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Development of Image Classification Model for Urban Park User Activity Using Deep Learning of Social
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B7lol] 83 4 Q= A8 AFAY(naturalness), FAHA o (potential
attractlon), ;%(actmty)% 7]E‘l'—i 2 21709 5 FEAAE TEY, FEER Yool FREE A4
TAREE ARE Rdete] Ado] G ElolH AIES FE3rt % AR dlole] HEe] sl A" (cuntom)
CNN =Zel AP E5de CNNO| Hofoly Rels dAlslal 2Asigle. a8, 7H ¢3S E3d
Xception Ho[oks melo] HFA 0 LARZY ol8AF & omx] ERHHR AFEglon] 1 9 TRkt Bt
ABE Tl mde W7 }0”"% B a7E Adntold FaEke o8t ARE 88510 TARY EAS W1

g AXRA AIZ TEF 20 OJoVh gk Helde TS FRRDe SERE) ot B Bty
Ogel EARR ARES BRA0R HRT 4 GOl G5 EARUe] BUH U Bl 28T 4 ok 48
o ol @ 4 otk

FH0: SEELEL(CNN), ZRE HRY, EASH L ZASE OIZEH

ABSTRACT

This study aims to create a basic model for classifying the activity photos that urban park users shared on
social media using Deep Learning through Artificial Intelligence. Regarding the social media data, photos
related to urban parks were collected through a Naver search, were collected, and used for the classification
model. Based on the indicators of Naturalness, Potential Attraction, and Activity, which can be used to
evaluate the characteristics of urban parks, 21 classification categories were created. Urban park photos
shared on Naver were collected by category, and annotated datasets were created. A custom CNN model and
a transfer learning model utilizing a CNN pre—trained on the collected photo datasets were designed and
subsequently analyzed. As a result of the study, the Xception transfer learning model, which demonstrated the
best performance, was selected as the urban park user activity image classification model and evaluated
through several evaluation indicators. This study is meaningful in that it has built Al as an index that can
evaluate the characteristics of urban parks by using user—shared photos on social media. The classification
model using Deep Learning mitigates the limitations of manual classification, and it can efficiently classify
large amounts of urban park photos. So, it can be said to be a useful method that can be used for the

monitoring and management of city parks in the future.

Keywords: Convolutional Neural Network (CNN), Computer Vision, Urban Park Evaluation, Patterns of
Urban Park Use
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1. M2

SATHE TRt AEA, AR, BAR, e ofdS AlsRtewA Qitel 4] Hof rlofstar it
(Chiesura, 2004; Kaczynski and Henderson, 2007; Millward and Sabir, 2011; Schipperijn et al., 2013; Cetin,
2015; Chiang and Li, 2019; Schnell et al., 2019). 2020 COVID-192 <12t #ef|2l(pandemic) AFZeINE &
AlE-ol| it o} &7 F7Ree ERIF, Aled 399 715 o8 diels WAt Alizadehtazi et al,
2020; Larson et al., 2021; Geng et al., 2021; Jeong, 2021). @chol= ALRle =t Agialo] FAskA Halsll
lom, olof uwhe} TAlg-of| TRt QIR o &AL WSkl Qirt. SHATE Wdleh= mAEHUO] olf2 aed
o7 Wl oEA B BUEY Ehs of] RISl & 4 gk EAREY o8 AFARR] Aol TA]
S| AA RS 2ulstH(Lyu and Zhang, 2019), AA| WEo] tigh =8 dlo[elE sk BAlske Ao
st oo} Piste] AT AHRo] Tefke o8t e Hlolelel Adu|tol= ikt g4 Ao Argo] sid
< Wlsle = & 4= IokSinclair et al,, 2018).

adn|do}e] ARgo] sl oRM ARIES 2 9 AR, 59 52 Fofl 1Y) &l s #E Y
SR Qlom, o]2 <lshA Wt ] Hlo[e7h AitEAL Qlek AR o} gt ofmdt FAE HietEE A
ARl Zgle] madolr| wiol, ol8AF £8F molele £HAS HlolH Ans FES 4 Irk(Stedman et al.
2014). 59|, 24n[dolo]] AXE AR AlEe] B QAlshe WA, 2Tt Ao AFgohe WA, B4 A4
ofl digt =7k= el Hit dlofelE ARgRtHGoodchild, 2007; Egorova, 2021). waba] Adnjtiofo] A sh=
TATY AR AR Folekes E5s ol TAR S FRcke od ke E¥chs Zos, AR AXE
iRk FAIE wefehr FReto =N AT o8] HES A o= meofs 4 Qlrk

£7 3 Aejel FopollA o] Folxl AR EAH OB AP} pEoR ARKE ERSIAU AR &9 i)
£ FE51] oujel 8-S EMek= W(Martinez Pastur et al., 2015; Angradi et al., 2018; Oteros—Rozas et al.,
2018), AKIS] SRS D-goto] ofgafiels EAek= W (Wood et al, 2013; Dunkel, 2015; Garcia—Palomares
et al,, 2015), ARle]l Bi-1% BIAES ofgsie] Q1A gl M

(

e Bl " (Chae, 2017; Lee and Son, 2021),
H=iewshade)2t Bo] 2|2 HlolElE Htgsto] Akke 7 et ARS Aok HHol Stk Tenerelli et al,
2017; Yoshimura and Hiura, 2017).

T QFEAES] el et AeiAARIA Bt EopellA s Als B 7IARRE 715 EAo] AlmE|T Qlck
daEzod 7AsksS ol ARlE AYote 7I9EE AF HlolBdshs e Bl AR 71 F AJE
A=RE AREEe] P WS Uehf=(MA, 2005) ESHYEiAAHIA(Curtal Ecosystem Services, CES)JE B7F5t
L dE0] 9ltKGosal and Ziv, 2020; Kim and Son, 2021). AR WHg-EA0] gt TAlo] ol glom, A]
7 dlolHE A2lohe A3 As 7€ AFE HH(computer vision)2] O =Z ofg] HopjlA] on|z|E Az
ol fojrlt ARE &6k ek 24 9 AYES RoplME QEAlsS Esto] ATt QIxte] wAleL Hie
ABIE A7) A, EARIS] Ak WG| otk EAlEI] o4 W elo] a9l Bl 7= BE
itk Eo], A8n|tlolE ol AR S5 GO ZATY o8 ARIE ARl Ao B8] fIgt
F7F 2 asit

EATEE (HE] A 2 olge] et WE, of wel TAASAER AHE 2os 3 W A € &
o] & wiglollA Aol glonz FHAAR] BN ol Ak FEHo] EARITE ARIA Ueht: TA|
T FEER EAS g, EATES 3 AsS B8t AR Rt 7Rse sl 7HE 4 S
o} EARSHolM FfERs o8 E52 A eie 94 AR 4 Qs olnlA] BRIt eiEofof gk
A5 L83 BE2 Aol n ARAQl FAo] HiFgo| HE=R, dige] ARIE ERche ol SlolA Al
o] #Eow FRoPAY ofg] Aol Adchs HellA AT 4 Sle Aol WAE 20457 wiRd] A &
£498 FARIHHuang and Rust, 2018; Wang et al., 2020). A/8u[tjo] ARl ARZOA ofe] ZAZH &
TOE U= F8 &% 1ol 4 e ERAAIE WL, ERAAN] wet 5 Als S Bl i o8

ARE AgoR ERohe RE2 AR olf RUEFE KRkl aadl RAHe] #P] olofd

[¢]

mebd B i AEA5e Beele] i =AY 7 AR B4% 5 ol £A39 o8 85 oly]
A BRE R V)2 29S WS4 G ofS g8 A, advltiole] AR AXZe)H F0] olg B e
£ BB 4 9t 449 Tkl TARY olgd B o) BEAMES 44wt B4, B2 92 ot
A b

I
adndolelq = St i i) ARlkE affste] F4o) 2El Hlole HMES 7/dtte AA, Hefd
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0

HRUDS BE, RES WK, F3H08 R ARY A87Kssh, BARE o8 W 4 ol
Tz BRRES ek, SARY olgA B olnlx] RRmEe] BEHS Tl

AR 2dollis A BEY ARE didos AFsie] ZAZY o8l gt 2L ARE kEch: At
AlzE]T gik 2 Gte FE 2nito] AR AXET Zo] o 8AF o Hio[HE Z8ste] TARTAY Bt
FE e W AR 2R 5 AAE USR] ek £ 7 SHold AATE HEF.

Zhang et al.(2022)2 59 HYEA] FF AR} AEA|, JERE Fofl TARSY ofgel tigh QXS ool
ot 5o, @4 Aol dieh WheEAe ARIC] QAR AT ARk AR Al Aol A a4t 2t
Aok WA HlgS AR AW a4 A, AW, AE, ', TN, T Y X, TR Y
FY I 2ol AA| 78] vt 21700] ARRE AR, 470] Ao sl WAo] 20% ol a4
£ FEFL A A AATH, ek & 0 4, 240 S, et dejet RE 259 of8All =
2 HAEE Bk Oteros—Rozas et al.(2018)2 Av8u|tjo] Z2HE2] Flickr 9 Panoramiodl|A] =4¢t AR of
o WE-EAS Ssfole] CESS AHEA 1] BAE SR, AR Wg-EAo A8H B A 7384 &
A CES, ‘G otk AU EX e ARIUT 5, 24 ), 59, 5, $3880, a4, 9% H
o}, gD, =9, 4t AV, oP¥EE G0l siEEen, ‘CES ol w8kt 7, glaselold, ARl 71,
FARI 7hso] EEGT, B2 Aol Sle ARIE tVdeR WA, 9, AH, ARA ] ol EREr
AR Y82 e HE ageise] mih I wal ERlog o]2ojHet Martinez Pastur et al.(2016)2 Panoramio
adnjtjo] EEY] ARRlE &8sl ‘AW, AR, Hopde EA, UTAN, HFdeld ZF el
w2t 2plslota, CES Z|3el asle] “ZFyl, “BEF 7H[, wFelold &5 o7 dTdEe] 5502 &
T oF Sl ARA QIAlef Z19ket CESO| 37 REE EARICE Chen et al.(2018)2 FHE2] GPSE &
gt o2t HlHlo[HE Z8slo] EAFAUY o8-S EAFIE Ao E83e T EAS ok Hias FYa
7T, U, TENEREE, =olE, A, AR, AulA AV, SR, AR 9aGREE, S

[o]

o2

lo

piny

= 2R3 099 B2 AFoME AR UHEEAE S F AT A met ARleAe] WAl AeE
AIAE0] £E o7 AXlsle] BRItk Tveit, 2009; Van Zanten et al,, 2016; Clemente et al., 2019; Retka et
al, 2019: Mufioz et al,, 2020). A7} 502 S EFIAY 8-S wAloke 242 AREL Q18 HoflA
THLGS @teka, JHQIE Al | ofeeo] Alo] Fom APl digt FHAPEe] EEISIE So] Adu|rjojet
ol Hlholeli= 454l thgh g Ee] B 388, A5et 2 ARl Wio] a7Er:

20] Ao EORE ARIS ZHIZE FAol] o, HRH HAE daejES Bl Absdlohs WHES]
AEE]T Qi Wang et al.(2022)2 FCN(Fully Convolution Network) 2@ AR5} Aduitiofo] AXE =
AZE Aol AIZFE A onjEdos #oohy &3 £ 3RS AdE aaUR E £ 2'¢%
VT aME= AR 25, W], 27V F), AR R BRFon, ARl 2t 2R FEo ozt |
A &S Allel, 9% 24 2 24 245 B #F 4719 CES f3s ==tk a7 2o TAEEY
gl3zjello]d 72|, vd 712] 9 AR Aoz 7RE Brlske ol Adu]re] AR AXEe] s Rol B
ol BRI 9EE HElrh 22 mAleld daeiEel Google Cloud Vision APIE 2-85to] A-4m|dojo]
ANE AL 28 79SS A5 HlolE(labeling)sly, A E4E Foll ARIY ZRI=E IE3ok= I
9] tHRichards and Tunger, 2018; Gosal et al., 2019; Gosal and Ziv, 2020; Kim and Son, 2021).
Richards and Tuncer(2018)= E@|AHA 448t AFE Google Cloud Visiont AEd &84S 53 ‘0%,
AE, 7, B, A, axz Ve 3 oR F TR Rl Ada dEE AR WS ARl
o} Kim and Son(2021)2 #E2}(Rambly) o}Ee|A 0 A0A B3kt S53-Qat st ARE 43
Cloud Vision APIS} w3&4ts 4afste] ZAdom|A] {3} vgdoln|7] f3os 94 RS,

Y Rl
%J‘
394
B=Ae}
X%

300 el A1) SRS ZYHOR Bgsle] JHIY BAS Sl ATl stk A HAET <
s B8 ATE F2 A9 A B2 2 AT oline Bsle] AN TAZE welgion] A9 2
o LA TMOR Jt, FRRHL HATIEOR fANS MR e ARE FHoR U 7

o] AL weletosn Sl deofg F£5 mefshz HA2R] WHolthSong and Chang, 20105 Km and
Kim, 2021). 28242 @7¢] FAleh trd=lel wet Hlojef 7te] fApde] wiEk7] thzef, o2} ZAlE-gel 2
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$3 1) Uic BE Ab GebE 4 Qlek ol AN et AR BUEY 2 BelE Sl 35
AR et ARE BRSH Zo] BRskER, EATUC A3t HRAAS BEL s Hes 5
L BRudo] Al

W Hopli Adnlcold] AAY BPARS o el Th AR EREES Asle] s

5ol WFEES B9 A7t vk QtHZhang et al, 2019; Wang et al., 20205 Kim et al., 2020; Chen et
al, 2020; Kang et al,, 2021). tif=2 ou]A] 1Ae] FHold 52 Hole Held 719t ofnjz] ERudel 34
FA%Hconvolutional neural networks, CNN)"& 52 ggglon], thgafo] dojEz ARde] Fui 94t
CNN R4S A=A dA| Mo[skx{transfer learning) T}, Zhang et al.(2019)2 ResNet-101 Z&e] Holgt

H& 59 27 Flicknoll AXE ol AFe] ARE 1171 Ziea2]e] 103779 sl met ERsks 2
9 Adete] 9] BE B QAS BAFICE Wang et al. (201002 ARFESH g7] Het o U2 REAE
9 RS AP Sl 279 TF B T4 APlEC] ARE ARE 283om, 670 FHeatee] 2571
o] o9} WE2 Densenet-1697} Xceptiond At HolsksRds 7iU3ich Kang et al, (2021 A& 2%l
ANE E2A AR dVdeR 1270 7Hae]o] 75709] shellstel]l whet Inception-V3 #ofels HEhe ARSHC
™, Yoon and Kang(202D)x A&x99] 817 A AXES HPFCE DenseNet-201, Inception-v3, Xception
el A5 HwE Fol 2T AL Xeeption Zofsky BEE E85le] 73719] FEol thgor BREE HES
Ndsto] Al TFEALS el
AATE HES Ax), |A Adnjto] AR AXES 83 EAFES £ B 3A Al 7/ &9

2 Q0% & QG A, ARY, T Y A T 4 e AAY 84 9 A7, ofglo
=0le], AR, 254 5 399 A wiEy IRE SO, viRe R AH, A B 5 AREe] I

3 W F5oE hE 4 gtk Al 7H] 84 2 A7 EAEY o8t AR ERAAIE Ak doll &
|3k Ao} AR ARl Hie RS FolA EASY 2 AT EAS AdEcR Atk
Fe THEA R AjHolgltt. MEHoR: TARTY B4 weh AR 8-S A7t Adste] 52
B RO HIES AR, ol=gt W Hdloly 240l SlojA e 9 &EAdel A Al A
2 AR v o ey Bde B A% Ax BeHT Google Cloud Vision APIS 2835 2% ]
olEHE Foll AR YBEAE ot ERAE B9l ARE Fslele] EA4E ERFICE EREARR HA|=st
Fo= off] ARFe A8 o, A= the £ AYE XHclEE AXSsE 7NoR o= EREdoe] A
Aoty wegict 27 9 e RoplMe Aktky ERRES 89t AEet At ol e Rolel
A a7 |eke] Teg e 5 mjolely] Qigt BHoR AMn|to]o] ARE Sl A|weky HRRES et ¢
F=0| oltk F=2 945 ONN Held BES Holglgolo] Aol AAet ERAAel et ARle] dus

Apgokn BRSH B2 AU

o O Jo

c

¢

w2 GeE Azt AR wel Ao RS oA doliae Bol 2AxE BAs
A1) A7) 4w e o] ATES ol 54 942 Qsle] WRske S A8 3 EABele)

EAS Tejd ERAAS BET, Pehd Amsks BHE NN 2o Rofshed B8sle] A et
A9 A Qilek AFoR BRshe e AU oleid e olg 4
o SgerAlE ApaoR £3E 4 glom, ofel EARUC o AR mUHY 9 Tl o S8

3. HiojE] 3 & U

3.1 Ho] «4

ZAEE olgel thet AR Elofels dlolH] AN Foll SR 2 HAE, AR, A 5 ot g4
2 2] AZold g 7150k FotAt she 871 F7KHAA, B2 Aol A5HoR AMn|tiels &
Bohe EfIETL olofr| 1 gtk EAIFES EA] ] Jdat Uxiop HRio] e FXEOR(YL, 2010), ¥4
HolAl AT ool oigh teldt Ado] AdnjtelE Fo FREL Stk mERY AREAL ESER]
Opensurvey(2022)914] ZARH ‘A/du|tio] - HAxE EE 2|XE 20220 w2H vjojus AJjdoz 2 2
JAELIH, HRE 5 o2 S22 Hjo) A dARdiellA] 17 ARG g, AR EAoA dlolH olgEo] 7}
Z Ethe 23t TEE9l 59l A9 2 37 FE Bl vloHrh YEdoloith. E1E Naver(2021)014

18,
a



AHO[CI0] AR HAZ2| HEldE 283 EASH 0|84 &5 O|0|R| 2R2E i

HHEEGE 2021 dlold B2 2|EE oM 202149 ZAH B2 ARl 39 Az AW diH] oF 50% oo
=7 ]-oﬂ_—\:_é O]-__E 9J43P6} o]_Q.o] 7]1:HE]1:}-
dot= B3 AAge] AME Foll olgEm, AN 34 Ao ofuigl= dlolH A 9 43do] 7Fsolt.

U oe9le] 7R S ol ARE BiSE 1Ed & ol ARG FES w1 4 otk S 24 §4E B
T, 7, ‘RERN, W, BAE S FAEIY Foi] A 4 qlong HERACL ST ‘11*“1”:%9}
Zol B3 9 A7 Mﬂw e AREL ‘A T} Zo] AR SERE IR ARIE $HoR AHel] ghgos
A ARl AlQlg 4 lek. “BRET, Fhl, ‘EAE oA AR AR tiFE o84t Fo] dolHz, 39S
7 ZdotaA gt *}1 19 7F57g0] =t Egh TARSel digh A 9 Al SEARlo] tiefoHAl 74*“54“
7] thzell £ A HolHE o TARY o8t & o] EREEs iUk

YlolHe] TAlF olgat AAH IS ANl mtolf(Python) 3.6.55 B85t 9 2L Bl AR
Fg. iRt Fold AAR H3 omAE o] flote] HMolol] T IIEE ZRAF, G &
o] A7} ofd ‘T AR E HAste] T W AHR om]|E STt

B g2aict vt o] sy AR 4116}& Z0] FRopgh AgiEoR @ U]l e o]

11

o#}e 4 gtk olo] thesle] He Ao HEnE AAIS oG 2R 24 1,000 oAk ojujx)r}
st 7P A2 2plef ofm|z] 47h 7 g2 2ple] ofmlz] 0] 10% oVdelolor drke dutzel ¢Fo] 9]
tHGoogle Cloud). & @7 covn)—19 At 59] o}g AR B 1Esh] 95 20199-2021¢] 717k
bres ﬁ“l 719E A F R A5 siEele ARE A7t a3 9 wRste] Hole AEE 75
ek B FEE oA = }017} IGIARE, B 1,000 obgelm, ek 9l 2|20] ofnlr] £ Aol of

29% K Figure 1 F=x).

3.2 EAISH 0184 &3 OlnjA] 25 A

R AAE o BARY o8t PRt RRAMIE TEL, R @l mE ol 7 Sl o
g QM| F50] WashH, HEks ok o] AR 4+ Sle F40] 21 AR dlolH 2 39 At Zast
ok ARS] ERAdlE ARke 3leke S4 9 R e Aoke 710l
A TR B dEslof ditk S BEE 9 Gl
ol sigste ofr|Ale] FEeAle E4do] F TRiEEs A .

2 AelA Y] Y olg AR ERAAR: ARATE Aol TAEY B4 Bl 8% 4 9 AR
2 A A (naturalness), A2 o2 (potential attraction), 5{activity) 22 HHESJC} Z} 2)H9| s}
£ 319] F=2L Level 1904 Level 37HA2 BRI Level 12 FAIE tEsl= 711 A7Ql BRolm, Level 29}
Level 32 ofn|7] FREES 9_t AA| Lol TRt TARo] A2 A8 & o= 712 Hde 75
She ol E2& FoP] wheel, ofnjA] 25| aeAde esto] Level 29 AAE WS dold HES 44
altjo] glolEE &8ote] AR o85S ERAY ANATE Mok, pHER= ARIS] AEieh ARI9] ¢
A RS esHHA Aol Aol 7FERE 2F 217H-4 FAARE TESITHTable 1 747\) Level 32 7H‘?=_ﬂ
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Figure 1. Number of data by dassification class
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Table 1. Proxy of urban park user activities

Urba k
r. n pa.r ) Levle 1 Levle 2 Levle 3
characteristics _indicator
Iconic tree Species
Nature element Flower Species
Wild animals Species
Naturalness Flower field Species
Grass field Species
Natural scenery Wood land Species
Water element Types
Trail Types
Landscaping facilities Lawn square -
Kiosk and pergola Park-spedific form
Playground Types
Potential attraction Amusement & Fitness equipment Types
sports facilities Sport field Types
Track -
s Sculpture Park-specific form
lconic building Building Park-specific form
Riding Cyding, kickboard, skateboard, etc.
- Picnic Picnicking, camping, etc.
Activity User activities Dog-walking —
Event -
Portrait Selfi and portrait  |Selfi, wedding, standing, playing, etc.
% Sl
i P58 i AR Fgure 29 2ok 3 WA £57= A1 (naturalness) A|E2t FiE FEor, AR
A(nature element) OF ‘A7 natural scenery) 22 ERCE g4 = AE £ T E S BHog #

et oluRER “AFA Yiconic tree), Eflower)’, oY FE(wild animals)'o] OH%H’—, e ol Tt
oZE EFS 4= Sk B AFollA I8 A(nature element)’ 9] YA WUiconic tree) = S v}ttt
EAAQ g a7 E‘C 250 YRS EYRE ARISoly, Eflower) & 22 ZAlA %“‘8?} AL Aol
‘oY FE(wild animals)’& 11 Fof wet tfet FEHIE RRE tjEHos AHE YR ARIER 53 7}
A7 natural scenery) CAEYe] A A4S deok= Mgoes Eiflower field), ”H}(grass field)
‘&2 (woodland)’, ‘A Hwater element)’ 02 BEJTE TAZYoN Houl= “Eikgrass field) S 7]~0ﬂ
ofgfelfdolERl PaETet Aeigol sigsl=s AlEclglold, ol digsis AlEe] A omiRE —’FJ“’“_’ ‘T
7~1(wood1and)"— WEEo] wAsHL Sl omlAle]l sigehH, “E(flower field) ‘73 PHwater element)’2 Ft

FRol AdEglo] olnAE =

T g HEl A ojel(potential attraction) X]EQ]— e =02 ‘A (landscaping facilities)’,

o] ¥ AX=AWM(amusement & sports facilities)’, 434 ZAE(iconic building) 2 EHFJCL ZAHAA( and—
scaping facilities) off= ‘AR (trail’, “HelgHlawn square), A 2 HI=Hkiosk and pergola) & EH-& 444
Y1, 3 Feel] Adaglo] T tieket Feje] 2AAVEE 2R “Eo] B AXEAVd(amusement & sports
facilities)’ 2 “=0]E|(playeround)’, ‘FZH 717 fitness equipment)’, 54 (sport field)’, ‘E:(track) 02 443
1, “=ol€](playground) += =717 25F ARlolH, ‘Al 79K fitness equipment)’ = TA3HE AT Al
o] Rt AR, “2E7(sport field) =R, HUA, 3 22 P 2 Ajo|=7} ARk 257 A
Zolw, "E&f(track)’ ERF Ut FHIO| SAEH] sirdeieh. A TE(iconic building)- “ZZVe(sculpture) 7+
Z1E(building)’ 2 BFHOH, “FZPsculpture) & AA7F ARl A4S FHOE oRE 5L, THE(Iconic
building)’ - %%‘—‘0‘34 Hafe] Tk 2 A deldl diE HEES dVdes Jick

Al BA ERe ‘_'Ljfl“i‘:}“ olF FH9] ‘B {activities) & JHW"V] Qs Ao ‘o]l8al S5 (user activities)’
3} ‘OIEJ\}Z](portralt’ Beat ‘o]t B (user activities) -2 7| EAJo] Eigh ZUSES Hedog
Aslon, A B (ndlng)’% APAA7E QAR ARIEO, ‘Bl3Y (picnic)2 HIE 2 FARP EAfcke
SSAR, ZJokA] A (dog-walking)' 2 HF{ZHo] QJAlER= ARIE0]Y, “PAHevent) = T ol A E PA=
Aol WA Q= ARIS FAlog L&) ‘Olg/\}ﬂ(portralt) o A71e xglslo] Bl S5 S nkldt 4~
e U= FHY AKIER, 75 JEARIES B EFole SRwolth ARRE AR/l dige] £ wid

2
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Nature landscape element

Nature element Natural scenery

Iconic tree Flower

Wild animals Flower field Grass field Wood land Water element

Landscaping fadilities Amusement & sports fadlities

Lawn square i Playground Fitness equipment Sport field Track

Park feature

User activities

Iconic building

Activities Portrait

Sculpture Building

Riding Picknic Dog-walking Event Selfi and portrait

Figure 2. Representative images by category

o &7} glo] T Q1B FAHY| Ao AR A BES wote] offr) dIE B0l A%ke dEArleR
740“1 AbdeR=A], Eel 9k, 5 R, U 2l mefep] offiRol, ARIY] AgHor A S5
wFoP| offiths A2 79 g} HAolck
M or A (naturalness) > FAIFY Ul EAfioke= BE ol EH°} W et T Wi AdA
7 et wiE Amolw, AR wiEd(potential attraction)’ > EARTY Wl L7l izl 37 2
APt PRIE], D (activities) & Hot AL BRI BRSHIT, EARZAAC] F8 SEat vl
]— 2~ 0]];]-

3.3 =8k CNN(Convolution Neural Network)2| &

o1FAFs2] HA7IEQl Hefdolle A A5 (supervised learning) ¥ H]A) &85 (unsupervised learning) 0.2
71&0] FEHEHJang and Chung, 2019). R85 HolE(lable) &, Aol AAH Ho[ElE o8siy wdd
o5 3]'% HPAlo| L, 7|k glolEe] AAEA] ¢k S B2 Ho[HE o5t Hole AA|9] £
S5l 1 ‘%‘OWKIECUH et al, 2015). AESREE M= dlolE7t YEgke o AgS diEshes w4l
o} Zho] SEAoN Fiol| T2 A8E, HZ|EakES 50| Ao ofd Elofge] 4 9 EAE Hiolk=
EHor PR F=2 O]Q“ﬂtmlang et al, 2020; Rajoub, 2020). A|=8t52 FAE PEoHA sl 1|
@%‘% O &= Ql= EAlel Ao, HAEaEE BE FAoll Ago] HARE AFHo] = Al Aw
ShEET Aot "ol At Bar, EA el wiet 2t o] gekd 4 Stk e gEdEs Qlsl
ﬂ"g‘i}% Ay = gefdole AEdkso] WrkleCun et al, 2015, MDITAC, 2017). thaFe] TAREY o]
|21 & olnAE Fof Tkt 399 BAS B fleiie ¢4 S9E AAR Beeh ERcke Aol

LZ

E
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ZFQstug, ZLeg olgsle ouzE BRI &Egfo] Wol ERvt AR o]Fofz|A] g Aze &5
S s, TJofl 9= dlofe AEE F50to] BES WA 4= 9t
o] &-g5l= CNN(convolution neural network)T A|Eshso] &5t 435 A8l CNN2 ofnjz] Wl
o)

ot &, Y (convolution) GteE om|z|9] 7 FERR= EAS FE0ke IAolrh. CNNE 27 ofn|z
o] BEAE FE0lhe Y9 ERoke 990R FREH B £& 99 @dES{convolution layer) Tt EF
(pooling layer)& of2] FHo& %= Feliconv+maxpoo) = =]} U, EFote G2 & A2 AZ(Fully
connected layer) 0= 5AZ 3 HEA0| st SEgtos onAE &L SHEakE thY omAlef tigh B
o] A= ® 7ok gl 7K w2 Slio] EREh

Hed 299] Sayer)& 2A AARKL, &4 248 S 71Es 9 AT BXE Qo) Ahet s A
giolo] ARG 2 Ate 98 4189 Foks 29 AleE Hgkchs gHrel B8t e r(activation function)o]]
sl &YZ(hidden layer)o = 7127] 44 @AKvanishing gradient) ZAIHE 2 &2 sk 8842 gt v
3 2l ReLuE ARBRLOH(LeCun et al, 2015), E85(Output layer)ollii= Al 7} opder BRsie v 2
A BRollA F2 ARBElE Softmax FE AREFICE Softmaxe 7187] AH @/d(vanishing gradient) EAI5H
2 9 =0 s 9848 95t HIAY do|m(Wang et al,, 2021; Praveenkumar and Muthusamy, 2022), &
B9 Fjol 10|82, o &Rl £ F50] 7P =2AE dA JAZ 4 k. ARk AS3te] eAE
@k A H 24 Fr(loss function)= Bt Al 22Hmean squared error, MSE)E AFESI=Y], o] g4 &
5] AA| dlolelst = diofe] HAe] AlF ARl CAAEIHSSE)E Hlolele] 72 W HHoR TEE RS
2, 3 2] 2 A=, ddolglold Zelgrdor AXe eAE XAk 947 SR (Aghdam
and Heravi, 2017), tgke] on|z|E &Hohs & Aol B&3rh Fel &4 T8 il wfisE 2
7] $13t dEe 2 op(adaptive moment estimation, Adam)& AFEFICE ofgh2 ZtZte] WidE SihEo] o
2AA 2ol HA3} gaelgow W /At ot 285t gl TRt Held 19l (architecture)
oA Z Zsle duelEeg Euo] gkjais et al, 2019; Nanni et al., 2021). 2 5= 33 31401 of 3L
Hlepoch)E 2 10079] 5712 ol 518310mM, &4o] Aack] Yo S5 SHsH olo] ol &
F AZkeE QIeh TAgRe B} 5 27] 22 5 o] mEe Adsle] O BEe th] BeSd] Sy
= WhE & A== Sl

CNN2Z 2(Google)olq BEE Held eEAA ATEo] 2olHeie]dl HxER(TensorFlow)E AHSFICE.
AAERE A 7S Q7] s Held EelBele] & shE AR} deld 2R TS A e o eR
ekl 7158 Algsh, HAL TensorFlow 2.3.07} keras 2.4.32 Eaf 33k

I

tlo

]

o

34 29 4 U WY

EATY o8t & ojnr] EREES THET] ffof WA 4R 2R S0l diol HHE ERicl] nds
24 =5k 2" (custom) CNN HEl(ofsy, AAE CNN 2E)S THEHA ofd dlofe] AEZ} oZA] 2d]
& FEol=AlE wofohy, i FF FUI tEe] ¥ B wPiEaE 2SN AYE 80% oM BEE
Res AR ANE CNN 2do] ARgSE g 2 niliiiaE e, AR 27%E CNN B2 o [HAE &
o] Holex{transfer learning)= ALY, 93t o= Hole= RES HeEigich

ZolekE(transfer leaming)olgt £ RopolA Sk BHElo] AAY RS M= Rofold A== AW
9] gh59]| ol 8ot A SnlslH, Ao £RiE 2H] RS IR & 1 ol Yol ik A A1A
e Fofoke WAoE FAHTHVesal et al., 2018; Yoon and Kang, 2021). &, o] thg&<] Hloleje}l o
AgoR gl BES 53t 7ISAIE FEIM Aottt she Bl BHA ARASHA ARgshe Aol
A2E ONN HEe AP g 2anlE g bolgs ZHsp] 5H, thede] voles AktsiAv B4t
AE 0l QotA] AP Stk ERh AR SRE CNN ZEl2 ERE flofl Eerall ARl E4Jo] wol
FHERlong Holeksg Folf Shaohs WHol B =2 ASLE 7|t 4+ §i7le] B AFolA Tkt o]
EE o= Hofakse Apdndle €8sy QItkIlic et al, 2019; Chen et al., 2020; Yoon and Kang, 2021).

AP E8E ONN 2 op[elaf= 945t A5-S Holil, TR wopo] Hofgly Ao 2851 Sl BY
9l DenseNet 201, Inception v3, Xceptione ATEIFICE DenseNet 2012 Z S{layer)S TFE RE ZFof ddsh=
Hos oE & B4 ARkEcr YEST FAES Al 880] w2 d5REs AdetiHuang et al,




AHO[CI0] AR HAZ2| HEldE 283 EASH 0|84 &5 O|0|R| 2R2E i

2017). Inception v32 GoogleNet2 383t Aoz Aol BXAS Wy sihie|(parameter) T8 EYUO0=2
A okg SE P AR AL WAGHHA HAY FAE dRRE Beo|tKSegedy et al, 2016).
Xception Inceptionof|d] WHH Hdllz AT Zlo[d Fe] 7Fseh due] WHoR o 2 oln|7] Holg
HEA Inception v3EEF 3t 52 HHTHChollet, 2017).

7128 CNN 29 2 AP 819 ONN 24 J7h= B E dHlolee] Aot 9l &40 oks ARES deist
of Aegict. 2% Auet BHlo] Brk= 7F SRk el Uk (precision), A@E(recall), F17834(F1-score)&
Z7) Fekal, 11 Baigkes A Bl Ase BRIHL AvEs HuueoRta 5%t Hig F§ A= &
(true) 9] Hlole] Blg=, B4 o525 7IEo= ot Alda2 A Hrue)?l vlole 5 Hdo] Htrue)ol=al o
=3t Hlg= Y HlolEE 7els gt £ AUt w0 A4 AZl(false)Q] HlolEE Herue)olal 57t
ol W2 Zolu, Ageo] woH AA| Hrue)?! HolEE A3l (false)ol2tal 5%t gho] W2 2 ofufgttt.
T AR BE o] 2255 00, AoHAA R AT 4 qlong b 1eshA HEke Brlslof qith Fl
e A=t Adee] 2opgwglor, F 5 1 o] 47t Edted o & 8| vheel & a7
i #FHCE FIFerR 5 Frloke 2ol vilsith. E3 £ S (confusion matrix)S t2ksto]
AAsRto RN 7 Ei 450 52 IQloky, TARSY oAt B olnlr] i FEC] AedE ek 2
FTE 5 40,5609 #lolEe] AR oulr|e] 70%E T Ho[HR, 30%E HAE HolHR thro] HES &
oG, A5S gt tolele 24 2 = 1 vlolEet HAA o= 20739] olwlA|E Fdsisirt.

4. @7 2}

4.1 CNNS 8% EREE JiE

27] AR A2~E CONN Rdofx 283t B9 mlepulels ARgsto] HijA] AfolZ(batch size) 4,000, S5E
(learning rate) 0.00001= =dotirt. E7t, 728 CNN ReoA] QIgul= ojm|z] Afo]=of| dfet & Zu} ¥
S A Qo] dizel, AR B52 oM mdEE X4 ou]A] Al]ZE ARSRITE Xeeption BE(71, 71,
3)2& Inception v32 (75, 75, 3), DenseNet 2012 (56, 56, 3) 22 ZAslo] Uit ZF AP &9H CNN
Belofl] FFS{classification layer)& AASIL 50719] € A& AS(fully connected layer) ¥t &7 71 21
9] FHo] e E4958 7ot AEAR. E3L 7F5AlE diftR ol wlofe] HES] ImageNet& o]
sl nAet £8S softmax F2 AMESIO] 21714 B2 S

7} mdlo] B P57k Table 29} Fgure 33t Zth 3% dlofeof digh 2491 validation lossE HH Xception,
DenseNet 201, Inception v3, #AAH CNN REkeog doltt 33 ofu|z|7t 7F 47] wige] AAH CNN 22
o] 7 A2 T A7to] AQFAY, Tk = DenseNet 201, Xception®] 3-5A17F A&, Inception v37F 10417k
o= JFY W 9 Aol A4 B delie BF Aol 7 4ok AR BE Fold T AR
Aol A7 2 Q5R= Xeeption Holeky REkE: EARSY ol & onr] ERRds 23 AERc F 2
o] 92 Figure 49} Zom 21709 72| 278 EAFUY] ARLE Xeeption BEo] EAA 71& BE
9] 71FAR SEA7IA, wiREE BRSE 50709] € 9 ARs(fully connected layer)¥} sk E23k31 21749
28502 YRASH, softmax FFE ARESIo] ARES EFSITE Xeepion Mol Bl 11H9] g3o=2 5
gEoH, gAE 1o AF A= 0.947701%04, 42 0.00392 9438 4452 HITHTable 2 3.

4.2 3 Oln|A| 2R2E Tt

Xeeption Hofaly O] AL (accuracy)= 0.9477, £Hloss) 0.0039%10H, o HeRt B74E ffof U=

Table 2. Performance evaluation of models

Train_loss Train_accuracy Val_loss Val_accuracy Fit time
Xception 0.0023 0.9697 0.0039 0.9477 4h 40m (11epoch)
InceptionV3 0.0090 0.8625 0.0105 0.8420 10h (39epoch)
DenseNet201 0.0041 0.9340 0.0108 0.8528 3h(6epoch)
Custom CNN 0.0067 0.9701 0.0105 0.8481 5m (6epoch)
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Figure 3. Evaluation the loss of the model
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Figure 4. Xception transfer learning model

(precision), A& (recall), FIH4E Aktele] BHe] 25 455 B713ich

2dlo] AUt 9 A@E, FIHE Table 33 Zom, wx] UL} @ BT 0.8 oPJoR &2 45
Hol1, & 2|#9| zlo|7t A2 7107 Hof mHll Azo] AP ¢he 22 BRI 4 et AHA = ‘picnic ot
‘dog-walking' 9] HUEe} AFE Ao|7t 0.22 7P A LERt Picnic& 2do] ‘picnic’ o2k &3t Hlo]
E7F AA] AHE picnic’ oIARE, AAR “picnic’$] Hlo[HE REE ‘picnic’ ol2fal &5k £5F APt ok

SETH grie 2ol “dog-walking 2 1 Hhefjolt. mElo] QiAellA siAsh=A], A AE Hloleo] delA
sijAdohpoll wt Zfol7t QIAARE F1A47E B 092 £2 A5 Hole 248 € 4 Atk 71l A2 &
F 5 7 B EolHE S55k] ffel Hlold JheE efsle] Wuhe Fohe WiAE BaHmacro—average) Tt
mjag go] Sgor 7+ i FEo| sk HlolEe] Tl ZAE Fol Behe oke VIS Bt
(weighted average)®] gk T&Jrh S=20= Flfe, via= B, 715 Bt 25 0.9 old9] gl =&59l
OD% o5t B EEWO]E]-*Y S} 2~ th-

i 7 ANE 2] S15) HIAE Hlole] At e £F ¥ (confusion matrix)E AJZFRESHS ﬂ(Flgure
5 A%, Ak AES Rl /e SEdeE Afelete] B 4 2@ Aot 094772 divE @
o] w2 o= qEHe A & 4 AL 47 S d5He 2 50l Atk 715 BaHweighted
average)wrdl 098 e 8150 Ao Hols HERTO= picnic(0.801), track(0.864), grass_field(0.872),
bird(0.872), sculpture(0.883)7} sfdeict. Zt &&= 7K & 59 oalg Hol= &2 AFEY, picnic
playground®} 0.0989] &E=x Qa7 AR OM, track trailt 0.19] SEEZ QxP7} WY, grass field=

ol
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Table 3. Precision, recall, F1-score for each class and macro avg, weighted avg for the model

Cass_name

Precision Recall F1-score

Water_element

1 1 1

Flower

1 1 1

Flower_field

Kiosk_and_pergola

Building

Fitness_equipment

1 09 1

Sports_field

Grass_field

1 0.9 0.9

Riding

1 0.9 09

Selfi_and_portrait

09

Track

0.9

Event 0.9 1 0.9
|conic_tree 0.9 1 0.9
Lawn_square 0.9 1 0.9

Playground

0.9 1 0.9

Trail

0.9 1 09

Bird

0.9 09 0.9

Sculpture 0.9 0.9 0.9
Woodland 0.9 0.9 0.9
Picnic 1 0.8 0.9

Dog_walking

0.8 0.9 09

Accuracy

0.9

Macro avg

0.9 0.9 0.9

Weighted avg

0.9 0.9 0.9

Potential attraction Activity
lconic tree. flower  bird | Fotéer Grass field woodland M | erail s:;‘:;’:e 'i‘?;;;;" : g:iy.; 4 eommess PO gack sculpture  buiding | ricing  pienic w:‘i?ng event S:o'f;:f
iconic_tree 0 0.004 0.000 0.002 0.000 0.006 0.000 | 0.002 0.002 0.000 0.002 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
flower 0.003 -] 0.013 0.005 0.000 0.001 0.000 | 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.003 0.000 0.000
bird 0.005 0.011 0.8 0.000 0.002 0.000 0.003 | 0.000 0.000 0.000 0.011 0.000 0.000 0.000 0.009 0.000 0.000 0.002 0.075 0.002 0.009
flower_field 0.000 0.002 0.000 96 0.000 0.000 0.008 | 0.000 0.016 0.000 0.000 0.000 0.002 0.000 0.000 0.000 0.002 0.000 0.000 0.005 0.000
grass_field 0.004 0.000 0.002 0.028 0.8 0.010 0.004 | 0.000 0.076 0.000 0.000 0.000 0.002 0.000 0.000 0.000 0.002 0.000 0.000 0.000 0.000
woodland 0.022 0.000 0.000 0.002 0.006 0 0.002 0.010 0.016 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
[ water_element 0.000 0.000 0.001 0.000 0.000 0.000 9 0.000 0.008 0.000 0.000 0.000 0.001 0.000 0.001 0.000 0.000 0.000 0.000 0.000 0.000
trail 0.004 0.000 0.000 0.000 0.000 0.026 0.006 0.003 0.001 0.000 0.000 0.000 0.000 0.001 0.000 0.000 0.000 0.000 0.000 0.003
fawn_square 0.011 0.000 0.000 0.000 0.000 0.007 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
kiosk_and_pergola 0.002 0.000 0.001 0.000 0.000 0.009 0.000 0.002 0.017 0.002 0.000 0.000 0.000 0.000 0.000 0.004 0.000 0.000 0.000
_ playground 0000 0001 | 0000 0000 | 0000 | 0000 0000 | 0000 [ET oo 0000 0000 0001 | 0000 | 0000 | 0000 0000 0000 | 0000
Potential finess cquipment | 0000 0000 0005 0003 | 0000 | 0008 0000 | 0000 0000 | 0000 0005 0000 0008 0000 | 0.008 0000 0000 0003 0000
sports._field 0000 0000 | 0000 0000 | 0000 | 0000 0012 | 0000 0000 | 0000 0.000 0000 0000 0000 | 0000 0000 0000 0000 0000
track 0000 0000 0000 0000 | 0000 | 0000 0000 | 0100 0000 | 0000 0000 0029 0000 0000 | 0000 = 0003 0000 0000 0000
scutpure 0044 0000 002 0003 0000 | 0009 0000 | 0003 0006 0000 0003 0000 | 0000 0003 | 0000 | 0000 0000 0000 0006
buitding 0000 0000 0000 0000 | 0000 | 0000 0000 | 0000 0003 | 0000 0000 0000 | 0000 0000 0000 0000 0000 0000 0000
riding 0005 0000 0000 0002 | 0000 | 0002 0002 | 0002 0002 | 0000 0005 0005 0000 0002 0002 | 0012 0009 0015
pienic 0000 0006 0011 0000 | 0000 | 0008 0000 | 0014 0000 | 0003 0003 0003 0000 0020 0000 0003 0006 0008
Activity  dog_walking 0003 0000 0025 0000 | 0000 | 0000 0005 | 0000 0000 | 0000 0000 0000 | 0000 0011 0000 0000 0019
event 0003 0000 0000 0000 | 0000 | 0003 0000 | 0000 0003 | 0000 0003 0000 0003 0000 0000 0003
selfiand portraic | 0004 0004 | 0020 0012 | 0001 | 0000 0000 | 0000 0000 0000 0005 0001 | 0000 0002 0000

Figure 5. Confusion matrix visualization
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lawn_square®} 0.0762] &2, bird= dog walking?}t 0.0759] &5, sculpture= iconic_tree?} 0.449] &2 Q
A7} gt oigo] E7 onjz]E AHEH oF 10%2] SE2 QAP AR picnictt playground= picnic?)]
HES} 5229 Fert mol7|tE QJAlg AoR Hol, wack¥} traillE EO 2RRlo] FElol] ¢lot ARz
QAJeH Zog Holtk oF 8%0] QA5 K9l grass fielde} lawn square 712of B & Sl of2fsiiol2o] Zat
(grass_field) 2} T Zelgd7lawn_square) R[] AloollA Foleke= 354 &0l 7IQIet Zlow wheE,
bird®} dog walking2 F& Alof|A 7]Q1gt Zlog Holth oF 5%°] Q415 Hol= sculpture®} iconic_tree= F
e nT agy) gpjEs E40] e, «0] vl sculpture ARdo] 2 AR dEE1 Ql9it) wehA i

t312] A 503 635(8H 214%)



033

;

P

»y O
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2 A7 adnHele] AXE AREE 7o R A o}8at FE o|AlE ERoke 7|E BEE Q1A
2 Helds Foll TESIth WA AR B4 Brlell &8 4 9 AR A (naturalness), A Hi
AJ(potential attraction), EE(activity)& 7[FI2& 21719] BR FEAAIE TEY, FEEZ AMdujtjoloA] -5
B A BARE ARE dote] MIERS FEF0m, Xeeption Moloky REE Foll 943 A5S UT
ofe BREES TSI

TARS S ERRE AASHHolA o8 A3 ZegRt Al &
wolal glong o}gae] it #Es olelelr] gt tlolE=A W AtollA SEEQI. T2t BAEY
el 2 27 FoplA 712 HEA AR fAHol= 2 7EA] fHAlell Awekar Qirt. RATHO] iR
& AT PAoR QL sl wheh A W Al=ldel FAARl ZAPE SR ERE Al YleEEE
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e EASY ol8At B omA] ERE St AlE 7= Al dopt At Al €uElEE Sl RAEd
A2 9T AdEY A Tis/de HolEoaN 27 wopl WHEA]] Ve ARdlen, & o] ERk
22 FF el EAEY W] 71z AR el 2 4 it A, Zeke]il Y JEAls Bl
A A BUET 9 BRjeRe] g el 714 £ glom, 2R Ave RARY hbEde ot

R 88 4 Stk BAFEY £8E nelele 2 Fad dojn, W2 qlE 9 Hl8-S Fof Wid e
AL olFolA| 1L Qi ARFEQ] =4 meto] 753t Adujr]o] ARl AXES] AFEshE ERREe AL Qe
ggote] ofe] TAZel el tiege] ARE Al BRE o 91, ARELF i AR glo] 1o o18%
& 9long HAHolt, B Ak TAFYUS] £45 AuHoR melsh: o kol Hu, Ave] FHe &
ABHO] AAGH o HSIE wefd 4 glou wAFAY] Ag 9 o] 28 4 qlok ERE AT
A Hgalor 7FEdt o AY mEAle] Aol Ack

2 ATEe FEalpl & gAe] olom, S FF AT Wk AARIE A, Aol dhdsl adn|de]
golel7t AP} 7Hle 2440 BAPE Sl %%, A9, A9 T2 I BA|, Adultje] 7te] Az <l
gt dlofe] M=ol EAPE 9lo] HHARQI 48 EXojatal skl 2Pt Qltt. Adn|dels EAEY Bt
S 95t XA S olsficly, 3 ¥ ATl S ZAdoto] oAl AR
o W7t A7t Basitilee and Son, 2021). B4, 39U W B 52 wFoke dol 71802 AP I3
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