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At present, artificial intelligence (Al) based on Deep Learning is attracting attention in various fields, and world-re-
nowned research institutes and the world’s leading information companies are focusing on R & D from a large source.
Attempts to implement society have also begun, and although there are aspects of excessive expectations, the social
interest is extremely high not only for researchers, but also for the possibility of changing our lives and work areas.
Taking one of the advantages of Deep Learning as an example of image classification, there is a point that the character-
istic amount itself can be learned so as to approach a previously prepared classification without a person specifying the
characteristic amount representing the image. .The results that exceeded the existing results were reported and produced
a big development. However, it can be said that the application to the historical city area is still underdeveloped. So, in

this research, we try the application possibility to the historical city field of Al technology using such Deep Learning.

Keywords: Deep Learning, A, CNN,CAM,GAN

1. [FC®HIC

WAE, BEx 724578 T Deep Learning 8% &2 A Ta0HE (AD) H2MEH ZEDTEBY . THIHREL
TR BB 1T D AL EIR OB B HEA TS, 95 LIeHENO—HIZ T CIcHRIcbREBEL TE
VIR IR S B D DITHE TE RNV, ANHOAETEFEIBIC 2 2 KAF T FIREMEIT S L T O 70 B A
TE, B —oi2ik, MRkt A4 TTLSVRC (ImageNet large scale visual recognition
challenge) | TOENH 5, WiEZE 7 7 AT HHHIZIBUVT, Deep Learning ZHW\ 2 AT B3ZNET
DOIEE % K& < EF 572728 Deep Learning (X 57EH 2L D7-38 - 72 572, Deep Learning OF S &
LT, BEgSHEZEE LTETHE, FEHIELIEEBEDFOREEL AP EETIZ, TOHELZEEZD
7 ZAGFICE O L) ICRHMERREZFEIE ORI H e LFERH D, 20 L9 REFHERKE7H
T D RHRZTED L R ORF ORI E & L O R & ORIRBEMR O SEHE T - 7o TIgRFETR) [E 7R
TRARSRELEL ) 72 E DIV T, BEFORMEZ LRI RN HE SN KRERBRAZEAN L, L
L7235 Deep Learning &Mk &35 Al OELE T 0B ~OMAILE L ELEREEE VXD, £ T, A
JETIZZ 9 L7z Deep Learning % Vo AT Bl O JE SEH i ) Erf\ODﬁﬁHT EMEZRITT 2,

Deep Learning 73% OFpMEZ 8 L0 WRERIIRI G & [008 - 385k - HEE - T ORIRBEREEK T
B FROFEETHD, 29 LEFFICEI=a— IV xy hT—7 LEEN D ABIOMAND R v T —
7 ERE LTBEE T ARV OND, TORTHRICERR D E LT BHIAR=2— TRy FU—
7 (CNN) 288 %, AMFZFETH CNN %ﬁﬁb\f G 72 ENTRT D 00 - HEE 24T O AL OFELA T 43 BF ~ i
HRTREMEDRFT 21T 9, BARMICIX, #E A mE ) SEHEA ZHEET 5 AL SiIREROGEE Z0EE %

—223 -



HEET % Al OB AT T, £1 XNERELE-HEB—E

7. AL DSBS - HEET DB TEH 95 8 [Class [ County iy REE
Wi AL B FELREINTND, BRIARHIT o famere R T

IZ1% Class Activation Mapping (CAM) 233 5, 5 21X Canada St John's Cabot Street
Czech Prague Mostecka

2
@E{% % ! ai VR J:&:ﬁi ’)O hf:ﬁfjﬁﬁ i:;ﬁ‘j— 6 Eﬂ%ﬂzﬁﬁ 2 England London Oxford Street
%’T? 9 Al é‘»»ﬁzﬁk L.CAM Z 7= AT %qufﬂﬁ@i%%'g %'Tf’) 5  |Hong Kong Mong Kok Shandong Street
6
7
8

< ZQO % - 5 Lf: CAM @T}Zﬁﬁ‘%ﬁfﬁb V’Cfﬁjﬁ%ﬁ[ﬂ Italy Firenze Via dei Calzaiuoli

Japan Kyoto Sanneizaka Street

{% 7 6 %Fﬂﬂﬁ& %%E‘j— 5 ,33 &:‘ AT ﬁ)ﬁj‘-jt&@l‘,f%g) Japan Osaka Dotonb?ri Street
. - P 9 |Japan Tokyo Takeshita Street
CZICEHLTWDDONDELREITH o 10 |[Mexico Guanajuato Pocitos
Fﬁj\iﬁ . %%E . #E/:—:E . %@UJ 71))% B é ﬂZD _jj—«c:\\ FE 11 Peru Cusco Questa de Santa Anna
. . . .. 12 |Portugal Porto R.de Sao Joao
Bl E W RG2S BRI BV T AT O AN 13 |Russia Moscow Tuverskaya Street
o) E z,L.,CI/ 7 'fﬁ bﬂ( W5 &Tfﬁ'ﬁ: li\ r@iﬂiiﬁk 14 |Scotland : Edinburgh Cockburn Street
°© 2) 15 South Africa Cape Town Dorp Street
Fy hT—27 GAN)" ] "B D, GANIZ= T VA 168 K Seoul Bukchon Hanok Vil
- : : - oo 17 sz:: B:?:elona P'ua; aOT;e aC;ia'u:wzge- Gran
M D DeepLearning TV . A fikas (generator) & _ _ Teatre del Liceu
~ _ . 18 |Taiwan Chiufen Chiufen area
HRNEE (discriminator) EVV9) 22D ==—F /)L~ [ 19 |Thailand Bangkok phraeng Nara Rd
]\ 1 __7 T*%Ek é ﬂTU N ZDO Jﬁﬂz\ = GAN @ﬁff‘ﬂ& 20 |Arab Dubai Al Worood 1 Street

ZISH LTk 2 R FERRE SN TE Y, 2 20OXT
OEE S EEFOBRE FH T 52 LT, 1Ko
BN ZOBREZBE LM E LT Ol %
R B pixdpix. S0, FHELZE 3D E T AN DG & IC
B A A T | EAICARPIZITV 3D T — X &
Kkt % 3DGAN” 72 BT BB, T TABIET
# GAN (T K 2 H1I A DEHR AR ATV, BESE - #i i
T WA ORI B R REME A R T T B,

2. HIEAHBERODLE - SHEEROHE Al

(1) B=

AN ORI 72 M OFE ORI L . 2ty
BN - FIR ORI ERGR & O EHEARBRIE. WER
[CRARIA RIS N2\, DT, NS & DOk
F7RAEIRICIE S < T A T D - FISREHI O
HEE NN E TR > TV D, 20X ) Rkl
fRIRT DT8O DFE &L LT, Deep Learning & T
R ZZF T TV DB 2T 5 &, ROy %
BN, RGO R RN &5 O N R BHR O ER ¢
REENEMETH D LWV K S R E A ROy M1 JAEEHBERFY—FE2—DF
N5, TOD, BE - HHOT VA b DM « FIZI26 L TH, Deep Learning % U 7z AT
B OBA RN H 0155 B2 NS, EilkEdSE 2, ARBFZETIIH ORISR %2 T 2 i
o A ERIERR & THEET 2 AL OFERR. &7 5,

WFZE 5t 52 & A 20 g 13 RES T CBLUEIE W HIRE LR LISRT 20 B bIER Lz, Wi A
HOEBTH DD, HBENHE—OREY - ik - 25000252 L0720 X D IZEE L7225 Google
Farth ® A N U — F B a—nbEK Uiz, M TBEESA] & T 328k 2 255812 1 15 100 #0320 2100 K
E L7, M1 21 HRHiA 4 #R T O Sk & Wi 2o~ T, RBHIROEA T/ L — A — VHli{g & B
LTWENEBEIZIZIRGB 17 —ER TH 5, FEHET VT NI WY A XD T 4 VW Z—IT KD EIRIAI % fk
VIR Z L THEE A2 m L EX8 5 Network In Network o> [VGG| ZHE|\CFEHE2FIT LI,

(2) HELEDNEE
FIS A OHEE I SEr D | AL - ERTIC RS 2 W8~ F AT REME D JERE 0T & L ¢, oy B Thlliit 2 28

—224 -



x2 HEBAODA HEER

[y _1is the correct class, [y'_ ] is the Deduction class

Yy 0Oy 1y 2 1Jy3]yalys]ly6]ly7I]y81ly9ly 0]y 1]y 12y 13y 14y 15]y 16y 17 |y _18 |y 19 |y_20|Recal(BHR%E)
y_ 0 57 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0.9661
y_1 1 52 0 0 0 0 0 0 0 3 1 0 2 0 0 0 0 1 1 0 0 0.8524
y_2 0 0 51 0 0 0 0 0 0 0 0 1 2 0 0 1 0 0 0 0 0 0.9272
y_3 4 0 0 53 6 0 4 0 0 0 1 3 1 2 0 0 0 0 0 0 0 0.7162
y_4 0 0 0 4 39 0 1 0 0 0 0 0 2 2 1 0 0 0 0 0 0 0.7959
y_5 0 0 0 1 0 51 0 0 1 2 1 0 1 0 0 0 0 0 1 1 0 0.8644
y_6 4 0 0 6 0 0 48 0 0 0 1 0 5 0 2 0 0 4 0 0 0 0.6857
y 7 0 0 0 0 0 0 0 55 0 0 0 0 0 0 0 0 0 3 1 0 0 0.9322
y_8 1 0 1 5 0 2 0 0 47 6 1 0 0 0 0 0 0 0 0 0 0 0.746
y_9 0 0 0 1 0 2 0 0 0 55 1 0 1 0 0 0 0 0 1 0 0 0.9016
y_10 2 0 1 0 0 0 0 0 0 0 51 4 0 0 0 3 0 0 0 0 0 0.836
y_ 1 0 0 0 1 0 0 0 0 0 0 0 60 2 0 0 0 0 0 0 0 0 0.9523
y_12 1 0 0 2 0 1 3 0 0 0 0 0 53 0 0 0 0 3 0 0 0 0.8412
y_13 1 0 0 0 0 0 1 0 0 0 0 0 0 44 2 0 0 1 0 0 0 0.8979
y_14 0 0 0 0 0 2 3 0 0 0 0 0 1 1 52 0 0 2 0 0 0 0.8524
15 0 0 3 0 0 0 0 0 0 0 1 3 0 0 0 52 0 0 0 0 0 0.8813
y_16 0 0 0 0 0 0 0 1 0 0 0 1 0 2 0 0 55 0 0 0 0 0.9322
A7 5 0 0 1 1 0 1 0 0 0 0 0 3 3 0 0 0 46 0 0 0 0.7666
y_18 0 2 2 0 0 3 0 0 1 0 0 0 1 0 0 0 2 2 42 0 0 0.7636
y_19 0 0 1 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 59 0 0.9672
20 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 59 1
Precision(FiE&%) | 0.75 | 0.9629| 0.8644| 0.7162| 0.8478| 0.8225| 0.7868| 0.9821| 0.9591| 0.8333| 0.8793| 0.8333| 0.7162| 0.8148| 0.9122| 0.9285| 0.9649| 0.7187| 0913 | 0.9833| 1
F-Measures 0.8444| 0.9042| 0.8946| 0.7162| 0.821 | 0.8429| 0.7327| 0.9564| 0.8392| 0.8661| 0.8571| 0.8888| 0.7736| 0.8543| 0.8812| 0.9042| 0.9482| 0.7418| 0.8316| 0.9751| 1

|Accuracy(E#1%) | 0.8579/Avg.Precision | 0.8661]Avg.Recall | 0.8609|Avg.F-Measures | 0.8607]

|[K-Factor(Non-Weigut)| 0.8579 [P-Value [ 2.2¢-16
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x3

[y _1is the correct

FEERD Al #TERER

class, [y’_ ] is the Deduction class

y'=0 (Want) y'=1 (Dont’'t want)

Recall(FBIR %)

y=0 (Want) 328 9 0.9732
y=1 (Dont't want) 25 268 0.9146
Precision(F il & %) 0.9291 0.9675

F-Measures 0.9506 0.9403

Accuracy (IEFEME) 0.9460| Effect Size 0.0539
Avg.Precision 0.9483 |K-factor 0.8920
Avg.Recall 0.9439|P-Value 2.2E-16
Avg.F-Measures 0.9454
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