulation
> - Dropout / ¢| results
- ~ g - MobileNetv2,
»( . Vanilla CNN MobileNetV3Large,

- Optimizer type
- Image generation

MobileNetV3Small
performance comparison
according to hyperparameter
changes, etc.

/

Fig. 1. Derivation of Optimal CNN Backbone for Real-time Feature Extraction
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Fig. 2. Examples of Images

Table 1. Number of Image Data

Class Training Image Validation Image
Data Data
Normal 350 150
Peeling 350 150
Eftlorescence 350 150
Rebar exposure 350 150
Rebar corrosion 350 150
Shrinkage crack 350 150
Structural crack 350 150
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Fig. 3. Vanilla Convolution Neural Network
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Table 2. Structure of Vanilla Convolutional Neural Network

Number of Parameters
Layer type Output Shape (Total number of
weights)
Conv2D_1 223,223.32 416
MaxPooling2D 1 111,111,32 0
Conv2D 2 110,110,064 8,256
MaxPooling2D 2 55,55,64 0
Conv2D 3 54,54,128 32,896
MaxPooling2D 3 27,27,128 0
Conv2D 4 26,26,256 131,328
MaxPooling2D 4 13,13,256 0
Flatten 43,624 0
Dense (ReLU) 256 11,075,840
Dense (softmax) 7 1,799
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Table 3. Hyperparameters of Vanilla Convolutional Neural AHE-FSI T
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Hyperparameters Name/Value 2.2.2 DHR_WI
Activation function ReLU, Softmax o] gly|2 gedt ey sk S 4 7] A=
Rate ofleaming L 107 FEE N Bt 22 JI RAR profith FEeE
Epochs 1,000 7k RGP AT} oA HIE .8 AAste] S
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Fig. 4. Main Structure of MobileNetV1, MobileNetV2, MobileNetV3

Fig. 5. Depthwise Separable Convolution: (a) Depthwise Convolution, (B) Pointwise Convolution
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Table 4.Image Generation Condition
Range . .
- - - - B Horizontal flip
Rotation Width shift Height_shift Shear_range Zoom
0~20° -0.1~0.1 -0.1~0.1 -0.1~0.1 09~1.1 True
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Table 5. Considered Case of Vanilla Convolutional Neural

Network
Case ID. Optimizer Image generation| Dropout (50%)
S1 O @)
S2 X @)
] RMSprop 5 »
S4 X X
S5 O @)
S6 X @)
57 Adam 5 ™
S8 X X

sdlo] s (performance) 3710l 3lo] A =(accuracy), L
(precision), A& &(recall) 374 s XEE AMgsle] Axket
Aok Aok, AUe, AdES vhgd 2ol Arterk

Table 6. Considered Case of MobileNets

TP+ TN

Accuracy = N FPY FN @)
TP
Precision = TP P 4)
TP
Recall = m (6)

2] (4)~(6)°l14] TP(true positive)= FIEIA]E =4S A
Al B8k Z$-0)aL TN(true negative) HLFEIBE FLAS
Akl €A]8t Aot} FP(false positive)= <
2E} £4o] i Aoz A5 ©XE A$-o)al FN(false
negative)}2 <=43o] Sl FIEACES &do] gl Ao R AR
Ex)g 7g-oltk

Fig. 39] npde} 724 A% Ao s =331
Table 59} o] FEuo]x|(RMSprop, Adam), oJn|#] T4, =5
o}2(50%)°] W d5 Wsks HrFeHoict

) Optimizer Classifier
(;a)s.e /i\fco}?iltleecl\tfrte RMSprop Adam geiln;:agtieon Units size Pooling Dropout
512 1,024 average max 0% 50%
Mol V2 O O O @) (@)
Mo2 V2 O O O ©) (@)
Mo3 \ O O O @) (@)
Mo4 \ (@) O O @) (@)
Mo5 V2 O O O @) (@)
Mo6 V2 O O O ©) (©)
Mo7 \ O O (@) ©) (@)
Mo8 V2 O O (@) ©) (@)
Mo9 V2 @) O O @) (@)
Mol0 V2 @) O O @) (@)
Moll V2 O O O @) (@)
Mol2 V2 O O O @) (@)
Mol3 V2 (@) O O @) (@)
Mol4 V2 (@) O O @) (@)
Mol5 V2 O O O @) (@)
Mol6 V2 O O O @) (@)
Mol7 V3-Large O O O O O
Mol8 V3-Large O O O O O
Mo19 V3-Large @) O O O O
Mo20 V3-Large @) O O O O
Mo21 V3-Small (@) O (@) O O
Mo22 V3-Small ©) (@) (@) O O
Mo23 V3-Small ©) O (@) O O
Mo24 V3-Small ©) (@) (@) O O
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Fig. 6. Accuracy, Loss, Precision and Recall Curves of Vanilla CNN (Case S5): (a) Accuracy, (b) Loss, (c) Precision, (d) Recall

Table 7. Performance of Vanilla Convolution Neural Network

Training performance (%) Validation performance (%)
b Accuracy Precision Recall Accuracy Precision Recall
S1 74.50 89.99 63.49 55.50 67.0 46.0
S2 87.50 94.56 81.99 54.0 59.09 45.50
S3 73.0 89.99 58.0 52.99 63.16 43.99
S4 87.99 94.43 81.0 52.49 62.16 44.49
S5 95.99 98.26 91.99 67.5 72.86 60.0
S6 100.0 100.0 100.0 59.50 70.88 50.99
S7 97.0 98.38 93.99 66.50 79.33 60.0
S8 100.0 100.0 100.0 55.0 66.74 41.50
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Fig. 7. Accuracy, Loss, Precision and Recall Curves of MobileNets (Case MO2): (a) Accuracy, (b) Loss, (c) Precision, (d) Recall
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Table 8. Performance of MobileNets

=
of

ot

. Training (%) Validation (%)
Accuracy Precision Recall Accuracy Precision Recall
Mol 93.0 96.78 89.49 67.0 72.96 62.99
Mo2 100.0 100.0 100.0 74.0 76.22 73.0
Mo3 98.50 100.0 95.99 66.50 74.84 59.0
Mo4 100.0 100.0 100.0 62.0 68.35 56.49
""""" Mos | 9399 | ee7t T er0 T er0 | 321 [ 350
Mob6 100.0 100.0 100.0 75.49 75.36 74.0
Mo7 99.50 100.0 96.0 67.50 74.90 59.50
Mo8 100.0 100.0 100.0 67.0 70.95 59.99
""""" Moo | 8949 o343 8509 T 6099 [T U807 | 6499
Mol0 100.0 100.0 100.0 75.0 77.77 74.0
Moll 98.0 99.44 94.99 68.99 76.70 60.0
Mol2 100.0 100.0 100.0 60.0 66.35 57.99
""""" Mol3 | 8799 T o079 T 8240 T ees | el [ 630
Mol4 100.0 100.0 100.0 73.50 75.77 72.50
Mol5 94.49 98.30 89.99 69.99 78.17 59.50
Mol6 100.0 100.0 100.0 62.50 68.71 57.49
""""" Mol7 | 6399 | o250 | 3499 [T 4650 | 6499 [ 3349
Mol8 100.0 100.0 100.0 74.0 75.18 73.49
Mol9 65.49 87.08 43.50 38.49 52.72 32.99
Mo20 100.0 100.0 100.0 28.49 41.16 26.0
""""" Mo2l a8 T T o080 T 2553 T Taa09 T 666 | 2950
Mo22 100.0 100.0 100.0 72.50 74.80 71.0
Mo23 61.0 87.25 35.99 39.50 72.66 35.0
Mo24 100.0 100.0 100.0 46.0 46.75 40.0
Table 9. Comparison of Performance
Validation (%)
Model Condition
Accuracy Precision Recall
Vanilla 66.50 79.33 60.0 @: Adam, @: Apply(50%), @: Max
V2 75.49 75.36 74.0 )
MobileNets V3Large 74.0 75.18 73.49 % iﬁf;’;p’ @) Unapplied
V3Small 72.50 74.80 71.0
(D Optimizer, @ Dropout, 3 Pooling
Table 10. Comparison of Parameters
MobileNet
Model Vanilla
V2 V3Large V3Small
Million Parameters 11.25 2.58 4.55 1.79
Parameters ratio - 22.9% 40.4% 15.9%

o] Fe Ao B4 7RA| 7] 15.9-22.9% F70] A2 i Aol B g Aow
YERFT 9lo] Howard et al.(2017) 5¢] 4] ()~(3)ollr] =&3+
A vpdel AEFA A R oib] mubdul ko] of
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