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Abstract

Detecting the displacement of cultural heritage is essential for protecting and managing their prosperity. However, because
the degree of displacement that humans can detect with the naked eye is limited and requires a lot of time and manpower,
various studies are being conducted to detect the displacement and damage of cultural heritages using Deep Learning
technology. In previous studies, 10 pre-trained Deep Learning neural network models through transfer learning techniques
and Convolutional Neural Network (CNN) which are known for excellent for image processing were used to detect
inclination in the roof of Heunginjimun. After learning to classify the images of Heunginjimun into two categories, normal
and abnormal, we measured the prediction accuracy of the models generated in nine environments, classified according to
season and weather. After analysis, it was raised to over 95% through hyper-parameter adjustment. In this study, among the
10 pre-trained Deep Learning Neural Network models used in previous studies, the Neural Network model with the highest
accuracy was selected as the optimal model through performance verification, and then it was used to integrate 9 single
environments into multiple ones. As a result, by adjusting the hyper-parameter of models below 95% in prediction accuracy,
we were able to raise it above the previous percentage. Consequently, we selected the Efficientnet v2 s model, which had
the highest accuracy, to conduct an environment integration experiment. As a result, after running the learning and verifying
performance in an environment that integrated all nine single environments, the roof inclination was successfully detected in
all environments with an accuracy of 99.84%.
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1LME

ad

Sl= GRS ET =g Zﬂi}i U%_‘ # e I SR okl A 9ol leEd 739 2g ol ot 24
, B3}, w4 5o 2] 9§ 2| H 47 d oty e Algto] 89ko 2 ehx)et 4

ofh= RAPE AL B A Qo] EELQﬂ mzell 710 Wi tiAls] 1ol Hald 71sol vt g2
7} =] a QITh(Park and Lee, 2022; Lee and Park, 2022; Lee et al., 2023; Kang and Lee, 2023; Wang et al., 2020).

Lee et al.(2023)= 3RIZE AlaF2] HE BA5E] flall o]n|x] Ao e+t CNN(Convolutional Neural
= A178Y)(LeCun et al., 1989) &S Z-83TE SRIZF2] CCTV F3=2 A4, X0l whet 970 €74
V= QAR AR Lo ZF o|m|RIE A dstal B om| RIS A g5t | ffsl] TEAF R~

M re
A
=
HE
_O|L
N,
=
i
_l
i
5
rJ

rE
1o

l‘ll‘
rSL

Network, $Hd
oz ER

1

U

32
52 o 8:510] FRIAR A oln] A o] ABRE QH(ABINAA 78-S AT
‘{"i—?—(Kang and Lee, 2023)°fA+= A H o]u]| 2| && H o] S<5(Transfer learning) 7|5 53l 1,000712] S=i2
71} o]m] A2 43l o]w] 2 Ul(ImageNet) HlOJEIARE AM&3E Aol S5 (Pre-trained) B2l 41747 &
AT T VA SRas BRE 4 IR S5 A1 T oS el s ZAeli). 1 AT o1& %
w71 95% mlTko & ke mele] el Jef s BARH & slolw] wtile 248 Sl ol ABEE 95% oo
gt
ang et al.(2020)2 5= A=A A1%5-2] EFES Ha2ld 22 Faster R-CNN3} Mask R-CNN2 7|§H0 2 £A4RS B2
. W7] Faster R-CNN- 53] 25 o]m] 2|04 B}dg Zajotar et = 7] o8 B ohg HRg
Mask R-CNN- 5ll B}l 0] 2447t W] ol vl 2ol 2thA| o] A2 Sof 712 7)1 e
250 2 ZHA)eta R

%9711_% S s oA RS

r&‘
ot

(]

ag

o N

ne,
H.llO =

e
Of
ﬁrﬂ

Lot
ml

Hu
é filo
e
-

i
m

t

]_

[e]
kl
0]
= E=
el
lﬂl-ﬁl

4
o 0

A]

lo
re rd

r

O

i

oy

L
i)d

g:h
o,
N,

o

X,

o iy
>,

ol

o i
T

Ch

‘ol

o,

ftlo

=
N

)
i
of

ot
ol

2
I
If>

>
™
o
ol
=
L

el

ftlo
e oo gy

o2
Mo ok

of

rlo ol
£
_l[}ll
é‘%
{m
N
2,
?
[
o
<l
ja
Ehs
FIF

b3
Ay
oft

i1
el
fu)
o
ro
of

ro,
A,
MHd
B
>,
olz
e
rE
[
r |
o,
N

= 5 HEs skl

“H(Kang and Lee, 2023)°]14] 2§

v
o
i)

7}0] TA =] Q). 2ol A=
Argeich. 33l A= 249 4

r

ol
oL
H
i)
filo
R
ox
ot
o
N
do
:(I)L_l‘
o
oL
re,

)
L
)
P
¥

=
Y
o



Lee, Sang-Yun and Kang, Seok-Ju — Experiments and Analyses of Inclination Prediction for the Heunginjimun Roof ~ | 169

Fig. 1. Heunginjimun
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Fig. 6. Normal and abnormal images

2.3.3 U Hlo[E A 14

R S-S AHE/oRY, AL/F, /oK, B/, Ha/oRY, S/, HIFE, Hl/oR, woite® AHE
ENV-01~ENV-09& 2|73t} SPgntet A4 o|m| 2|2} B4 o]u| 25 §sto] & 10,0008 2 F1/d53l o 8 Al
(Train)/A5A(Validation)/H| A~ EA(Test) 2] HI-S-2 50:25:252 /35131 ™ ApA|SH -8 Table 13} 2t}

j

Table 1. Dataset configuration

o]l Train Validaion Test

Ay ulgg 3 ul g 3 R
(EN%\/I;](%_) 4500 500 2250 250 2250 250
(EN%\/;(_)%) 4000 1000 2000 500 2000 500
(@Z}Z%) 2500 2500 1250 1250 1250 1250
(ZSV (7)‘:) 2500 2500 1250 1250 1250 1250
gl?;\/]ogj}) 2500 2500 1250 1250 1250 1250
(EEI;D\/]_;'S%_) 2500 2500 1250 1250 1250 1250
(lliﬂI]jV SZ) 2500 2500 1250 1250 1250 1250
(]gl\j:];gj_;) 2500 2500 1250 1250 1250 1250
(ESZ];(Z); 2500 2500 1250 1250 1250 1250

234 5887 dol8A 74
AN Table 1] ENV-01-ENV-005 S51a 872] 714 9 7437} ol ehz o] 2 B4al7] gfo] &
#7328 o2l 712 Eale}o] At ENV-10-ENV-222 A5}, 2PAleh 7L Table 22} 20,

Q]
=



Lee, Sang-Yun and Kang, Seok-Ju — Experiments and Analyses of Inclination Prediction for the Heunginjimun Roof ~ | 173

Table 2. Intergrated environmnet dataset configuration
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Fig. 7. Neural network model average accuracy
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Table 3. Model hyper parameters

Model Batch size Input size Optimizer Epochs
efficientnetB0 224
efficientnetB2 8 260 SDG (Ir = 0.001, momentum = 0.9) 10
efficientnet v2 s 384
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Table 4. Accuracy of environment integration experiment
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