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Development of Open Set Recognition-based Multiple Damage
Recognition Model for Bridge Structure Damage Detection

ABSTRACT

Currently, the number of bridge structures in Korea is continuously increasing and enlarged, and the number of old bridges that have
been in service for more than 30 years is also steadily increasing. Bridge aging is being treated as a serious social problem not only in
Korea but also around the world, and the existing manpower-centered inspection method is revealing its limitations. Recently, various
bridge damage detection studies using deep learning-based image processing algorithms have been conducted, but due to the limitations
of the bridge damage data set, most of the bridge damage detection studies are mainly limited to one type of crack, which is also based
on a close set classification model. As a detection method, when applied to an actual bridge image, a serious misrecognition problem
may occur due to input images of an unknown class such as a background or other objects. In this study, five types of bridge damage
including crack were defined and a data set was built, trained as a deep learning model, and an open set recognition-based bridge
multiple damage recognition model applied with OpenMax algorithm was constructed. And after performing classification and
recognition performance evaluation on the open set including untrained images, the results were analyzed.

Key words : Bridge, Bridge damage type, Open set recognition, OpenMax
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T &R weF FRES A3 S5k tiFsiE
Rom B wo] eFslE oA = wwke] fAlHe] A7k
F93H AR FAR weEa Qlvk SN ERP A E wEk A
1= o] Seddo] diEolr] wiel e gt Hol
A e A=k JAA ARG v)go] WAshkE EA7F vk
T8 AT o] AIE Blolu] Sl A Qdrles
83 T2E 37 IE S ASH0E FBAL doH =
e B 77F IFHJAHKECRI, 2015; KECRI, 2020).

2000 -E] H[EI]t HE|(median filter)u} T A1 291
ZE|(multi-scale line filter) 72-2 o]n)x] Hx]2] ¥ = Canny
Edge Detector, Sobel Edge Detector 52 oA A& daelES
ol-§3F T2E &FER] ol ARk =HI(Cha et al., 2017,
Seol c al, 2020), 2 Sed 7]k Fla) ko] Bl
Aes Hofad 25 AR ol = CNN (Convolution
Neural Network)& 2183 215 1777} o] oL itk 753
A7 HY g7 CNNL @i ou]A] AAE Pgo =
ARgEIM SA4o] AFso R FEu]7] wigol tlst el A-8st
T AL T T A BEw 55k AAS] ¢ =k LeCun
et al(1998)l] OJol] S 27HE CNNLS LeNetS AJ2ko 2 AlexNet,
GoogLeNet, VGGNet, ResNet 5o] thEZQ] oln]x] EFrrdlg
FETE gk YRR =5 B E 59 ¢ 7 B SdREs
Slaehz o] Bfslol} ofe] 7] RS Sllhe TR
Frdg sde 4=k Cha et al.(2017)2 4,928x3,264 3=
o] FHYE raw o]n|A] 227N TG} vIT IR B
256x256 3ldwe] 9 Bl T ofn]A] 4%k S FE3A CNN
wde Stk A5 #4¢ 9191 71l Canny 2 Sobel
o7 % el 7] AR} Ul A7E eI,
2 s et A o] 5 Thke $ Aol ONN
7 ¥k2lo] AR T FES AYsA HAgRRE ks dSsisitk
TUelME W ol s Bl 5 el YOLO ¢arels
< A& TEHAE g 7 IS (Park et al., 2019),
WP IAE Canny ¥ Sobel oA % 73} vlulalA] 4d5o]
$Eks STk Bgk UNet 7Iake] ojnlA] B 7HS AMg<h
TR Y Held REES FEEE B dd9Ads
=

Budt =REE UEEITHKim et al., 2020; Seol et al.,
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2019) & Q3 on]A] vloJE] AEZ} HluA FEe vhd the

AZ gargls 7N A0 2% A7) Ee gdol H]s) e,
F2), 7 T2 250 a3 54E FESh o] U ofHtke
EAZE ok B 71Ee] A VAR ERadd A
Held Ade] EREIES T Close set Q12 HEgX],
Sl Sl SRixT B 9 XS S ik ok
AA] BN Q1A A2EE 29T uff FHLS EAIE 2T
T Jdom, nEF P om|Rd| i tEENEAE A
o A] AR e v o[r| AL} SlFEIA] eRS R
ojuA]el oA QT R 2914 EAIZE AT o itk

Close set Q12 Relle A2 on]2|7} YRS off S5
Sz A BFE 7 Uvhe 72AN EAE AU
A, o ALY Be FHAE Aosithe AL ddde s
E7Fsshal A2 on|A] Yol wHd winjrt Q12 AlxHle]
S=E R AlgE 9 dulclEsks 2 =5k BEjRe R
e A7E} Blgo] AQ ¥t)(Bendale and Boult, 2015; Scheirer
et al, 2012). 2B g dI(ERFE) AA S B 759
B dRA] 2 AAES] £Fo 2 o]FoK Open sete]] thgh
14 71sS 3T 4 3= Open set <12 Xdlo] FJgsjrk

£ =RdiMe V] SREE 278 = CNN Ald
Held 227 Open set Q12L& 243317] $1gh 5] o] 715k
e} 214 dargjSo] ALE Wik e Ut ¢4 nus
Akt Wik FRE S4FE ANt T, W T4, 9,
54, ] ST ERilam Afsiaion] A fgoxe] s
A8 98 SRR TAF E2uEAT-Eel4 UAV (Unmanned
Aerial Vehicle) 2 # 7ivl2}, == 72t 5o vl
Fd N2 Hgek A, TR, Jdinle] wEk A omRE
< o2 &elold 9=(Sliding Window) "2 283
Open setol| 4] naF Tt €12) 28-S 2138t KECRY,
2020).
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wdlo] 284 o A4 A3 WAl e deAA] g
oAA, & S5d FUizd &3] = GA7F dEE 5 Sk
HeAR|A] 2 ofAle] A9 Lzl AAIERsE S=e] A2t
THE < Qlofof 3p mESE Ul oAl S SRR 2HlE
Al FFElojof gt o] T E33gh Q14 #4& Open set 212
(Open Set Recognition, OSR)o|2}al 3pH B% C7)¢] 4zl
Feno} kR dERR] ke Felevt e (C+1) S
5 ZAo]tkScheirer et al., 2012).

7)) 4V, SVM 5 3523 7AIRKE R EE CNN
° 2 tFre H2e Held EREEES Ui Close set 912
RAZA, S5 oo tiefAnt 5 2 Q12o] Zlsdith=
AR o] Atk gk &4 Q12 A|=EE A tirire
A Al=RlE BE St G vk AF ol #HHER]
AAI] Bds 7PgstaL 17 whizel S4olaL ARl
I = @A AAIM] A 292 FdHe R o7 71A]
FAE Zsiti(Bendale and Boult, 2015). Close set $14] &
2 85 WAl wlg] Aok Crle] dERl Syt Ssetr]
wiol] 2 AdolA sks, & T2 v owAu wg] o]
B2 I T wEF & ek oAt SolgkE ulf <A
AR Bl SElERE BRSITE ofE Q12 Alsle] WA A=
9} AF=E A Folmgl= 8 gle] v AR wEk
&4 A 2R ool 4 Ytk

wpr] -2l Open set 12 7158 88 4 9= OpenMax
UERES B dAolr] AA1E VGGNet 7% 719F CNN 275l
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2.2 OpenMax

FE 1A Al 2Rl vhe Sl R Sy el
A AHgERE delzl Ze2(Known Known Classes, KKCs)wh
gk, CNNES H)58H AS A8 71 E7ad w=st
ezl Szl xRt B5771F 7Sk Close set Q12 mlo]ck
o] A% AVdwellA miA 2k P A5 (Fully-connected
Layer)®] %22 SoftMax 3ol 2= o] N7jo] defxl S
glojEo]] tfeh SHEEEE A/9%E SoftMax T== ¢1E WEIE
0~1 Afolo] ks 7 e BT SEREE Aslle s
A1 Eq. ()3} o] S8gkEe] £l 3P 10] He 548 7K
o) o] 543& 7HAIAL Q7] whEel] LREAR] 415 A
AG ERFEEL Close set ¢12) mdlo] = Sl ThAlolx] 2R
] ¢ Z2(Unknown Unknown Classes, UUCs)<]] thexE=
TR P=riBendale and Boult, 2016).
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ot A gk i ol thelA] o]2igk Close set Q14
RS Agaix] @A) 2GS T HH wj A ow|A] =
oA SsEA] @2 TeE FElle] owA} Yo w
EoJebx] Open set 212] EA7} |2 712 Close set 912 ale
© A2 5 gtk SkEFHA &2 ofnA Yo A e
i) Bhgo] vk k& Ad e I MARES Bl AR
2 FEAE AR dsteie G o) As A
7k g Seis R duiRA] gk Y] g omj
HoH 53t =2 B 53t FEll 5 SRR 53] el
54 PAREe AR ARehs e te) A9 K
%t}(Nguyen et al., 2015).

OpenMax F¥)(Bendale and Boult, 2016)-2 SoftMax 7|
gt dito 24 Uil See] gol 1o] & ghEd| gt
AR argsial Gzl gkl He "ol ek ARt
T AT FERLS FATTE oE SRl A5 A el
HA| AlZol $12B) e ¢ 4 AlIZ<lx] E8=he Logit Vector
£ o]gsle] Zujd HT Logit VectorS: Tk, Sejd B
Logit Vectore} 3ls5 Hlo[E] tol] AlRd Aglgre] Sk #2558
B S =4 SR o] IS 5] o] E(Extreme
Value Theory) 7|4} t}5 Sall2 v} 212)(Meta-Recognition)
dargjgolefal sk, AR 5 B3l olefgh 37} Unist
=] #3Z(Generalized Extreme Value distribution, GEV) ¥
Z Weibull #XE& wEv)= Flo] 53 cH(Fisher and Tippett,
1928; Jenkinson, 1955; Scheirer et al., 2011).

2] Open set 212 TAloxE A= ou]A] o7}t Y=
7} e Weibull 2Eele] FAREFS ARl 2 7t Fejs
7t Logit Vectorote] #z] St FE& F43laL o5 deAAl
ope Felsol ot 7FEAIR o] 2kl 7 A Logit Vector
g, 2 el Qi e, W T e, 3, e
S7HA 3l = STE AoJ8lal VGGNet 72 7HF CNN 75
d2 s53) the, $x]2)(Post-processing) A2 OpenMax 23l
25S 2834 A A dlelel A= S W Sy STzl
gk SoftMax EHEgkE WAkl wiFdolut 71eF AofshA] &
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Fig. 1. OSR-Based Bridge Structure Multiple Damage Recognition Model Architecture

A& 9130 Open set Q12 71%5& T4E = U= OpenMax Yale]
F 7IRF g vy EREES Ao, Xﬁﬂzﬂ‘ﬂ TEREE
Fig. 13} 2t} dut 74, B T, e, 72, =r= 7499
% 5719 ek £453 dlojE] MEE VGGNet 7[Hke] 4%
Ao 2 SFAIZ] ¥, SherEl Rl Eds) Wil E S
Weibull #322] CDF & ARke B3 sk #gS A3tk
A FAfA GHR|RA] ke Fe2y(Unknown Class)ol] thgk
/g3t e} ALt HEHOEE 5 + 1 FH S
3k SoftiMax E-Egko] AXkdrk o]2 3 Sglold Y-
W2je] g Igollx] wido|ut Z1Er AR T SRR ek Sl
o SfFsl= om|A} Yo R Eojele LA gk SR
AR=Eo] gA] X7} 7Fssitk

3.1 wZf AXE CIESaA 2504

el luke] PIels ekt ele] sl Hold
‘Fed Bolal JANE w7 dol] gk o] B e

B el B9 £ 1502 99E 97 weaE
B Aghe wsh Ao g vk B Aol wEk &9
22 W2 3x)s)y] o) gult 7, W) 7, wleE), 1?_/_\11’
T F 7P wE & 2SS skl on|A| oy
AES 753 S7HA 1wk &3 oln]A] HlolBlE SkaAl7)]
28k A= AFEE VGGNet Fdl(Simonyan and Zisserman,
2014)& 7Rke g A= Ack

B drlMe 9 u v Bl shkae Sle
VGGNet 7E1¢] A8olN] FHaL Ads-S B2l VGG-163 VGG-19
wEl 2 sho g A% AV YEsl=E ATk VGGNet
A AglelME 227x227 =7]¢] RGB ¢wA1E Yoz
ARG SGARE ¥ AR A SRS 9] 64164 =]
9] RGB o|X& J2o g AL83)7] o] Al 2 9
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Table 1. Bridge Multiple Damage Class Learning Model Structure

Layer Type Filters| Size | Output Shape

Convolutional (Dropout) 64 3x3 64x64
Convolutional (Batch Normalization) | 64 | 3x3 64x64
Maxpool - 2x2 32x32
Convolutional (Dropout) 128 | 3x3 32x32
Convolutional (Batch Normalization) | 128 | 3x3 32x32
Maxpool - 2x2 16x16
Convolutional (Dropout) 256 | 3x3 16x16
Convolutional (Dropout) 256 | 3x3 16x16
Convolutional (Dropout) 256 | 3x3 16x16
Convolutional (Batch Normalization) | 256 | 3x3 16x16
Maxpool - 2x2 8x8
Convolutional (Dropout) 512 | 3x3 8x8
Convolutional (Dropout) 512 | 3x3 8x8
Convolutional (Dropout) 512 | 3x3 8x8
Convolutional (Dropout) 512 | 3x3 8x8
Convolutional (Dropout) 512 | 3x3 8x8
Convolutional (Dropout) 512 | 3x3 8x8
Convolutional (Dropout) 512 | 3x3 8x8
Convolutional (Batch Normalization) | 512 | 3x3 8x8
Maxpool - 2x2 4x4
Dense (Dropout) - |Global 1024
Dense (Dropout) - |Global 1024

Dense (Softmax) - |Global 5

AS 2 A AlSol AR Blold leEE 24T

} ARk ﬂw HloJoje} ¥ #lo]of(Pooling Layer)<]
7H¢ g 3fo]H jJra‘rﬂlEi ez EAY &Y e HE
T Sl s s A=, AR UESA

i=]
T
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glo]oje] HE] =] VGGNet 78y} FUsiA 22t 3x334
2x2 715 AR 55 ZF 1 glolo] oA wix] Aaist
(Batch Normalization)Z <=338}] $Ho 24 Sl 4] Y9

BE W B 2RS Lol 2R STk olF B9 o
S8 FPPAIL S (Local Optimum) E41o] B 7
e 29 % 9k

32 w2 AXE C
=5

£ =FollA= Open setel] thet SoftMax 37 Sk wAlst
7] $13l OpenMax @alelss 28313l ow, o] #4892 Fig. 29}
o] IA FA o] 7Pt F¥E Weibull 25 FH3=
I 7} S8 3w Logit Vector 3! Weibull ol-g3}e]
SoftMax g&-& WA= OpenMax 2hE T 0= eth
A S71A] algE R dlole] AER 351X VGGNet &3l

IS4 EREUAe| UUCs

S=
2

=Ry =1
—r*jL_E

& 30 B 7P S0 L8 0 24 oAl Tiel] Epsd
o] UlE Seiz S HlolE S Fedik ot Weibul
B2 FATPol] AR B 8 571 $1ggel

=0
EEE

o, gul) 2RE 2E o Ho]

Al A 5 WA Al Sl EH = Logit Vectors 353
9 5714 agk 4 Sl Hi 8493} WE|(Mean Activation
Vector) & Alkich AubE9l Al A4 Band Fxoids
Z52o 2 SoftMax AlFo] YxJsk=t], #F SoftMax AlZol]
L oxHoa @A E W2 S AGskE7] wHEo]
o1 e A A T S Ao A e
VGGNete] wpA[ZollA] = WAl ASo] Qe 4 94 AS
(Penultimate network layer)?] &3zko 2 Y2+ Logit Vector

9 4
LEL N
R e 2

ot

= 8433} WE](Activation Vector), & 94& oln]x] o} Awd
SPle] Bx e Bl o5 A3} Sed e st ee

zt Sl jol| thel EnkEA| -v*rr‘ﬂ BE S oA ;o ik
Penultimate network layer®] < ( ) 2] Htgh(mean)S
Fghk

o R 7h wwk &3 S e s W
Atole] ARl Ak, ol 7 w4 Sl AR X
9 Weibull #329] vyl W-E FH317] SIftolck e

e Wdeh el ek o o), A ARle ek e
Aeleh A1) Aele] 715 23 Aleke AFgE Bq. Q)2 2tk

distance,, s

= (V= vfw,))?) /200 @
1— e 7~.7)

’Uj(I:
T, = o )T,

Eq. (2)°0 23l 7alzl Aelptes Weakeo s A€ 7,

A K
7] 3R 5% FeEE S5 o) ABYES T

¥ Weibull £3¥9] 7g] 27|22 AREY = H]O]Ei HE
oA A BY & AP A g £y
Selagz 1007)e] AEake] Ag g,
$-=F4H(Maximum Likelihood Estlmatlon)#ié 57H >
2] Weibull ¥3¥9] 9]Elejr] &4} ni7f¥<(shape parameter)
a8} Hx w7fH<4(scale parameter) 35 43T Weibull

2% )R] Afse BEREHS f(2) & Eq. 33 2
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_______________________________________________________________
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Fig. 2. Estimation of UUCs Probability in Bridge Multiple Damage Classification Model
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S A WA BA A FBNX] 7 wwF &4 S Weibull
X} et EAJ3) HlELE o83l OSR 7Is& 337] $1gt
OpenMax 2L 48 a0k W] 785 EREd A2
= A3 oA] vlolelrt =S of s Y dlofEle] st
HEE 353 9, 7 wEF &4 S Hi EAs] wE e
AGE Akktk v ARk Avkgks 7w &4 Sl
Weibull £32] CDF (Cumulative Distribution Function)e] ]2
X A2 A oln)A] dlolHe] S &S AkKIc: A2
L& CDF 3k derjA] ¢k SI2UUCs)el tidgt 71] w ()
7} =w 433} AE 9] ZF ik Fetke] 7BAlHAgS AxIch
G ke Fele] Bgs) wElE o (o) Bt & ), 73l
of|M] Zhad 7t e &3 Sl 2433} wEe] Aagks Tk
A Eq. ()¢} 2o Asich

(@) = B ) (1=, (2)) @

Eq. (4914 A9 v,(2) & o]g3) deix|A] e Fejzo
jet SoftMax E-E4k& Eq. (5)9} o] APkstion], oje} e
AL AR ZAE SoftMax 5, = OpenMax E-S =3
QAR e Fehas TS P2 Y ou)] Yloleld]

(a)

(c) Cable connection part of Seohae Grand Bridge

JERE $I3F Open Set Recognition 7]HF Tha<Ay Q14] mdl sfak

A HoleS 5%tk

o)
Py=j | z)=— - )
Zev,z

i=0

AEAOF B AlMe wEF ted 12 Bl JE=i=
ofn]A] vloJele] g/ds} wEje} 7]SlsnidelA] Alkkd ulgk &4
S ot gogs) wlE] Bl O i) Al AEgke 25
Apde Rk &4 S Weibull 225 o] 83 YEiRA] &
S]] gt SoftMax EEgkS ARkslay, 713e)w w4
259 ek SofiMax EHEakS 180 24 Open set 914
7% s 2Adsith

4. OSR 7t 1 X2 [IS2 1A DEo| 424 2l

=]
R

4.1 W2 PXE CI5&Y HOE ME H &= &2

B o] %S 9l At ERuEaTdon
HFF Malial APga 7} gL, Ahule] wwF aE
D ovA] HolEE ARS8k Aelithalet w3wl, SAthule]

(b) Outside the main tower of Seohae Grand Bridge

(d) Inside the main tower of Seohae Grand Bridge

Fig. 3. Aerial Photograph and Close-Up Images of Seohae Grand Bridge
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(a) Normal crack

(d) Corrosion

(e) Leakage

Fig. 4. Bridge Multiple Damage Open Set Images

Table 2. Details of the Bridge Multiple Damage Data Set

Damage Class Train Set Validation Set Test Set Original Resolution
Normal Crack 20,000 12,000 8,000 5472x3648
Reticular Crack 20,000 12,000 8,000 1536x1536
Efforescence 20,000 12,000 8,000 2048x2048
Corrosion 20,000 12,000 8,000 5472x3648
Leakage 20,000 12,000 8,000 1536x1536
Unknown Class - - 2,500 -
Total 100,000 60,000 42,500 -

HE & omA] F 7] EFrEe] WHE &4 oAlE
21 s i om|A] HiolEu|o]E 53tk Fig. 3(a)
T IR SRR 0 R RE] Al Aslitia A
Il 77 FEARRC 24, X2 FAE A Hultt 27 oju|=7t
FrEo]glom ofdf g APIE o|n|R|E 43t} Fig. 39
(d), (¢), ()= AMfehaL APgar F3ke] 6 &5, T8 Ui,
A& Eelo] ek 2 oA efrlelrh Hde Zhwe} EgA
g, 9o] A7] 55 efE 2F oAES FH skl FHY
B2 omRje LRk T, Y T, W, F2A, T el
3k ojn]x] ME dlolElS SRk

&4 53] Adst gg 918l 4 onRA|e] A7|E AR
FRsem, onz] /42 v, 31d 9 EF o]F 59
71818k 23] Wik 7Ty} A B, AR, 7ReAIRE o=
Y Fe e 53 omX] TGS A o= HET

Table 3. Experiment Environment

CPU Intel Core 19-10850K@3.60 GHz
Experiment GPU NVIDIA GeForce RTX 3080
Specification Memory 32 GB
oS Window 10

Learning Rate 0.0005
Train Model Batch Size 128
Option Epochs 100

Optimizer Adam

o5 HolEle] FRE 4o sl sismele] TRAES A
igro A, ek TR LR olnA| tlolE] A=) AR
AYRFE Table 29} ek Slejl) ek Sl diek 413 Hlole]
A e Y WA A S Tl R B3y
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o] 57gollA F 2,500 T AR 2 S
k= AA oA 3hs, & 52 w8 71EF 25 71,
e Ul FR19] tiolel o] EghEch £ o] A 3
TA& Table 33 23l Fig. 45 571A] nlsf 4 S oA
oAl P YRR ek Fefo] U v|olE| 2 AREEE HjA]

ofmlxje]ck
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2 =2ox= Close setol] tigh “d537 Open seto] Wik de-S
B aEEia] 2 s B30k Open set Q12 A lA]
ez FHU(EhpE FHE BRI e dERA gk
FEAERFEA e FEYNE ARSE= A F55H 83
EAlo|Bg o]2 E5] iy 2pAA 7158 AAE] BAdsk
2= 9tk WA Close set B35 A5 8l tlo|elol] <&l #12s
el s TR B9 dee o & slrk
o]= 9] Open set 7417} H|2dstel Aejolx] S7He] mek
24 Fe)olgr A Bivle] R Aows 24 ok
telElele EAfshe A 22l 5 classes € ¥, N Y, RE a1
gk WeF Open set #7717} 3 2l 7K 239 dlelele Leir)
A ke SR e 7d9ole 73l HY(False Negative) & =
ek Scherreik and Rigling, 2016). 57 A2 dvk3<l
HAE AgEE FUaE 25 Jne) 37 BT %=
(Average Accuracy, AA)E A}&3130H Eq. (6)3} ZTH(Neal
et al., 2018).

AA—lzc TP, + TN, ]
~ C& TP+ TN, +FP,+ FN, ©6)

Open setel] thet 7= delkl 2+ Sl et 35
o S Bl el oF 2 geikl Szl geiRA
ore Ze 7ke) 058 FAa SAslol Bk B =RNE
Open seto]] gt A5 A|FE2A] F1 ScoreE ARE3112™, Open
set 12 A&o] AL F1 Score?} 24 B4 dlo|EH &2 B-EZe]A|A]
7] o) A0l HHEE AN P5keh o) Asich
(Bendale and Boult, 2016; Scheirer et al., 2012). F1 Scorex=
AU} Qg zepErro R A B AR ¢ F
57 ofAle] tiste] AR SutEA ERE S oAl HlES

epa, AEEe BE 3 dAle] F ol uisl] vk
e 2 oA BlEoltk Open set Rdo] 734 A=
A ¢15= Open set HloJE|¢]] thal ul27] <& Open set
tlo]Ele] Hl&-S, ATEES E A Open set Hlo]E]d] ]
Suk2A] 5 Open set HloJE]e] HI&-S SJW]3Hf(Sun et al,
2019). & =olMs delAA] ke FElaE E3E 7 S
F1 Scoree] H3k¢] Macro F1 ScoreE AFE3}3.0H ol
Eq. (7)3 ZTHLiu et al., 2020).

1 c+1

Precision X Recall
F]:ﬂzcro_&m'e = O+1 2 (7)

= Precision + Recall |;

4.3 OpenMax 7[Ht i2f XS ClSLaAF OIA] MG
el Zo}

WA FlekE 7R ek 4 Sl

SuEES 285 2REe] P ALTE Table 49} 2o
vk Close seto]] thet Ads¥d7to|na S| ¢k Sl
of] sl on| A= Aol ARERA] Fdrk S7HA] w4
Sl ek Bt s vlugk 29 SoftMax TS AN
BEHrdo] 99.98 %, OpenMax Ye]ES 21831 EHrdo|
99.97 %=X F 24 712 Close set ¢12] A5 79 xjo)7}
Ses ¢ Uk

The0 2% SoftMax FH& AME-gH 757 OpenMax &
1E)ES A5 E72ue] Open setol] thek 14 5712
Zlgstoict & A9 Open set S7FA] e &4 Fef=9
YA ek Fell2(Unknown Class) 2 7-d==t, A nlgk
T3 oA Aol AR Aslichule) 53, ddiale] ¢
& ou]R] 57 64x64 7R WA, T ZF 7IAA] &
WEF &35 585 ds] IAge wEF UiF- d92] Unknown
class A% o|n]7] 2,5007%-& $53}3r) SoftMax §H5 AME-gH
=7 OpenMax GalelES 2835 BREEe] 14 4%
H|aE 913} SoftMax & A3 EFdle] - AARKO &
0.59114] 0.97F] W78l ofwigt 8 ofm]z] v of thsf S
j&2 d&9 SoftMax Egkeo] 6 m]o]H Unknown class®
B AA5I4T) Table 5+ 24 nlsk is<=de=] 23|
ARE-E QB #Q o] A]el] thgk Open set 12 A3 d3olrh

Table 4. Close Set Recognition Comparison Table of SoftMax and OpenMax

Accuracy (%)
Method - - Average Accuracy
Normal Crack Reticular Crack Efforescence Corrosion Leakage
SoftMax 100 99.95 100 100 99.95 99.98 %
OpenMax 99.98 99.90 99.98 99.98 99.99 99.97 %

124  KSCE Journal of Civil and Environmental Engineering Research



e 224 427 - AR - QY
Table 5. Open Set Recognition Comparison Table of SoftMax and OpenMax
F1 Score (%)
Class SoftMax SoftMax SoftMax SoftMax SoftMax
(0 <0.5) (0 <0.6) (0<0.7) (0 <0.8) (0 <0.9) OpenMax
Normal Crack 97.14 97.14 97.20 97.26 97.62 99.50
Reticular Crack 96.92 96.94 96.94 96.93 96.95 99.40
Efforescence 97.03 97.08 97.15 97.29 97.59 96.12
Corrosion 96.99 97.00 97.07 97.14 97.35 99.10
Leakage 96.92 96.99 97.05 97.10 97.24 96.68
Unknown Class 5.51 7.06 10.58 14.69 26.77 57.87
Macro F1 Score 81.75 % 82.03 % 82.66 % 83.40 % 85.59 % 91.44 %

4 SoftMax & ARSH ERREe] A9 AARKO)=
092 7 943 A4A-3-S W Unknown classe] F1 Score”}
26.77 %, Macro F1 Score7} 85.59 %=2A] SofiMax =S A3+
Seloi= 71 A vERsdTE o 912 AlEle] ddellA 1A
T UT s S B9 VA a4 e Edst
© A3 omA7A] Unknown class® 7% 7hsdo] vk
HhH OpenMax Galg)Es 283 ule thed g
AZH60)& 0.92 A3} SoftiMax T EFda) s
5714 ek &4 ZE2~9] Fl Scoredlrs vt 73
o, BA1e 27 1.88 %, 2.45 %, 1.75 %] xjo|& /A%
Foe BaL, el o= 22 147 %, 0.56 % A= skt
Unknown class®] F1 Scorex= 31.1 %] v|nd & A5 zjo]7}
LERLo ™ Macro F1 Score $A] €F 5.85 %<2] =}o]2 Open
set 12 A|=Hlof]A] OpenMax YalelE-S 2835k EFEHo]

3] o fFEd s HAk

2

M2

S

528

32, ] S7bA) Fel ISk A HlolE) AE 5
5 VGGNet 718k Tk ¥l SKeAlzick Sh0eF VGGNet:

=
F3Hek ARl e R Close set -Fiido]7] Wi

g Al wgF F onAjelN EFEAE T A9
Hi7E, S 7R, S22 oF] AoER] ek = vE &Y FY
59 ouAI7} PdFHE 4= 9tk Close set EFEA 7]k <14

AlzgloM = A7) olnAlE BERE 71 eld Sk § iR

A2sl7] wiiel o= FA| Al=%le] A Q14 Ads A=
ojoizitt. 2= o]2fgt Close set w-Fle] oS Helkslal
SRR gke ojn|z| = QlEk Q214 Fo]7] 2J8)|4] Open set
A2 715E S 7 v OpenMax Yarefs 7|9F wef 725
s ol 2dls Aok
£ aollrte et T, W T, W, 52, 7] S71A
&3 STEE AR vRA] Z71E A oASS YEAIA
FAE B OpenMax &S Bdlo] o U5E4}
TR HF SoftMax Sgko] YEA|A| ek el thgh
EkS TN ARE < QIS AARCE A AR dEER
FAF ERuEEAT o P HFS Aeliche} 58w, Ao
g HY onAE Ve R K=o, Close set w57 A3}
Open set 7 23S F3) ARE 2Elo] 14 s ke 7alsiick
Bzl AR 571A] aEF &4 FRiEnt g4 Close set w5
ARM= SofiMax 375 AME3F F-RE OpenMax dalels
7IRF g tad BREE 7)) 0.01 %2 Hit 3w 2jol=
79 Tdgt B/ oS Btk thEo = wjFot 71e AA|
T AR ek S92}t 2§ Open set 7 A% 2,
OpenMax gzl 7IHF E724o] SoftMax 358 A3 BHE
g tfy] geiR)R] ke Fi2¢] F1 Scoredlld] 31.1 %, Macro
F1 ScoredlA 5.85 % T <573+ -5 A2 YeEpio 24 24
e Fo onReN TEEdERAE 78 of ShsEA] 22
P omAR 18k QRIS Fs] TAaAE = IStk

37| OSR (Open Set Recognition) 37+ %] o]&, GAN
(Generative Adversarial Network) 5 Tl HPHEES 0]23)
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