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Abstract

Image metadata known as text data contains information that is relevant to or can
identify objects in the image. Effective metadata aid in managing imasges, including
indexing, categorizing, and creating search terms. With the increasing demand for image
manipulation and automatically generate metadata has led to the development of
numerous image recognition tools. In this research report, we evaluate four image
recognition tools: Amazon Rekognition, Clarifai, Imagga, and Google Cloud Vision API. Our
study aims to analyze the appropriate program for automatic image metadata
determination.

We conducted experiments on several datasets consisting of various image
categories, such as human, animal, plant and flower, view and landscape, vegetable and
fruit, food, vehicle, tourist landmark, art and culture, and old book cover and posters. We
used word overlap similarity measure, no word overlap similarity measure, cosine
similarity, precision, recall, and F1-score as evaluation metrics to assess the performance
of each tool.

The results showed that all of the tools performed well, but there were notable
differences in performance across categories. Overall, the best tool for human animal and
food image tagging was found to be Clarifai, while Amazon Rekognition performed best
for vegetable-fruit and vehicle images. Imagga was found to be the best tool for plant and
flower, art and culture, and old book cover and posters image recognition, while Google
Cloud Vision API performed best for view and landscape and tourist landmark recognition.
These findings highlight the importance of carefully selecting the appropriate tool for a
given task and suggest that the performance of these tools may be improved through
further training and refinement. Although this Artificial intelligence system is capable of
identifying metadata. However, the most accurate and reliable technique to acquire

precise metadata is to conduct a final human supervision.
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sUnm sufswanidsudeyatussuuadsteyadu 4 lesoluluouan
INNINUMIITIUNTIUNUNTITudinsiinuidenissnunisidtygusefvgundie

fauninnamansegifes laifinsinusravsnmeueasmamild wagUszdniaimues
wsesilefdnan vililiausaliduuzihnsliintesdlemnzaniuguamiddnuas
uanshauld siddeiastierhmsliesed wasnedeuadesiiolunstinuaumamiuy
Slut@ Searmaelinisimundduiiussansnmuasndunndedu iBesomafutoyaets
Huszuu uazannsathisldnelueunan annsathesdanudilduszsgndldlunisiiuteya
AMENBLUUEINT 09ANT TIdsaTuAdayafavia vivevesayaRIviala
InUILEIAYRINTIY

1. iedmaaiesiiolumsidringlunmaneildtyanussivfiemunsmain

2. \Wiohenginazyssiliulssavinmedosdelunsdinmienzauiuninaneus
avUszian



YDULYNVBINIFIAY

YDULYAN UKD

AT idumsinumnislilgarussivgiioimunamamamasfda Tnevinis
FIWTWNNAEAINE NAdeun1TIITnglunmene amaugndes udahunInseiiay
Usziiudsgdnsnmmamamilaanniesesdislunsidnuseuiisuiuamamitniuin

NIDUNINEY

VW ' g yeg
nguAag1enldfine
1. ANENENTUNIAIMIATU INATININAINALUULTA LHensAelAlauas1Tue

(public domain) #slsifiavans vieidrvesdvansenlmduasnsususelovl $1uu 1,000 A

niuledmsierivnouueud (https://creativecommons.org/) waganines

(https://www.flickr.com/creativecommons/)

AaudRvaanmarenuunldUsznaue

1.
2.

3
.
5,

AE Uszianlng jpe %39 .png
ANNazlenkitasndn 80 Anwa x 80 nwwa kaxluuinnin
4096 WnLwa x 4096 NALa

. ualndliunnnin ¢ waglua

a o U [ 1 o 1 1 o
Taumemmnuliddesnin 5 M wagludunnnia 50 A1
AMNUSTNEUMEAY dnT §9989 DIUT 55UVIR Usan U

4' Y o ! 1% a a § o I
2. wsesllansidnmaememalintdyguseiugdnuau 4 Wsunsy e

1.
2.
3.
a.

LUYDY LIARDANYTY (Amazon Rekognition)
AANINY (Clarifai)

BULUNNN (Imagga) WY

siara1iITwele (Google cloud vision AP)

lngdinaueinisiiansaudeniasasiloatnanuaunsalanaulun1ssdninglunm auuussuy

€ Ao a =) l a gj v I IS LY [l
Aanal Sdnatensisenldlusunsursoledile Anmnaldaudte wagiinnswaunlusunsueeng

faLlag
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Uselavinaininaglasu

Yuiinteya
VAN
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A5 Useidiu
‘ ATLYNADIUIAINT
wazUszansain

Tsunsu

Nuideilandulsgleviionsdnnisnmaisidvia nisvhedsdeyaddsia An1sivun

mafauysalilutuneuiidifguaziinnudndu nssuiunsmvununnmsuudmiulf

neseslenatygivseivgastgliliuninviiaseunguilemansglunimane dadAui

yanvateunTu LWununslunisdeaulaldindasdiolunmsmivuaimiaiminiwangl

winzauiudnyaizveInInaty Hglinsitnuresanisteyanindigazanuazil
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=D.

UN

L%

a A v
LDNAIILASITUIYNINYIVDY

LINIAINININATY (Image Metadata)

1M1A19 (Metadata) vianefls doyaildvdvenandnuns violideyaifeiutoya
Feflogunnunevanednuniy dmiunuesays Iiiumamuntislunsasenisdeyaves
ywensEsauATi LTI ueE19TI15) aninensasaumanduddva uarliduniva
Hosnnmaynadsiiuanyannsalunsiuiy uasifmsneinsansauma Freanuinm
foya versveuanslinuasauma uarisdnmamiRlenzresmIaumA 11ATFIUNTAY
eI q fanldlunuiesays JailnAnanudilefingeiu viliaznn uazlsifinany
Fuaulunislanswennsansaune (Witten et al,, 2010) e maieaswuadu 2 @ fs
foyaiinnuniudeyandn Wy sanm n1skevaandes suanm amuasBen Yssnnlnd
A wazdoganenenmlunweeidldimunes wu Jonm aawd 1iweanm aawd
fMesutanw deyaguuuulidnmiuanudeuls (Exchangeable Image File Format: EXIF) 9
gniufinlaendedlaedludflunafidienieatrstu deyadiivlilusudeddvnernsufeiud
wazfideamussinnuazauinvesliidsunimmssarndesinesuniemnlindosegunie
Imﬁwﬁﬁﬁﬂmamﬁ’ﬁﬁﬁwa (GPS) siumilaniegiiaans (Harran et al., 2017; Jaffe, 2020)
fegnadeya EXIF uandlumsteil 1

M3NA 1 lnmamaRaufudeyanan

VN! AD5UNY

File Size yuabildvoya

File Type Uszmbvldvoya

MIME Type eiiuszydsziandeya
Image Width AUNINATNGNY

Image Height AN INENY

Encoding Process nSLN A

Bits Per Sample AUAZLDYANINANY WIDTNUIUTY
Color Components dulsznovd

X Resolution ANAZLEIANTNLUIUDY

Y Resolution AUAHB AN NUUIRT
YCbCr Sub Sampling szuunsudeyaduuuidvia

#i1n: EXIF Data Viewer (https://exifdata.com)


https://exifdata.com/

e iiglifvun videdeya IPTC/XMP (International Press Telecommunications
Council/Extensible Metadata Platform) Aedeyaiiansnsaudlals eyanalildiiadoya
ussnelugUidnea eliiansafiuwasdniuteyaguaim WwumeSueniw uwiindiesune
foyadvansiludu IPTC Aedeyaanizuasguninialy Wuinasgrugnamnssuiildsy
univaneaniiandafiuainstaulag International Press anlvsauuneaiioiiudoyaianiy
nsadadseaBenuasdeyaduans i sunisiaulag Adobe Tud w.a. 2544 910 IPTC
dsuingusrasdvesilivaemeiaosmnnsguazannsoldunuiuld

mafindeyawmamiasielldaunsolitoyatifiednszfovnoaaadunmdngld
Tnsannsndiudoyaumiamilddelusunsudanssuamitiusunsalomuseda iy TWsunsy
daulsald (Alfresco) Ainm (Gimp) 1Bndviya (ExifTool) TUsunsumizwas i toauniuia
(IrfanView) 1Bnew3nduit (XnViewMP) wazTusunsuavav’ wu lavigu (Lightroom) exlad
dadansines (Adobe Illustrator) axlad Inlavey (Adobe Photoshop) 1tevestayalming
yenafiauuanisiutuegfureniuaiiild wilaeiilund: ssussneudedeya fileu shie
Auavs Ausseream My Jasvmamiidndudmiunsiluldnusu
n5AUAY Ao 1vesnIm (Creator) Fonm (Title) A1e3une (Description) way AR (Keyword)
nszvIuMSIATLandunnd 2 uaziegsnsisdeyammavuandunind 3

IIM Data Structure

Headers of the image file
Dataset Name %Valno

' '
' '
E E APP 13 Image Resource Block, 1D=1028
P crooor__rdone Smith 200 dano Smit
\ - ‘/:/02:120 The team of Climbers Lodge ...
Caption - ,The team of Climbers Lodge ... .

Creator:| Jane Smith ¢ . 5 ! APP1  XMP Packet

Synchronized fields

Description: | The team of Climbers
Lodge south of Blue Peak

XMP Data Structure

'

'

'

'

.

'
Identifier |Value !
de:creator - Jane Smith /

dc:description | The team of Climbers Lodge

'
1 H
' -
' ' p
' P
' <
' ' <
' '
. ) A
. . Aste
. . -
Digital Source Type: | Original digital capture v ' > P  dy
— . IptedxmpExt: . * Peter Stone y -
: Per * Joan Arc / o
' X ead
E IptcdxmpExt: “ digitalCapture E
. ' Pixels of the image
'

DigitalSourceType
WARIUUABUNLNDS AglulUswnsuannis aelulldsunm

Persons Shown: Peter Stone
Joan Arc

AWM 2 AszUIUNSidayalmamlugUdieg

(USuU59nmaIn https:/iptc.org/std/photometadata/documentation/userguide/)



https://iptc.org/std/photometadata/documentation/userguide/

A& Edit IPTC-lIM ? x

Caption  Keywords — Categories  Credits  Status  Date/Time  Source »

Caption

Caption writer
| -
Headiine

' Y e
_njpg| < >

Spedial instructions

» Save template...
Load template...

Load template V1...

Clear all fields

AN 3 NShEUNIAINPElUTWATY XnViewMP

lassadredaya IPTC (IPTC’s Structure)

TUsuNIUINNITNIMENE XnView Mnualassasistoyamninmilugiuves IPTC 13 8
Ay Usgnaumy AUTIEIEnmn (Caption) Ay (Keywords) niaamy (Categories) 131984
(Credits) @z (Status) Sufluaziian (Date/Time) waslaya (Source) wae g‘ULLUU'?J"u 9
(Options) Ingusiagnnamnyiiteyadesfauanslumssi 2

N1359A310 (Image Recognition)

dofauInngsn waronsedUNIeIia AMuuKLgTsmaRIRA BT e
winnssuuwisnd lnaduayuliiAnnisiauigiugnannssy 013 (ARI INNOVATION DISTRICT)
(E1InnuLIANTTILRIRA BsANNTIMIYY, 2564) WeWaugramnsTBedn 9 ARl Usznauly
My A Ugyayuseieg (Artificial intelligence) R imalulagyiugus (Robotics) uag | nalulad
iasloustaardumosidnynassmds (Immersive and 10T) InmsUszgndldnuiiyanussavg Tu
vanBAAEIL anIAgAENMNT I 11380 N15U3ng s Tuenmiddeldussgndldlune
e uayTansssy Taeldmsisginw dedunilsdumaluladsniiddyietu
Py szivg lumsssringlunmedne Weelinmsdniiudeyanmaiefdviaiiuszavsam
1N



M1319% 2 laseairadeya IPTC

RUIANY

v 1

VodaeaY

ATUTTNEAN (Caption)

[

ANUTIEENIN (Caption)
ALViAusIEIY (Caption writer)
wiaTaLTes (Headline)
dauei (Special instruction)

AR (Keywords)

AR (Keywords)

‘wmfﬂmﬂ' (Categories)

mawyj (Categories)
NANLLALLAL (Supplemental Categories)

L1984 (Credits)

ussvinusniastiefidu (Byline)
W3eaussviausn(Byline title)
19794 (Credits)

waslaya (Source)

avans (Copyright)

Jayasinge (Contact)

@nnuy (Status)

whlvanug (Edit status)
AEALY (Priority)

14359m5) (Object cycle)
UNLRYIU (Job ID)

TUstnsu (Program)
ostulUswNsY (Program version)

Juwazian (Date/Time)

Fuiiadns (Created date/time)
JuHenns (Released date/time)

uwnaateya (Source)

Fosumia (Content location name)
IR (Content location code)

Wioq (City) a0ufl (Location)

\Wey/491Tn (State/Province)

Usene (Country)

%ai’mq (Object name)

FILU991984 (Original transmission reference)
aUsEne (Country code)

giJLLUU?iu 9 (Options)

fidenrangsukuy (Multiple selection)
3Ukuy (Mode)




NM539FUNMMTENS3NTNG Usenaumensngianiing MIssynIm uazn1sin
Usziamamn Wumsssyingithaulanelusunmuazduuninduvessaamla nnsandiam
dedyanuseang Wulgmnsidentmeunduiunsuesiufeneuiamnes luvued
Femssng 9 Wanntwdenaruly Tl uaueiudsuis (Machine Learning: ML)
TaetomnzadhdameluladnisEoudiBsin (deep learning) Ustauanudniaegnannlunu
FPUUNTHBLALLAEN13YIAN AN AN N159Rd1FUn A wITuaTuTalY
é’aﬂa‘%ﬁuLﬁaf%auﬁmmﬁﬁsziaua%Jawﬂ%;ms’u’aagaeuaﬁaasmﬁﬁLLazlziﬁ (supervised learning)
BraFouvenniesiildsumuiemnniianfomaiousidedn laslfiawesivousgaeduly
wuusaes Aafuiimssinmmaioudddnidinadnsinfanluivessyanam waza
amngu egndlsfny nsFeudidsdndududiosinisinaanteyamenuoaielddosue
Usenouiedefituaylald n1adeudvesurdududululuasssuuuuie madsulnediaon
(Supervised) viansFeuslaliififasu (Unsupervised) mateuslasiifaeuiiuadosnsious
wagvheraanslaannisthewiovesininermansdeya (Data Scientist) dun1siseuslag
lsififfaou (Unsupervised) thusdossidouiuagyiunenaldainmsuunuazasiunniisuan
Toyafilasu leirdosanansavinenadwsanyadeyadnousnnlduninls Aezdauan
aruannsalun1nFoudiddn (Deep Learning) snawitiu nsvuiunsdouiandoyatiuywd
AuliBeninmsSeuduvuiifaeu nszvaunsaiisteyaiitheffudanarufielnlumg
Py szivg Fedddussnuitlinaum waddifeyaduunnn ieliAaussansnmgean
fegnamsiiringluamansuandlunind a

PERSON
99.3%

- OUTDOORS

e £ oW
N MOUNTAIN BIKE

L 199.1%

ANl 4 n339inglunnae (#iun: hitps://aws.armazon.com/th/rekognition/)
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SEUULUIAeEN (Deep learning: DL)

Haynyrusedng (Artificial intelligence: Al) Aomeluladladlinoufinmesianuaain
Tudnunizifenfiuangsd unwduiaduils (Machine Leaming: ML) AawaluladiiAaseinain Al
Jumsvibissuureuiawesaunsaseuslamenuadlaglitoya 1Wuduisn (subset) vea Al
srasfafiolilunsaiaueundiaduiiivssansnmnnniungd Tasmsvilviaaiaiy
AT LLazGaui’léfﬁwmuLaqmu‘qm%’agaﬁaau d1uN13138U3\A9EN (Deep Learning:
pL) uduienveauseduidsuils fahulasiairwesdaneitudunansiawesiioadnalaseing
UszamifioaiiGouiuazaiumsdndulaldies snsisoudnuneingg veadeya léuanu
fonlumsdansuidgyiifideyaduiuann dudeu uazlibuszuy Wudeyagunn

FanosiunsBouiandumaiaifeslunaisavdumeluladivu msueadiuge
ADUNILABS (computer vision), NMTUSEANANANTBIEITUMA (natural language processing),
uazn3331des (speech recognition) uazdnunnang nildluiladefidfayigaiifmue
UszAnSnmuesdanesfiunsiSeuianfesninmnusiug (accuracy rate) Ssvanefadedidus
Guaqmiai’wLLuﬂaemgﬂé\’aqszmwﬁwmu?mﬂaauﬁgﬂ%’maq”lmgm%’agaﬁmm

Unyyszhvg (Artificial intelligence: Al)

uNYIUAIULS (Machine Learning: ML)

=S Y a = .
N13L38U3LYaN (Deep Learning:

AWM 5 AnuduiusTenIedyanuseivg wuediudsule war nsiSeusigedn

nNAURLIY W W i
)\\"A”A"A HRANT

WeafnaToud
(hidden layer)

A 6 TURBUNTYINNUYDINITIHUSLTEN
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A = U a < g & v & a =
INNA 6 Amssugunnduneluguads sunnilaggniniulususuuvesiineads
14 1 wiwaslunisifiutdeyaluguuuudnic (greyscale) uagld 3 tawes Tumaifudeyaly
sULUUFAAN9Y In1suenanandi (feature) nddgldlunisduuninglusuaim nsm
wa aa % A v o A s ~ [T A =
AaudRndANaMzzIvietayalasuinazhiaeesnsiieus (hidden layer) 84
Puaeinsseuiin lueazddenuaaiauin Wevhnisseuiiasana lnasgaunse
Timeuittuudasgunmiingulialaegtng lnefiarsanainingiianuinsilugean Aegli
nadns luingdeiu wu wnlueadnsieiin Junmiianuuinzdugivas feglidneudn
sUnwtiuRen wgly wndesnsdwunlianddludnindugtivaneiusle awnsavilalaenis
\uRuandRvesmeiusaiuuiazinlutuneunsiousla

NTZUIUNITVBITZUVINTINN (Image Recognition Process)

Fupoundnlumshanuesszuvansinmlsznaudegndeyaniendoyanisin n1s
Aneusulassiieysramifivaiion1sans1nim uazmsmasouuuuassyausyieg

1. yadayanfaudayanisiln lunanisidngunmaesnsteyanisinlasetieUsyam
Jeudesnsgunmnsiineusuanngadeyadildsuiieainsnssuiinnudnuusesingiinge
wuintuegsls

2. nsfinevusulassinedszamifisaiionisandinan nmangadeyafiaiiatuazgn
douingsanestulassreussamiiion dRednuaznsBeuiiddnieunsiuasuidunis
a9UUUIRRINNTIFUNN Msnausuganaitun1siangunmiilinsandiguninees
lassgUszamiiguanunsaseysiinasingsng o la

3. maageunuuTasslyyuszivg domaaeulunatilssunsiineususiegunm
lailsidudumdsvesyatoyanisiin Mdiilefmunnisldau Ussavsam uazanuuiugvos
Tuina deidu Uszanas 80-90% vesyadoyaguamitsumazgnlddmiunisiinlinng luvned
foyafindeazgnanulidmsunismaasunuudiass Uszdvamaeslunainanyamnsiines

-

° 3/
4Adaya Hnausu nagay 14

Pszyesigudanudeduresnnugniessanimmageu

ANA 7 YUADUNITINIIAN
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YanAKI$INI15UNW (Image Recognition Software)

goldusandrsunmeelteundinduaunsalidanessumsisouiidednileandiuas
dlagunnnsednlemedyauseivglalaedldludndudedianudsunislioulysunsu Tu
Jagtuilweviduaiandigunimduiunin msidenldfiansanain anuaunsalunisiining
Andauarldnuie Wsyansnmgs fnsaeulimansisrnyadeyadwaumnn fiefile (AP)
wagiimainuegieoiios Tuideliazinauslusunsuilldlunuide 4 Waunsu il

1. awwau 13ARaATLYY (Amazon Rekognition) awau 1sanaAddy luyalusunsy
AfaulaguTsmoimeu enaaeu uagiiamzinmsnlulifnetyy ussivg (Addapa et
al., 2020; Amazon Web Services, Inc., 2022) ;ﬂ%lﬂiﬁﬂL‘fluéfmﬁmmiféjmﬂigiy’lﬂizawiﬁ
anunsaldals flunauusduidsuils (Machine leaming: ML) uazadstoganmuusluag) 1y
uwnaslosuUszIIarauusEUUAaTY (cloud) e awweu 13U wesid (Amazon Web
Services: AWS) fitauuulildnunuulaifialdane wasdealidemndeinisnmaudififiumn
Ju anansaspying yana deanu ain uazfansalugunw Tiesesilunthuaznisdumnlumii
‘1‘7iLLaJu&TWqqmmmﬁﬁaﬂmamiﬁaﬂiﬁé’ﬂﬂﬂmiw‘%maﬁla (Application Program Interface: API)
uldnudiedeuseniuasnmeuenld slveu 1sanenidu MsanesiiunsiBousiedn Tassme
Uszamifiguuuuaeuligdu (Convolutional Neural Networks: CNNs) wag lasaingdszam
fienuuuIundy (Recurrent Neural Networks: RNNs) segadieyandn 100,000 avwiileiin
TuwaiSeuiveaedos atuayumnsiaduing, msidilunth, mamsredudeniny, msdsrnm
il N33TAUAS, m':?msmaamﬁam, waztherfufifuaes MsivuasIAeLnsleay
mudugUAmiIUsENaRakas sEiuUIsfidesns 19 1,000 sUsiewiteu dmdu 1 &gy
soly 59A1 0.001 neadnsiegy wielagUsyanusan 1 asaansse 1,000 JU

2. aa13ve (Clarifai) maisvine (Clarifai, Inc., 2022) @uuSemiiwauilusunsud
ﬁwmuuﬁugmﬁuaﬂmwwaﬂizmmﬁw Fadumeiaisvidulygyssiugmeunimane
anuanansalumsaalainglunmaindeyavideuuustassiidmuniesld sadansiumdhonm
ns3tdeanuluninaie wardnssileuneaaadunineis aansne T9danesnunisiteusia
an Tnsstnemnuieuuudn (Deep Belief Networks: DBNs) lasstneuszamifisauuuaeulag
#u uaz lasstneuszamifienuuuiundy Mradeyanmeunalngiiduiitendodumain
(ImageNet) Galsznaufenimnii 14 Sunmitiiseenidumnanysingg Avarnuaneannniy
21,000 ey uonaninativheddldyndeyaiifudivesesdmivuoundiaduunassany
U undunaze s ﬂWiﬁmumwmmmmﬂﬁé’fmummaﬁwmugﬂmwﬁﬂizmamaLLazizﬁUU%ms
fifoanns 143 1,000 JUsieliou 5 uauzusialsan 0.05 asaaiviegy videlasuszunusian 2
naaa1sse 1,000 JU
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3. Buunn1 (Imagga) 81NN (Imagga technologies, 2022) HUSN51ENDE 3 UAE
MsFUIALAEEARIYRINIM MIAALTN uazmsnTaduinglunm Wulusunsuiivials
LUUASUETY TenTSiunUsTanIng msdavanavynin mafmuad n1sansilunth nsia
AMeBunenIn NMsFum MednszdsumnamiasnsAumaIw sTydLUsENoUTesAes
Tunm Bnisdasessunsuansuammamilduatsn iy rudaniwilnede Suunnild
9an037uNMSISeusTEN lassgUszamifieuuuunauligtu uay laseheussanniieunuuiu
ndu Fhemadeyafivesiiesiifinmnii 20 SunmifielinlueaiFeud gadeyaiusenouds
yanavginwiiainuats 1wy au & iy s wayng Snitdsdiyndeyaiimmuniosdmiu
ueUnalfulanz Wy uidulazdaeuiisy matmuanammumslduimsaadaugUnmd
Uszananauazsziuuinisidesns Tnsildiuandmsunisasinsamndnged 193 1,000 gUsie
WWow dm3u 70,000 JUsialusAsafian 79 neaais viselneUseungA 1.68 noaa1sHe
1,000 U

4. piiarauATueiile (Google cloud vision API) piiananitiiduleiile (Google
cloud platform, 2022) Wuusniswes Google Cloud Platform ldlaus1s TensorFlow Tunns
W lUsuNIUNITIATIZRNN ausansIvdeuinglunin erudeanulunin asiaasuninlyl
wnza Auvnlunthaunslunm ensusivesyaralunin asneaevanIuil wasgudadnual
yanmsdvessdnnsilunin deyamammitldnnlusunsumand awusenoudedoyad
uazANANILTeTU (Confidence score) vasusiazan ilelviltanlddnauladenlddmnddany
Fesunpeusuls giananiituedile lisanesfiunsiSeusidedn TassheUszamifiouuuy
aouligtu seyadeyaseiulngiGenitlemudiuma (Open Images) fiusznaufoamnii 9
drunnluvavyndt 6,000 vanavy awlugndeyaiithemiusmemesuieuagmnemyiitae
Tisruvandrgunnldinetu giadsdyndeyaiitmuniosdmiuueundinduanty wu n1s
Aumludunegdneudsy nmstmuasamunslduinsienudnuguamivssnanatay
syiuvesUIMsfidens lneddruandmiunsliuinmsusedtinieonslduimsdwaunnn 19
3 1,000 gUsiaidiou 5 dugusalusian 1.50 aeadnsse 1,000 5U

nugwn melulad wavyadeya enalinsidsunladvidanugndesusiug¥u muwmaluladn
fanufnmihinniu sdeneAusnisienainsidsuudasdluauian
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oile (Application Program Interface: API)

filoduuinseminsidenseifiouanidsuteyaanssuunislugdnssuunils 7
auazaIn T35 Yaende Wuisnisidunldauseninlusunsuliannsodeasseninaty
wihiivdnuesedilofie Aosiumdsanilignine (Client) Feide ueuwdladusing 9 Wy Huuey
waladu (Web Application) TuureweUnaindu (Mobile Application) inareUuoundindu
(Desktop Application) Budu Wudememeldudnmssenindlusunsy Tnelusunsufiagdenld
ufesUsEnAtuieu ilefmuaguuuunslfan (Request/Response) Taggluinng AP
wfugimunddddunsSonldau maammimamaﬂuaumaimmLW@TMWiauLiafﬂﬂmﬂm
NN Lﬁa?]qtha (Client) defdsaziSoninnissima Request) niusieiilossusdsly
Uszananauarasuidudeyaiinaty Request uardstoyawardunduluiitlsgnine vie uet
wanduiorhluldnudell viendnldinedlodusmnasiiasrilines suddasing 4
Uszananauaznszyhdeyadinduiulugsrudilaesaluiilnegidonldlisniude§isnsiam
weeTwandunmelulusunsusendunsii

Adnaweldiznis (Request)

| —
§<6

o = oo
fuelduims Amausuliiinns(Response) dliki3nng

ANT 8 NFYINUVD DN

ilednansgnuagauniumsimungendwlsudagiums eyl nauIsNe usn
MY seuulfuaniseeiuaunsasentdanuiuls wureniwisnaslagesdnsi 1 a1u1se
a v ¢ ea v s A = = A o a o  ea1 W NN B4
Senldgoniuisnaindlagotdnsi 2 Fee1alnNuletvgagyinan sy wiasuiule
[d 1 a Y b ¥ 1 £ [y P [ !
\Juedhanaasslevdliiugldegraunnmednuaenidunisuenidudiu 9 (modular)
TUsnsumesanusaasauaundaduniinisyinnuasguininelamenissenldienlovesusas
USnsgenilIsiameniainvaten inlildkeundindunianuaunsaadaenlusunsuuesl
o & £ v o a & (3 s 1 = ' o
Tududesidiinvuneluvesmendwisnsundiueiilons 9 e APl vivnuly 4 sUluy
i fadl

1. SOAP API 8811270 Simple Object Access Protocol tlu APl AldluslnAoanis
Y = & s 1 2 & ac ¢ a % %
Whisdouandegnedny laaduiuasisiiesazwaniuasudenulagly XmL
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2. RPC APl 88311910 Remote Procedure Call 1u AP figunldnszuiunisszelna
Tnaduddifiunisiladdu (Mienseuinnis) nileq vudsnies uandinesdmadnsnduluss
lAaLdud

3. Websocket API Aamssiaun Web API asfolmiflddeuiand JSON lunsdsdoya
WebSocket APl s935un1sdeansassnsszinaedlnadusuazi@snies @sosansads
FormuBunnduludilaaudiidouss Suilwiiusyansaimunnnin REST API

4. REST API 8031970 Representational State Transfer i{u APl fildisuauiouwas

'
oA

gomeunigannuluivledlagiu leaduddirvelududsaesiludoya @iveslddeya

9

b

a

sunmanleadudiifioduduilsifumeluardsdudoyaedmmndulugslaabud Tnoande
JUMUUYBY HTTP Method 19w GET POST PUT DELETE Tunsvinau uagagdsrndunndu
json #38 XML demalvianunsasudadeyaliinduwnannesulaegamn mszilunsisen
silustamea HTTP THlunsisenléifuled msviheuees rest tuazends URVURL w9
request WiaidusdumuasUssiianaudnaundulng response

=2

NUIIBNNYIVD

ANNEIAYVBINIIAIINUALLNIAINILEASI LU TV INNE A T TTUANANSLRAUNTE
Aesh purdininelaryeeIng) WINeIausIINAmEaNS (Quins 1Runs, 2562) ladavi
Tassasuazgunuummamieyadiviadmiviifisfamisssumaniladunsyifosd ielviAn
umsgulunsdnnisteyamsiaussaluguuuudiia msfmunmmamfimngau iy
n¥nensasauARITadaNLddBwenisdngs uardudu Tnsanieninennsatsaumnedis
dnwazdoyaiameinu Wunsiaimssamamamsuainieglusuaivia Gaune Fee
, 2556) LUNIANEIMIUAIMIAINITUNNS (3558 Menednas waziuensn wlsigy, 2562)
dielhAnnsdniiu uaveysnvnmAdviasgreiiuseannmmsussiiuganmuesamaImues
dolusiesaymdavia (Ochoa & Duval, 2009) Tnsilieurfisumstiufinumamuuulduyed way
wuulfinsesilednlulii wuiuyedaunsalnseiduuszneuiidudounesteyaldd Tuvned
irsesilesmluiAannsaseuiingfieglunmlsunnt lunushuussandnduasveayn
dtimoann aminedodedl Iifaunssuuiumamidsavduiug (Usve) anudng,
2559) Wieiaulssmayszuuiesandnluifvesviosaynanntugaufn
Tudszmelveriuszuuaant shildAnmsudstu uazldnummanmsiniy nuiddoizesns
ﬁmummemmﬁm%’ugm%gaﬁ%ﬁai’wuﬁii:uLLasqﬁ{]zszgﬂﬁmﬁu (@dde vavlsas, 2560)
wamdlififiuinnsfmuaimiamfimngay asnsasglinisdafiv wardududeya avaan
sanaiiusyAnsnimannd ey
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Foyamamannsailldlilugnamnssuvatsyseian wu uladdiviiniséne
Audnfifisudiesuauann wu $rumededi (Hong & Lee, 2015) lagnélirdud
AN NANLFINISTesAvE Lo uledansouanwmadnsldesiusiudlagld
Foyamamitldliluwsiazsuls Aulsdliuinnstoyasufayimusssu Europeana
(Addapa et al., 2020) ‘1'7i:ﬁms{]’mmssﬁa;ﬂamemmmmmwmﬁ udeyamnamiegiady
szuvdehelinshdeyanmareanldausadenlodludanndu q MAeades
linsAuaTmdeyanamaeiiusednsaim N15nsIaaeuANNNARIUINNAERIME
ToyanInImMi Youa exif Larn1snensviateya (Haran et al, 2017; Gangwar & Pathania,
2018) MIIWUNAMELMETOYAUNIAIM exif (Ghazali et al. 2020) MmedanaIiudnnesn
NAMBSINTIU (support vector machine) LLauﬂﬁiﬂuMWﬂJayjaﬂiﬂaWEjﬂ (K-nearest neighbor) il
AAugNABsil 75.15%

L%ﬂiﬂﬂa&Ji’]mzuW‘Lliuwaumﬂsﬂumiwmimamam‘mﬂ*aL'vm (Colavizza et al,. 2021)
wntuiesinmaisuidasguuuumsinfuuuiafungadiouanava welulad
{]zyamwwgmmmﬂwmwumau i miuu‘mﬂmagﬂauasmaﬂmwuam‘luum sl
ASUIBMANTAtTaYaIIMIAMILUUEALUR (Buttner, 2019) MsafaLiiovuaznssavihel
§nlusiA (Binmakhashen, 2020) M3saugUiuUNsand LAz deraLitens31snuse
(Muehlberger, 2019) msﬁumLLazmﬁwmwgsﬁau‘jaﬁLﬁuiuﬂé’aa%ﬁaLLUUé’@Iuﬁﬁ (Lee,
2019) smAdeltiumamluamae lumsidmihyass sAdeRsiiutenndindy
MtyauseAnglunisandlunilunsifunmiieddvianviesann Afisfusi uazany
Yauss3u (Bakker et al,, 2020) TngldnnanaainAealanduRnaveIum NG 8 UL A
Wae3n1 (Florida International University) LAs1z%aauennatdu OpenCV, Face++ uag
Amazon Rekognition namsisewuinuenwaiatu Amazon Rekognition THnadnsdiaiian
esandindanwdisnunisaeudiuauunn sihlnsiseusvinldlafunniian uidsidosdidad
wntufodesduanivesyanalun e nslfinaliafiseuwunisalumssiilunduay
nyiaaeumumidlaglddoyamiamilunmedis (Sushma & Kumari, 2021) 11533100
Tumﬁwmwgmwmaﬁiﬁmﬂimqmi CoSoPho (Collecting Social Photosraphy) Faudu
amdnefiAnanAanssusing o Tuden Tnediesginaainnisidiaiesilo Amazon Rekognition,
Clarifai waz Google Vision nans3aeldisnsTvmzuumumamiiedssionananaidumie
aziuuIntesiian (1) & 1nflan (5) wuinisliieiesiioanunsnifiuussansamnsimun
mple Tneia3esdlousiagiumnzfunmsldaulusunmitidnuagiwnnety wagddl
annsaldiedosileifisesaienumaunuanudle
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vl lunmsmuaamaiainimgieuuudaludd Jai3insdniuany Tnesuduanine
dnwazmIA A maNeRITa Anvieiosiensisigunmitldudnnisvestlygyusehiug v
nsnaesidringluguamm MnduiwanisneassnieseikarUdsuiiteunatumtinun
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ns3deutadu 5 Juneundn fie MsiusauTinames mstuRinumaTiinden
ANANY ﬂ’]i‘VI@ﬁ@‘ULﬂ%‘l@\‘iﬁamiiﬁ?’mﬂwdwﬁ’mLﬂﬂﬁﬂ‘ﬂﬁymﬁﬂisaiﬁi mstufinamamiile
nniedesdlotyanuseAng uasmeneivssansnmumamuaziaiesiletygUssivs
Muandunvesaziuneuss Uil

AUSIUTIUAINENY
amgeanadinmpavasuude wounsmeldlawuasisay Ssliiavansvie

Bwesavansenlniuansisarlselewd $1uau 1,000 am mndulssadieiinaeuuoud
(https://creativecommons.org/) waziulvdndaines (https:/Awwww Alickr.com/creativecommons/)
Tngutanuaavynmaiedu 10 vanangs az 100 A Usznaudie

1. pmaw (human) lsvanwenedugugae H

2. pwds (animal) IswanmaneTuduge A

3. ndulsl menls! (plant and flower) TsvanneneTugusae PF

4. piaisiend (view and landscape) TswanmaneTugiugae Vi

5. amith malsl (vecetable and fruit) TswanmaneTugiughe VF

6. N5 (food) TsvammeneTugiugae F

7. amenummug (vehicle) Tswanmanedugusie v

8. nwanuvieaiion (tourist landmark) TsWanmenetududae L

9. nAaUTmusSsY (art and culture) TsvnmaneTudugae AC
10. amdnweedeWawmasiin (old book cover and poster) lofsvanmeeuiug e BP

TnannananusruslasinaueaudRas
1. Wulsasuamuseuanlg jpg wise .png
U
2. fianuazdunlidaenin 80 inwa x 80 finwa wazlkiinnmn 4096 Anwa x 4096 Nnwa
3. fvuelualiuinnii 4 wnglud
4. Fuymemidulitesnin 5 a1 wagliuinnin 50 A

1Y

Moganmaeufazviavywandly i 10 89 219 19 auEauRel
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3ill Heads.
tatements.
_etter Heads.
Invelopes.
Jote Heads.
shipping Tags.
Cards.

ank Checks.
slank Notes.
ournals.

Jay Books.

S

AN 19 Fegrennaeviiavyunviadedamesinn

Tuiinumamfinduanndouningne
iwseailefildlunsiiuteya

wuutiufindeyaiumiamififaduumieunmaie Usznousne salidam (File ID)
Fonm (File name) Uszianlaldnin (File type) vunalnd (File size) Aviuazidunnim
(Resolution) dnwauzam (Description) 18 (Author) wwaafiun (Source) NUIANY
(Category) daysynouna (License) ﬁﬁagammmmﬁmw%umw (Metadata) finoe19n1nae
5%a HOO1 HO02 way A010

HOO01 PFOO1 AOlO
A9 20 Fogenmanessta HOO1 PFOO1 way A010
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M135791 3 wuutuiindeyaumniainiim

[y

YLINSDUNINEY

ddu | salvla dsztan | wna dya
i M Yomw | dam | g ANNBBEAMN anyaEMN $veq uwdaiian Hnany | eyaa wmam
(File (File (File
(No.) (File ID) name) type) size) (Resolution:pixels) (Description) (Author) (Source) (Category) | (License) (Metadata)
1 HO001 Cycling jpg 113 KB 800%450 '“TJ IN3YIU Pierre https://www.flickr.com/photos/j0035004/51768477109/ Human CCo bike bicycle
couple Blaché cycling people
park garden
2 PFO01 | Fruit tree ipg 112 KB 400%300 aon'lsf Mathias Flower CCO | Fruit
blossom Appel https://www.flickr.com/photos/joelphick/29134130944/ Tree
Blossom
Flower
Pint
3 A010 Giraffe jpg 173 KB 800%598 GERLL! Bernard https://www.flickr.com/photos/volvob12b/9413151566/ Animal CCo Zoo
Auckland Spragg. Zebra
Zoo NZ Giraffe
Creatures
Animal
1000

cc


https://www.flickr.com/photos/j0035004/51768477109/
https://www.flickr.com/photos/joelphick/29134130944/
https://www.flickr.com/photos/volvob12b/9413151566/
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4

nasauIasiiantsiiinmaefemaliadyyuszivg
eaeulrsesiionssinmaememaiaiyysziivgiuou 4 Waunsude
1. alugeu LsAReATdY (Amazon Rekognition) [1dslaain
https://aws.amazon.com/rekognition/
Aan3une (Clarifai) 1aslaann https://www.clarifai.com/
BN (Imagga) 1Wlaan https://imagga.com/
nyiaran3t3Tuedile (Google cloud vision API) 1@slaan
https://cloud.google.com/vision/

TUsunsusha 4 IUiLLﬂi@Jﬁiﬁi’fLmﬂiuiaﬁmiﬁauit,%ﬁﬂ (deep learning) Fuduinenns
L.LﬁzmwfiﬂuL%Qﬂzyﬁywizﬁwiﬁiﬁmaé’wéﬁﬁmmgﬂéfaqqﬂ Wiediaszainim anaduinguazain
aelugunn Tneradnsvemnlusunsuazyszneusmedeyammenm uas Aszduanadesiy
(Confidence levels) &I API Tiildnaaesldarums

sunsunsldiueiile
1. adpsamedeuyld
2. Bonamulouiiofusiaeiilo (API Key) uagswaru (APl Secret)
3. 1dnuseds Requests
import requests
api_key = '&lt;replace-with-your-api-key&st;'
api_secret = '‘&ltreplace-with-your-api-secret&gt;'
response = requests.get(
'https://api.imagga.com/v2',
auth=(api_key, api_secret))
print(response.json())
4. nadndamam wazasesuaudesiy
{Name: lighthouse, Confidence: 98.4629}
{Name: rock, Confidence: 79.2097}
{Name: sea, Confidence: 75.061}
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DLUYaUY 15ARDALYY (Amazon Rekognition)

seasumshnulaivanesuwuy dedl

1.
2.

m3seyteiiu (Labels) seying yaaa foriu an wazAanssula
nsAumsUNMLaZIAle (Searchable image and video libraries) @13150AWM
any dou & Yy % Y =i = 1%
sUnmuazdRlendaniuld anunsarunuinguazainiiusngiunelula
nsnsraaeuilinulunidy (Face-based user verification) aelvigugusimugly
lngllSguiigugunmaniugunng19sa

. MInsdugunsaldesiusdeaiuyana (Detection of Personal Protective

Equipmentinsiadugunsailesiudiuyana (PPE) W ntiinin finAqufsue wag
FAguile

. MylATIzRALAnTiukazdeyaUszyng (Sentiment and demographic

analysis) AANUNTSWAAIBENYINNENTUA] WU TANET WS vieUsenaInla wag
Toyan1UsedINImans 1 A nawlunt

. Mafumlumi (Facial Search) @nansafumzunm 3alendanu uazansuinle

Fusuluntnnasstulumiddanulilussumuuesniseniiasaanduluniin

. NNRTITULLeMNT liUaanse (Unsafe content detection) @1unsansiadutilam

dusuinguazilevnnfinnugunssugunmuasluinlenidaauly

. M3 TeLAES (Celebrity recognition) anansaandnausingluzunmuay

e

. NMIRTITUTeAINY (Text detection) annsaandiazienilomndudeninueen

ngunnla

10. sythefinmuaies (Custom labels) anansaszyinguazainlugunamiiaizasiv

ANMUABINTITER

FUABUNTINL
Fupoud 1: faendn® AWS uavasredld 1AM
Fumoudl 2: farn AWS CLI uaz AWS SDK
Sunoudt 3: Buduldon AWS CLI uaz AWS SDK AP
Sunoudt 4: Suduldauneulea Amazon Rekognition

14 AmazonRekognitionClassificationLabels v2.0 Usznoumedianua 2580 A1 &
APl Tildnaaadldaruns 5,000 Mwsowiau n1saiunIsveeLYay lsanaATdu Wuwuuy
Falasila Bunauaznisnevauesegluzuluy JSON agliasgrsunmdunsieglusuuuugunm
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Jjpg %39 .png SnMIdalATUNITERNLUULNIHINIUTINAUUINITUBS AWS 819 19U Amazon S3
WAz AWS Lambda NaaWsSAAASLaANIUINIAINT WS OUAISLAUANULY DI WIDULAAINTDUNUA

Y0410 1n5293Ul wadnsunimminlaszduniwndings awsald Amazon Translate Lo
wladuniwaula annsansedkavidenianziniiaudulags (Wu 95% veaindn) wied
faAnudieiiusinii (ndda 50%)

a

Lneck whether we support your labet

Q

¥ Results

Zebra 98.1%
Mammal 98.1%
Animal 98.1%
Wildlife 98.1%
Giraffe 97.3%

Zoo 61.7%

» Request

Con » Response

AT 21 g eNan1TIINNNeMelUTUNTHBIYRY ISARDATITY

Request
{
"Image": {
"S30bject™: {

"Bucket": "MyBucket",

w,on

"Name": "input.jpg"

},
"MaxLabels": 10,
"MinConfidence": 75

VUATINIULNININT (MaxLabels) Liunngn 10 A1 wagaszAuauidedusign
(MinConfidence) 1391 75%
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N1373233U3Ng
#Copyright 2018 Amazon.com, Inc. or its affiliates. All Rights Reserved.
#PDX-License-Identifier: MIT-0 (For details, see https://github.com/awsdocs/amazon-
rekognition-developer-guide/blob/master/LICENSE-SAMPLECODE.)
import boto3
def detect labels(photo, bucket):
client=boto3.client('rekognition’)
response = clientdetect labels(image={'S30bject'{Bucket bucket,Name"photo}}, MaxLabels=10)
print('Detected labels for ' + photo)
for label in response['Labels']:
print ("Label: " + label['Name'])
print ("Confidence: " + str(label['Confidence']))
print ("Instances:")
for instance in label['Instances']:

print (" Bounding box")

print (" Top: " + str(instance['BoundingBox'I[ Top)
print (" Left: " + str(instance['BoundingBox['Left))

print (" Width: " + str(instance['BoundingBox1['Width'))
print (" Height: " + str(instance['BoundingBox']['Height']))
print (" Confidence: " + str(instance['Confidence'))

print()
print ("Parents:")
for parent in label['Parents’]:
print (" " + parent[Name'])
print ("---------- ")
return len(response['Labels'])
def main():
photo="
bucket="
label count=detect labels(photo, bucket)
print("Labels detected: " + str(label_count))

if name ==" main_"

main()



Response
{ "Labels" [

{ "Name": "Zebra",
"Confidence": 98.19500732421875,

"Instances": [

{

"BoundingBox": {

12

"Width": 0.21801050007343292,
"Height": 0.25438207387924194,
"Left": 0.18564695119857788,
"Top": 0.5029727816581726

"Confidence": 98.19500732421875

"BoundingBox": {

12

"Width": 0.09933410584926605,
"Height": 0.16792772710323334,
"Left": 0.5208384990692139,
"Top": 0.37427759170532227

"Confidence": 63.30255889892578

:|}

"Parents": [

{

"Name": "Wildlife"

"Name": "Mammal"

"Name": "Animal



n,on

"‘Name": "Mammal",

"Confidence": 98.19500732421875,
"Instances": [1,

"Parents": [

{

"Name": "Animal"

n,on

"Name": "Animal”,
"Confidence": 98.19500732421875,
"Instances": [],

"Parents": []

"Name": "Wildlife",
"Confidence": 98.19500732421875,
"Instances": [1,
"Parents": [
{

"Name": "Animal

]

h
"Name": "Giraffe",
"Confidence": 97.3818359375,
"Instances": [

{

28



"BoundingBox": {
"Width": 0.36936891078948975,
"Height": 0.8236808776855469,
"Left": 0.36908936500549316,
"Top": 0.11070603877305984

},

"Confidence": 97.3818359375

],
"Parents": [
{
"Name": "Wildlife"

"Name": "Mammal

"Name": "Animal"

non

"Name": "Zoo",
"Confidence": 61.739158630371094,
"Instances": [],
"Parents": [
{

"Name": "Animal"

],
"LabelModelVersion": "2.0" }

29
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[

wanamam ilusauds Name wagansesuanandesiulilusiuus Confidence fail
"‘Name": "Zebra",
"Confidence": 98.19500732421875,

WNER WMAAeRIN Zebra SAsedunnuiesiuf 98.19%

sryfumLsveUAveINaesinginTIanusmesuls BoundingBox syt (width)
AU (height) Muvtsaugng (left) wagdumianuuu (top)
"BoundingBox": {
"Width": 0.21801050007343292,
"Height": 0.25438207387924194,
"Left": 0.18564695119857788,
"Top": 0.5029727816581726
L
"Confidence": 98.19500732421875

aa1Inne (Clarifai)

TWsunsuilldinadin RetinaNet wéonaandnanssuunuman Inception-va Tneflinousy
Tawnadeeedosa Open Images Va iflundn dsyadoyaiusznaudetagiidtheiiuinm
30 &1usiems anusoasnwldzean 128 nnlunisden AP afudien

sessumsvhauldvaneguuy dail
1. msguadion (Text moderation) asyadumunilsiivanzay a1uneu1ans AnA
2. msilsteanu (Text embedding) MsfmuauiinuSonnavsjiiiedinseidenimumu

o

M3puANIN (Image moderation) s¥ylevnilsifesnts Saruguuse

vlU (General) uansthamiy

fmuLes (Custom) adauuudiassianzizeiFosnis

Uoyauszy1ns (Demographics) iMueeY LA demfanaeng

n31adulunth (Face Detection)

ATTUNINAUNS (Celebrity)

a3193ULATBIusINNe (Apparel Detection)

10. n3393UMTHaYAIURAL (Food)

11. 75333ud (Color)

Y oo N o AW
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12. m’m%’uﬁuﬂmazamma (Textures and patterns)
13. #5293Unmaun (Not safe for work)

14. asrasunmieatunisvieadien (Travel)

15. ps1adunmiAIfunIsuesy (Wedding)

LAASNALLNIAINT 20 DUAUWSA FeAAUtatiuazlitdaenin 0.70 %58 70%

general savanna 0.917

park 0.916
English (en) v

BRQEABILITY reserve 0.900

zoo 0.992
herbivore 0.883

safari 0.992
AU — barbaric 0.874

wildlife 0.990
no person 0.850

giraffe 0.985
nature 0.982 ] ungle 0.848

mammal 0.980
long 0.846

wild 0.976
grass 0.967 tree 0.832

neck 0.952
head 0.829

a o ' ¥ o | v a
AINN 22 mamqwamigmmwmﬂmsﬂﬂﬂmimmima

1 APl Tiilanmanaldauns 1,000 AnAaLfoN 589500191 53 N1 WelUSBISUN W Ing 5895U
Inldnwwnana jpg .png tiff .bmp wag webp

English (en) -

German (de) .
English {en)
Spanish (es)
Finnish (fi}
French {fr}
Hindi (hi)
Hungarian (hu}
Italian (it)
Japanese (ja)
Kerean (ko)
Dutch {nly
MNorwegian (no)
Punjabi (pa)
Polish (pl)
Poriuguese (pt)
Russian (ru)
Swedish (zv)

Chinese Simplified (zh)
Chinese Traditional {zh-T\V)
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Python-Request
from clarifai_grpc.grpc.api import service pb2, resources pb2

from clarifai_grpc.grpc.api.status import status_code pb2

YOUR_CLARIFAI_API_KEY = "777"
YOUR_APPLICATION_ID = "77?"
SAMPLE URL = "https://samples.clarifai.com/metro-north.jpg"

# This is how you authenticate.
metadata = (("authorization", f'Key {YOUR CLARIFAI_ APl KEY}"),)

request = service_pb2.PostModelOutputsRequest(
# This is the model ID of a publicly available General model. You may use any other
public or custom model ID.
model _id="general-image-recognition”,
user app_id=resources pb2.UserApplDSet(app_id=YOUR APPLICATION ID),
inputs=[
resources_pb2.Input(

data=resources_pb2.Data(image=resources _pb2.Image(url=SAMPLE_URL))

)

response = stub.PostModelOutputs(request, metadata=metadata)

if response.status.code != status_code pb2.SUCCESS:
print(response)

raise Exception(f'Request failed, status code: {response.status}")

for concept in response.outputs[0].data.concepts:

print("%12s: %.2f" % (concept.name, concept.value))
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Response
data {
concepts {
id: "ai_ HLmqgFgBf"
name: "train"
value: 0.9996053576469421
app_id: "main"
}
concepts {
id: "ai_fviBgXZR"
name: "railway"
value: 0.9992986917495728
app_id: "main”

dutunna (Imagga)
sessumsvihedldvanssuuy il

1. nsesuIenIn (Tag) ldAesureusenaunin
msdananauy (Categorization) Fnesguamduvsnavyfiieades
mandunseatiemesnin (Content moderation) ﬂauﬂiaamamsﬂmwmmmﬂmm
n3ATOUSA (Cropping) i@enflufififsgaansmunniigavasguam
M3uend (Color extraction) AumAdlaniuresingiunduasiuviosguam
n53nd1luntd (Face recognition) A5I93ULAANTINNVBILAY
nsfuEEnIN (Visual search) sugalidumiuiomiiadioadaiuy

© N o R LD

NsENBUTULUUAMUALEY (Custom training) Faviiiavsiilvansauiuiienianig

1 APl Tsilanmanaldauns 1,000 AndeLfou maé’wéﬁlﬁuammﬂugﬂufuwuaqéau
§n# JSON (JavaScript Object Notation) &l 2 duwndnuszneusie witn - 1disdvacudin
wauaiuuzihdmduusizaznm wazAsesunudesulusaafitanadesidudain 0 B
100 Tnet 100 mnearwiwdinifaumisadesss waganudesiutionndt 30 vunga
windilanuiendosi Tnofmunsnsuanmasuduiissiuaudesiu 10 sufuusn way
mm'ﬁa@maLﬁmamﬁﬁhszﬁummL%aﬁuﬁﬁmfjﬂﬂwﬁq 7% 19 Hadns5095uN1wIE19e) 819 50
AT IneaeY



Shell Node.js Java Python =
import requests PHP
url = "https://api.imagga.com/v2/ ?ley

querystring = {"image_url":"http: Objective-C

headers = { Go
'accept': "application/json",
'authordization': "Basic YWNjX Swift
-
4
Powered by APlembed £ Copy to Clipboard
Requests

import requests
url = "https://api.imagga.com/v2/tags"

querystring =

{"image_url":"http://playground.imagga.com/static/img/example_photo.jpg

headers = {

Lo

‘accept”: "application/json”,

‘authorization": "Basic

34

J"version™:"2"}

YWNjXzJKYzdkNzNjMmYwODUMToxYzQ3Yzg2ZDg0YjdmYjd}YjZjNzZQINTQIMmYwWNTgzMQ=

=}

response = requests.request('GET", url, headers=headers, params=querystring)

print(response.text)

API-Python

import requests

api_key = '&lt;replace-with-your-api-key&st;'

api_secret = '‘&ltreplace-with-your-api-secret&sgt;'

image_path = /path/to/your/image.jpg'

response = requests.post(
‘https://api.imagga.com/v2/tags’,
auth=(api_key, api_secret),
files={'image". open(image path, 'tb")})

print(response.json())



Response
{
"result": {
"tags": [
{

"confidence": 61.4116096496582,

"tag": {
"en": "mountain”

"confidence": 54.3507270812988,

"tag": {
"en": "landscape”

agging

Upload your photo

‘You can upload a photo or paste a URL of an image

Note: 8y uploading fles here you agres o have them temporarly stored in our training dataset for the.
‘Sole purpose of improving Imagge's technoiogy.

Image URL
https://imagga-demo-uploads.s3.amazonaws.com/tagging-demeo/7+4

Tip: Veu can paste any image URL here and gel ags. O Include colors

Generated tags

Concepts

English ©

S show me more tags

Try with example images

Select one of the following images to see the results:

T

N
)

oo T

AN 23 Megraman1sIinnnaemelusinsuBumnm

35

Start using our Tagging APIL.
Check our Pricing Plans or:

Sign Up for Free

Implement in seconds

shell  Nodejs  Java  Python

curl --request GET \

--url 'https://api.imagga.com/v2/tags?image_url=htt
--header 'accept: application/json’ \
--header 'authorization: Basic VWNjXzJkYzdkNzNjMmtw

“« 3

Powered by APlembed £ Copy to Clipboard

See Our Full APl Documentation
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Upload your photo Generated tags English -
You can upload a photo or paste a URL of an image Concepts
- @ O
]
il
1
1}
1
1
1
| —
1
1
i < show me more tags
27.22%
e ao O -
] o [ldSgeoe rous
patem T BE
rate 9.04%
_ 16.55% -mment 8.24%
grafles 4 ER
-'Ie T7.43%
standing. e looki 721%
ng E
[potai 7

Al 24 frpgreranisiiinnaneselusunsudumnnwuuenaidunwdinge
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Upload your photo Generated tags Thai

You can upload a photo or paste a URL of an image

68.80%
64.63%
60.09%
57.66%
56.74%
54.99%
41.61%
32:19%

29.17%

< show me more tags

.:4' Y 1 1 1 1% a I
AN 25 GYJElEJ’NNaﬂ’]iLLEJﬂ‘ViﬁJ’JﬂViHﬂ’]‘Wﬂ']EJWJEJIUSLLﬂilI@%JLNﬂﬂWLUUﬂWUWIVIH

IUSLLﬂS&JSNmeé’ﬂmmmLLSﬂMuaﬂwyzﬁuaﬂﬂﬂwlﬁﬁgwum 13 vy Ag
1.a18lue1A13 T0q (interior and objects)
Z.Qﬁﬁﬂﬁ (nature and landscape)
3. 419910 Breneka (beaches and seaside)
4. 9uU"SH (events and parties)
5,873 1A8sAN (food and drinks)
6.07M1A UAAUL (paintings and art)
7. &80 dnith (pets and animals)
8.U9AU NN (text and visuals)
9. Wsrenfindu wszenfindan (sunrises and sunsets)
10. 08UA YN (cars and vehicles)
11. wulas eenld (macro and flowers)
12, yuueauy anndnenssu (street view and architecture)
13. AU (people and portraits)

Upload your photo Generated categories English

You can upload a photo or paste a URL of an image
-dscape 16.43%
lJents & Parties 3.83%
l:‘aintings &Art 2.45%
IMacro & Flowers 1.28%

Try with example images

Select one of the following images to see the results:

AT 26 FRENTHENTIIIATLMElUTUNTUBUWNM



niaralidueiile (Google cloud vision API)

piaraitueile Wuniduuinisvegiananiunannesy (Google Cloud

38

Platform) ldmnuanunsaanmalulagveeiia ietieguigauasnInlusensins e
am Fueileditliztivanunsadilaladniemvesnmiufessls lagldnalulagiuseiuiu

tluniAalvlle (Google Photos) s annsadnsgnanaelaeeauwsiuginanunsaunluly

Nuliviuiileglifeainatsuneunsiiauw fnme wazpunnvedlung wmszgiaazdu
HAnnsiaazUTulssEavEamegilomaaimun IngldmalulagnisiSeusuuuiasuias
(Reinforcement Learning :RL) a@nansadnnisiulumaianualatituntineulsa (console) va4n

Aalnense aunsoaislumatuainyadeyaveadlilaes malulagnmseusiuuatumeasd

Usznaulumeihseuwunidsa (neural network) fpuas (controller) ianunsaiauslafenaln

nsviuvestlieg wagssuunineevageukatlinanaundu (feedback) I1AaAIUANAIS

Ysuupslumaiaueuniiognalstne ndinisiauelafe vageu wasdsulss ineiigauasi

‘:4' o Y 1 aa U = v = &
AuANaiauelimafiannsaviauldesehifian wazdaiinisisenldanu TensorFlow aidu

laus3dmiumaitousdidedn Mldudssansnmiuanusngwy in3esdloAum (search

engine) N3kUan1® (translation) ATUSIBIBAIN (image captioning) ay LATONOUIELNTT

L@UBLUE (recommendations) &I APl Tildnaaasldaruns 1,000 nMwsaLiau

seafumsvhaulavatesuuuy il

1.

2
3
il
5.
6
7
8
9

vuagniLusindmiuiuiinseusinuuzUnin (CROP_HINTS)
nsadutauluenas (DOCUMENT TEXT DETECTION)
asradulunthnielunin (FACE_DETECTION)

AMungnnuaTRvesgUnm 19y Fflanidurezuniw (IMAGE_PROPERTIES)
mmé’uﬂwﬁﬁumuLﬁamgﬂmw (LABEL_DETECTION)
n3393URduNanmansnielun1n (LANDMARK_DETECTION)
nrdulalAuiemnielunin (LOGO DETECTION)
aramiiemilondlivaendeniolifisUszasd (SAFE_SEARCH DETECTION)
n3333utendlugun1n (TEXT _DETECTION)

10. psaduyAnalanIzIZes (WEB_DETECTION)



JUNBUNITNIY
1. m%avﬁﬂ%ﬁ’m% Google Cloud
Y =) =3 L2 =) = v < 3
2. lumaulea Goosle Cloud TUNUNANADALUSLING LaRNWSBES1LUSLING Google
Cloud
3. WUAlY91U Cloud Vision AP
4. @59Adiaiile wayswanIy

5. HaANRILUTANINLINADH GOOGLE APPLICATION CREDENTIALS tudunavaslng
JSON

def detect labels(path):
""Detects labels in the file.""
from google.cloud import vision
import io
client = vision.ImageAnnotatorClient()
with io.open(path, 'rb") as image file:

content = image _file.read()

image = vision.Image(content=content)
response = client.label detection(image=image)
labels = response.label_annotations
print('Labels:")

for label in labels:

print(label.description)

if response.error.message:
raise Exception(
‘{A\nFor more info on error messages, check: '
'https://cloud.google.com/apis/design/errors'.format(

response.error.message))



Request
{
"requests”: [
{
"features": [
{
"maxResults": 50,
"type": "LANDMARK DETECTION"
},
{
"maxResults": 50,
"type": "FACE_DETECTION"
},
{
"maxResults": 50,
"type": "OBJECT LOCALIZATION"
},
{
"maxResults": 50,
"type": "LOGO_DETECTION"
},
{
"maxResults": 50,
"type": "LABEL _DETECTION"
},
{
"maxResults": 50,
"model": "builtin/latest”,
"type": "DOCUMENT TEXT DETECTION"
},
{
"maxResults": 50,
"type": "SAFE_SEARCH DETECTION"



"maxResults": 50,
"type": "IMAGE PROPERTIES"
2
{
"maxResults": 50,
"type": "CROP_HINTS"
}
],
"image": {
"content": "(data from A10.jpg)"
2
"imageContext": {
"cropHintsParams": {
"aspectRatios": [
0.8,
1,
1.2

Response
{
"labelAnnotations": [
{
"description": "Giraffidae",
"mid": "/m/01vaér",
"score": 0.92908275,

41



"topicality": 0.92908275

2

{
"description": "Vertebrate",
"mid": "/m/09686",
"score": 0.919814,
"topicality": 0.919814

"description”: "Plant”,
"mid": "/m/05s2s",
"score": 0.91838485,
"topicality": 0.91838485

"description”: "Giraffe",
"mid": "/m/03bk1",
"score": 0.91128004,
"topicality": 0.91128004

"description”: "Neck",
"mid": "/m/0dzd8",
"score": 0.88005626,
"topicality": 0.88005626

"description”: "Organism”,
"mid": "/m/05nnm",
"score": 0.867331,
"topicality": 0.867331

42



"description": "Fawn",
"mid": "/m/0276krm",
"score": 0.81594026,
"topicality": 0.81594026

"description": "Terrestrial animal”,
"mid": "/m/0fbfim",

"score": 0.8136724,

"topicality": 0.8136724

"description”: "Grass",
"mid": "/m/08t9c ",
"score": 0.7986731,
"topicality": 0.7986731

"description": "Zebra",
"mid": "/m/0898b",
"score": 0.7889395,
"topicality": 0.7889395

"description”: "Landscape”,
'mid": "/m/025s3q0",
"score": 0.7754316,
"topicality": 0.7754316

2

{
"description”: "Snout",
"mid": "/m/05mgg3",
"score": 0.771818,



"topicality": 0.771818

2

{
"description": "Grassland",
'mid": "/m/01c7cq’,
"score": 0.7633734,
"topicality": 0.7633734

"description”: "Recreation”,
'mid": "/m/06bm?2",
"score": 0.75889146,
"topicality": 0.75889146

"description”: "Wildlife",
"mid": "/m/01280¢",
"score": 0.7155778,
"topicality": 0.7155778

"description”: "Nature reserve",

n,on

'mid": "/m/Oswq_",
"score": 0.6671671,
"topicality": 0.6671671

"description”: "Pattern”,
"mid": "/m/0hwky",
"score": 0.6349945,
"topicality": 0.6349945

a4



"description": "Jungle",
"mid": "/m/01y3fy",
"score": 0.6068363,
"topicality": 0.6068363

"description": "Tree",
"mid": "/m/07j7r",
"score": 0.58128315,
"topicality": 0.58128315

"description”: "Palm tree,

"mid": "/m/0cdl1",
"score": 0.5688465,
"topicality": 0.5688465

"description”: "Tail",
"mid": "/m/06z_nw",
"score": 0.5577832,
"topicality": 0.5577832

"description": "Zoo",
"mid": "/m/089v3",
"score": 0.5489116,
"topicality": 0.5489116
2
{
"description”: "Trunk",
"mid": "/m/02tcwp",
"score": 0.5251859,
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"topicality": 0.5251859
L,
{
"description": "Safari",
"mid": "/m/0199b0",
"score": 0.51667583,
"topicality": 0.51667583

"description”: "Pasture”,
"mid": "/m/01gd91",
"score": 0.51553565,
"topicality": 0.51553565

"description”: "Savanna”,

"mid": "/m/01c7d3",
"score": 0.5093298,
"topicality": 0.5093298

"description”: "Natural landscape”,

"mid": "/m/03d28y3",
"score": 0.50280577,
"topicality": 0.50280577

"description”: "Herd",
"mid": "/m/03vdd6",
"score": 0.5009309,
"topicality": 0.5009309

a6



Objects Labels Properties Safe Search

Zebra 96%

Giraffe 93%

A9 27 fMegraman1snTaduinglunindresiglusunsugiianaiiituedle

Objects Labels Properties Safe Search

Giraffidae 93%
Vertebrate 92%
Plant 92%
Giraffe 91%
Neck 88%
Organism 87%
Fawn 82%

A9 28 fpgraman1szinmaemelusinsugiiananitituedle
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Objects Labels Properties Safe Search

A
Dominant Colors
#AEQA7B, RGB(174,154,123) 32%
Y = VPRGN W R Y

A9 29 fpgraman1siidlunmemelusinsuniana1lituedle

Objects Labels Properties Safe Search

Adult Very Unlikely
Spoof Very Unlikely
Medical Very Unlikely
Violence Very Unlikely
Racy i Unlikely

Likeliness values are Unknown, Very
Unlikely, Unlikely, Possible, Likely, and
Very Likely

A 30 Mpgraman1sziauvasadelunmaemelusuinsunifananiiituedle

a8
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a A o fay v Yo AN P A A v a v o %
asandaninaansiilaannsitlunmmiewelesnsfuminiestedlugiiala vilaunse
AUMNAUNLELNILAN AN IA NI LA 9819570157

Google

Objects Labels Properties

Safe Search

A
Giraffidae 93%
[Search for Giraffidae on Google]
Vertebrate 92%
Plant 92%
Giraffe 91%
Neck 88%
Organism 87%
Fawn 82%
= =]
Giraffidae X = Q
Q onua dupl 381 @anars O Maps i winéu ndasiia

wnansAumsaNna 6,750,000 s1gms (0.35 Tui)
10dndy - Aunnadnsiiiunienawindu aad@unsassuneilddwntumsdean

https://en.wikipedia.org > wiki > Giraffidae ~ wlawviil

Giraffidae - Wikipedia

The Giraffidae are a family of ruminant artiodactyl mammals that share a common
ancestor with deer and bovids. This family, once a diverse group spread

Order: Artiodactyla
Class: Mammalia

Superfamily: Giraffoidea
Kingdom: Animalia

Giraffoidea - Palaeotragus - Southern giraffe

https://animaldiversity.org > accounts > Gi... ¥ wlawvhil

ADW: Giraffidae: INFORMATION - Animal Diversity Web
Giraffidaegiraffes and okapis ... This family includes only two living species, the giraffe and the
okapi. These two very different animals are restricted to

https:/iwww.sciencedirect.com > topics > g wilawiil

Giraffidae - an overview | ScienceDirect Topics
taxa) is a general term for any group of organisms, usually, but not always, meaning any named
set of organisms, regardless of its rank. Thus, any recognized

https://hmong.in.th > wiki > Giraffidae ~

Giraffidae aynsuisiuuazdanragiawy - 3asmlna
Giraffidaeifluasauasrzasdaitdandas ihiadasandrmildusuiusswussusufucervids
uarbovids

Girafiase

[z] DTRANLEL

Giraffids <

dad

wilaanadenay -
Giraffidae ufhmi:qamauiﬂilsmand‘ww Artiodactyl
daiidadasdeiusswusesmfunnouaivia asau
aniviananivannuasnsznglivhaisdouas

uawim g fia dswl

warlamil isaasgnAntieagluauniniaanast
wavlin: dnvagluvienahariuudla was okapi ..
Sifida (mendonax)

adagasiuaty v

szazdeassa: 49 15 Wau

A 31 Mswerlpawadnsanlusunsugiananiiduedleludlusunsugiia
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Tuiinmamiditdannisidnsesiie

wuutuiindeyaumaimaniaiesdiedinmimemnaiatygiussivg Ussnaudae
swalndn1w (File ID) Juiinadey (Test date) Foyalumniammn (Metadata) wieumszfuaIm
{Heilu (Confidence score) MnlUsunsuBILToU 15ARBATYY AaT3Ye Bulnn wasqianan
Aueiile Tneldumamiifiaiseduamudetuunnnin 50% wislunsdifisiuuumaimiia
ANsEAumILLERuIINNTT 50% Srunutios axlduninmn 10 Suduusndild Fanandlunisnsd
4 fs an319fl 7

n1sssuLisuaninmndesdiduniuatnnadedunandlunisedl 8 waznas

= = = o w v v Qj'
L‘UﬁEJ'UWlEJUL@JV]']@'W]']Lﬁﬁl\‘ia'WTUWWlIm?@ﬂiﬂ'ﬁLLﬂ@ﬂu@qiqﬂW 9

N v o Y a o LY
#1319 4 LL‘UUUUVIWUE]@;IJ'ﬁLiJVl']@'WI'V\]’]ﬂI‘UiLLﬂilIE]LlISU'P]u LIPABDAUYUVBININIUAF AO0L0

SHALWANIN Fufinaaau UayaunNINImMI ArszRuAMITasiY
(File ID) (Test date) (Metadata) (Confidence score: %)
A010 damAu 2565 zebra 98.10
mammal 98.10
animal 98.10
wildlife 98.10
giraffe 97.30
dele} 61.70

7157991 5 wuutuiindeyalumnmInlusunsUBNLNNIYeInINTYia A010

swalwanw Fufinegau UayAUNINIMI ArszRuANLTRiY
(File ID) (Test date) (Metadata) (Confidence score: %)
A010 A491AL 2565 giraffe 100.00
wildlife 68.80
safari 64.63
animal 60.09
mammal 57.66
wild 56.74
zebra 54.99
Z00 41.61
park 32.19

reserve 29.17
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M13199 6 KUUTUNTaLaINIAIMIINTUTUNTUARNTNIEYBININTITE AO010

swalwdnw Fuiivmgou UaYAUNIAIM AszAuAIALTeLiy
(File ID) (Test date) (Metadata) (Confidence score: %)
A010 damAu 2565 700 99.20
safari 99.20
animal 99.10
wildlife 99.00
giraffe 98.50
nature 98.20
mammal 98.00
wild 97.60
grass 96.70
neck 95.20
savanna 91.70
park 91.60
reserve 90.00
herbivore 88.30
barbaric 87.40
Nno person 85.00
jungle 84.80
long 84.60
tree 83.20

head 82.90
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1157991 7 wuutuiindeyaumamiainlusunsungiiararniituieiilevesnmsia A010

svalwann Fuiivmgou UaYAUNIAIM AszAuAIALTeLiy
(File ID) (Test date) (Metadata) (Confidence score: %)
A010 dannau 2565 giraffidae 93.74
giraffe 93.61
plant 93.44
vertebrate 92.00
neck 88.16
organism 86.84
zebra 82.85
fawn 81.60
grass 81.56
terrestrial animal 81.55
landscape 79.40
adaptation 79.20
recreation 77.51
snout 76.98
grassland 76.88
wildlife 71.52
pattern 67.15
nature reserve 66.62
tree 62.17
jungle 61.55
tail 57.91
palm tree 57.58
Z0O 55.05
groundcover 53.95
pasture 53.75
savanna 52.85
safari 52.61
trunk 52.44
natural landscape 52.06
herd 51.61
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ANS199 8 LUSHUMIBULNIANLTEIANR UANUANAIULY DU

\w3asdie SWILAT A AL AN AR BT
INSDUNINEY 5 animal, creatures, giraffe, zebra, zoo

LYY L5ARBATITU 6 zebra, mammal, animal, wildlife, giraffe, zoo
AA1INY 20 zoo, safari, animal, wildlife, giraffe, nature, mammal,

wild, grass, neck, savanna, park, reserve, herbivore,
barbaric, no person, jungle, long, tree, head

AULUNNN 10 giraffe, wildlife , safari, animal, mammal, wild, zebra,
Z00, park, reserve

QLﬁaﬂaﬂﬁ%sﬁuLama 31 giraffidae , giraffe, plant, vertebrate,neck, organism,
zebra, fawn, grass, terrestrial, animal, landscape,
adaptation, recreation, snout, grassland, wildlife
pattern, nature reserve, tree, jungle, tail, palm tree ,
zoo, groundcover, pasture, savanna, safari, trunk,

natural, landscape, herd

a Tl I a o w LY
A9199 9 LWUSHULNBULNIANUSEIAINUANUAIDN YT

GERRED) BINIAINILSBIAIAUAINAIDNYS

UINFBUNNENE animal, creatures, giraffe, zebra, zoo

DLUYDY LSAADALTU animal, giraffe, mammal, wildlife, zebra, zoo

Aa13NY animal, barbaric, giraffe, grass, herbivore, jungle, long, mammal,
nature, neck, no person, park, reserve, safari, savanna, tree, wild,
wildlife, zoo

AULUNNN animal, giraffe, mammal, park, reserve, safari, wild, wildlife, zebra,
Z0o

QLﬁaﬂm’Jﬁ‘i‘fuLama adaptation, animal, fawn, giraffe, giraffidae, grass, grassland,
groundcover, herd jungle, landscape, natural, nature reserve, neck,
organism, palm tree, pasture, pattern, plant, recreation, safari,
savanna safari, snout, tail, terrestrial, animal, tree trunk, vertebrate,

wildlife, zebra, zoo
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N15ATIENUIEENEA W

maleneilsyAnsnmveneiasdionisiiamaedliitnstudanauasauam
Tudaiinangasaaoudiuiunnaeiamsauenumamildaanugndesnnnii 80% lu
\FanunnliiBnsinsziteyaaesuuy Ae FBnsmsadifiiiomeaundiondsosenas
(Similarity) lngldnisAmuaaiauaaislaleil (Cosine Similarity) Advivgeu (Word
Overlap Similarity Measure) waznanedilaivudiou (No Word Overlap SimilarityMeasure)
dumamaszansnmysaaiesile TinsAmnamaul (Recall) Aanuusiugh
(Precision) Uag A1ANYNABAUENTU (F1-score) (Hancock, 2004; Singthongchai &
Niwattanakul, 2013; Abdullah el al., 2020)

mMyinmAnugndestessmamilassiumamfildumieuiuainang
Wisuidisufuamamitldanlusunsa devnarmnuadends malusunsaleadidfisina
adeedadilng 1 infigavsneanuindismmmimileutusnndign wagiaaUszavsnmues
ipsesile nMsAIMImMAIANl Amnuliug ey Amnugndeseniy

AsInANANYIUGaY (Word Overlap Similarity Measure)
N137PAIAMLITUL 91 TUNITAT LIS NLIUANTISILTY A1URlARINTIUIUAILUNIAN
PARIUAUINLAALLATBIIID MITAILINLIUARUNIAINIALALINSDUAINENY FIauN1TA (1)

|A N B| (1)

Simoverlap (A: B) = T

Tng |A|mnesa Snudwmemildamdounineng
| B |nangils Srunudiamaininldunainiaisdile
|A N B| vuneds SruiudumamieIeailedisiuiu

AN5199 10 KANIFINANANNULBUTBININTHE A010

GERRED) AMWIUAT MR ULaUNY

INSDUNINEY 5 animal, creatures, giraffe, zebra, zoo

DLUYOU LIAADATLTY 4 animal, giraffe, zebra, zoo

Aa51Y il animal, giraffe, zebra, zoo

DUUNNT a animal, giraffe, zebra, zoo
a

a fa o a . .
Qmaﬂm’sm%mawla animal, giraffe, zebra, zoo
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lunstlveaiiegranin A0L0 WA RIToun ENeldIwIU 5 A1 nluswnud

o % 2 1 ¥ o = 1 o o v 1 ¥ 4 1 -
ANVIUGDUYINAUAD 4 AN FaAIAINIULULINAU s - 0.80 %50 80% Winfiunnluswnsy

nsIaraniilsisiudiau (No Word Overlap SimilarityMeasure)
HunsTaemildiudeunsifumiilimnumneiiiedeannzay wmntanldlunns
SvunAvLEzansaislemalunishumamlanndsiy Aunalldannsiuaudiam
s istladfismfuualianumnefiisitosiunmainusasiedeilo mseesvaummmIa
mitldnwdounmene adildasuandenialunisdumnindiinndsty faunisi )

|BN00verlap | (2)

SimNoOverlap (4,B) = 4]

= o o o A 1o W 1 & o ay v A a v
oy |BNooverlap wnefsdnuaailiiudeunsdumniiaunneiineidesnungay

| A|vnefls Srnufiumanmildumdenninaiey

AN5199 11 KANISIAANANA BITULDUVDININTHE A010

Lﬂ";'l’elsiﬁ'e) fﬂo"l‘l«!'J‘uﬁ'] LS.I‘VI']ﬂ']VI’]ﬁﬁﬂ’J']ﬁJWSJ']EJLﬁIEJ’J‘l’J”eN

1IN DUNINEY 5 animal, creatures, giraffe, zebra, zoo

DLUYOU LIAADATLTY 2 mammal, wildlife

Aa13NY 4 mammal, wildlife, grass, safari

uLUNAN 3 mammal, wildlife, safari

QLﬁaﬂanﬂ‘iﬁuLam@ 8 wildlife, vertebrate, safari, grass, plant, recreation,

animal, palm tree, giraffidae

[

I o av 1o v @ o g v A a v ' a1 &
ﬂ']ﬂ']V]lﬂJV]UGUQULW]LTJUW']WSL“?I’J’]MWM’]EJV]LﬂfJ’JGUENLcVTlI']galI “UENLLG]azIUiLLﬂiMJmmu

= 1.60 %99 lanalun1sAUNILANTY 160%

Ao 2 = 1Y a X
DLUYDU LINADAUYUY = E = 0.40 139 I@ﬂqaﬁ‘LUﬂqiﬂUWﬁlLWNmu 40%
- 4 o Y 2 X
Aa1INNY = E = 0.80 3@ I@ﬂqﬁIUﬂfl'ﬁﬂi\JM'}LWNmu 80%
a 3 = 1Y a X
BULUANN = E = 0.60 139 I@ﬂqaﬁ‘LUﬂqif’]UWWLWiﬂJu 60%
8
5

piaraituedile =
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n1sinAnuadelalyd (Cosine Similarity)
mMymeauadienadlsismeduUssansauazielaleddunismairnunde
gosunmlafduindeunmareimiloututumamiilaanesesdioundesualn
wngAUNMsIAANLAE BRI Tiiaualdwiniy Afldanndusaaudaus 0 89 1 wndlen
wiiu 0 wlatlifianuedeiuee sranuededilng 1 wadndanuadieiugs A
I¢annsumagm (dot product) Teaanines 2 nwesudniumsieruavesisaes

NAMBIANUIULAAINAUNT (3) P9

A'B Y, AB
TATIET -
i A S, B

198 A 1Az B ABLINADSNLAAIUNIAINIVDIADILATDILD

cos(@) =

A - B fia navinvesnannuatesrlsznauiidennaediurainmaes
|A]l waz [|B]| eruuniigavesinmesvauunininiuiaziniodile

A15197 12 wan1sinAauratslaleyd ¥9InInsHa A010

Lﬂ%.a\‘lﬁ'é] "5’114!’.]14!??’1 LUNININN

INFBUNNENE 5 animal, creatures, giraffe, zebra, zoo

ALY LSARDATITU 6 animal, giraffe, mammal, wildlife, zebra, zoo
Aa151Y 20 animal, barbaric, giraffe, grass, herbivore, jungle,

long, mammal, nature, neck, no person, park,
reserve, safari, savanna, tree, wild, wildlife, zoo

uLUNNN 10 animal, giraffe, mammal, park, reserve, safari, wild,
wildlife, zebra, zoo

QLﬁaﬂanﬁisﬁuLama 31 adaptation, animal, fawn, giraffe, giraffidae, grass,
grassland, groundcover, herd, jungle, landscape,
natural, nature reserve, neck, organism, palm tree,
pasture, pattern, plant, recreation, safari, savanna,
safari, snout, tail, terrestrial, animal, tree, trunk,

vertebrate, wildlife, zebra, zoo
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v
v

AduUsEaNSANLAANlATeUvBdLAar Uk ST AR

a o 4 &
AUYDU LSARDAUYY = ——=0.73 %58 73%
5v6
a 4 Gl
AATINY = —— = 0.40 %39 40%
v/ 5v20
a 4 Gl
AULUNNN =———=0.57 N30 57%
v/ 510
a fa o =) 4 A
Qmaﬂanméﬁmawia = ——=0.32 %99 32%

ul
é’
=

FaA1Uszansnmanaasasie

mMy¥amUszansnmvesumamitlaainededioldiinaiiaussansnnaeunsodle
3 A1 Lo Arauls (Recall) Apduuaiugn waz AAugnAeseniu (F1-score) 1unis
ANINUTEENTAMN

Amul (Recall) ﬁaﬂ'ﬁwmuﬁwmemmﬁLﬂ%"aﬁﬁaﬁmumlﬁgﬂéfaa WaZQNABINI
A1934 (True Positive) GuaqsﬁayjaGiaai’wmummmmﬁgwmﬁgﬂﬁm (True Positive + False
Negative)

AANLiLgT (Precision) Aerduausamamiiedosilorimunldgnies uas
9NABIAIUAI934 (True Positive) Gumsé’fagasiaﬁﬁmummm'}mﬁm‘%'aaiaﬁmumlﬁﬁwm (True
Positive + False Positive)

AAnugnAeseiu (Fi-score) AafinArmnuduiug vioanadsvesmenaluay
Aenuusiugn [dusinuszansamuesdosilefifuunmmaim Ssiidegsening 0 fs 1
1neA1 Fl-score Wlng 1 ‘mnﬂﬁaﬁm%'mﬁaﬁﬂizﬁw%qua AuINRINELNS (8)-6) fail

Tnevhluidloussifiundostioadrauminim msfiansanisaiaals uasAag
wiugrdeiitelnldaudilavamaieaiulssansnmusaeiedle wiaiiefifidnmuusiuen
quwimmmvl,’wi"wmf\]%ﬁﬁa’]mimzqmemmvl,é'gﬂé’aqmﬂﬁa%’wﬁgwm WD LN ULLNIAN
milgndesmuaieiomn dueTesdiefifiietligaud Aeuuiugvhdeaunsafmuai
AR NABIIUIULININUNIAIMIAILAITY ﬁﬂasmmﬁqﬁam%aﬁaﬁﬁmmi'gqmsimm
wiud1eversEymAMlndiAsausionavzinduiuvesumamfiaisliusligndes
(false positive) ga fatfurnnugniasieniu Judunasiimunsuieuisuanuaung
syIneANuLaugLaraula
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TP
Recall = —— (4)
TP+FN
TP
Precision = ——— (5)
TP+FP
precision * recall
Fl-score = 2 * (6)

precision + recall

lag TP vungfaumiamnnugneas FN MmaﬁqLmnmvnﬁwmwihjgﬂﬁm FP
MneiuuaNgnaausliny

ANS199 13 mamﬁmmmmgﬂﬁmLummmwaqmmﬁa A010

\n3aile TP FN  FP dadnula A1ATY AIANQNABY
(Recall) wsiugh N

(Precision) (F1-score)

alual LsARBALTY 4 2 1 0.67 0.80 0.73
AANSTNY 4 16 1 0.20 0.80 0.32
2NN 4 6 1 0.40 0.80 0.53
piiaraditweiile 4 21 1 0.13 0.80 0.22

MnTemsiaAduaziuIndunsinamazineve A RAas it fi
flaumnelndidsslildinfinnsansiuge menazshedfldeenuniddnsetuanuduase
wiilethn dieliemAdediianuindedefiutiu msfinnsananurdrorddudnnumne
(semantic similarity) 53468



un 4

NaN1INA|DI

fnqusvasdnuitiifiednasiosdielunsidringlunmaneildtygusshugiie
fmuanInm wag Wediangiagyssiiulseavinmedosdelunisidnmilianganiv
angheusazUszan annsefiunsideluund 3 Fauvadu 5 Suneundn fie nisiiv
SUTIWAMEE MstufinmA TN mans MImeaeuIAtesiion1sIiIAmanede
wellatygussivg msduiinumemildainieiesdieliygssivg waznslinsei
ﬂizﬁ‘m%mwmmmmLLazLﬂ%aﬁaﬂaujaunUssﬁwi

TunsinsiuasUseiiulssansamedesile Wisnsmeadfdiemainnundienda
Yauenans (Similarity) SeUsenausie msTameiudou (Word Overlap Similarity Measure)
ns¥nanditldviudeau (No Word Overlap SimilarityMeasure) ms¥asnanuadnelals
(Cosine Similarity) SasnuszanEamasunsosdis nsmaimul (Recall) Apruusiugn
(Precision) wag A1ALgNABILENTU (F1-score) nansnaaesansldeselul

Nﬂﬂ’]'ﬁLﬁUi’JUi’JﬁJﬂ’]Wd"lﬁl w%amﬁ'uﬁnLummmﬁmw%aumwdw
AuTusunmengnadinnisawuude weunsmeldlaauansisae teliiavans

a

wiowwesavansenlmduasisuzUsylovd sauau 1,000 1w lnguvamsavganaiedu 10
AN Az 100 AW Usenausig

Amay (human) T¥ssfan et ududae H

awdns (animal) TswanmaneTudude A

anduldl aenls! (plant and flowen) Tisanmanetudugie PF

adaitarten] (view and landscape) Irfsfantmenetugiugae VL

antn walsl (vegetable and fruit) swanneneTugiugae VF

e s (food) Tswanmanetuduse F

AweuNUE (vehicle) Itsvaawenedugugie v

Awaanuiviosiien (tourist landmark) T¥swan nenetududae L
AwAaUTmUsSSY (art and culture) TfsfanmaneTugiuge AC

10. ndnvdsde/Tamasii (old book cover and poster) lfswanineeTusude BP

0 o N o kRN e

ANENEALTIUNITNAAUA VUANLUNIAIMIALAUINSDUAINAE bazUUNNLUNIAINIT
lAa1nLAIeile @ msanisla website https:/sites.google.com/view/ajakara/research
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nansadauLATasilatiygUszivg uaztiuiinumanmitlédannieiasile
yhmsvaaeafunweneavans Y 1,000 MWLUSABIMLIAY AR

wanaamamildinndeunmaeiiisudisuiuamamildanedosdetygiusehiug

4 Tsunsu fe awgausanentidy Aa13e Buwnn wazgiiaraiituedile lngundiagns

HANINARDIVBININAHUMARAIMLIAVLAY 3 NN

nuIARYN AL
P57 14 Lz.m’lm‘mﬁnﬂmwmaﬂuwmmm‘jmwﬂu IWaNIN HO1
Lﬂ%laﬂﬁ'é] 5’]1‘!’31‘!?’?’] LINIATINI
7 action, alpine, Korea, skiing, snow, sport, winter
SWENIN HO1
LYY LSARDATITU 20 spire, steeple, building, tower, architecture, metropolis,
city, urban, town, landscape, nature, outdoors, scenery,
neigshborhood, aerial view, downtown, azure sky, sky, high rise
Aa1INNY 20 snow, winter, skier, competition, race, goggles, ice,
action, downhill, action energy, fast, sloves, sport, cold,
resort, helmet, man, hurry, alpine, fun
ULUNAN 10 ski, snow, winter, skier, cold, sport, fun, mountain, outdoor, season
QLﬁaﬂm?ﬂ‘i{fuLam@ 26 footwear, trousers, helmet, sports equipment, shoe,

glove, sports uniform, snow, white, sports gear, ski
equipment, goggles, ski, winter sport, outdoor
recreation, slope, headsear, ski pole, ski boot, skier,
eyewear, sneakers, competition event, freezing,
personal protective equipment, cross-country skiing,
sports, ski helmet, recreation, hat, glacial landform,
competition, slalom skiing, ice cap, individual sports, ski
cross, fun, sportswear, winter, skiing, piste, leisure, ski
binding, exercise, jumping, nordic skiing, ski touring,

playing in the snow, nordic combined
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A7 15 mem‘mmﬂmimaaﬂwmwyjmwm IWaNIN HO2

\n3asile IIUAUAT KIIANT
" 7 animal, dog, golden retriever, friend, love, woman
A
SHANIN HO2

DLUYDY LSAADALTU 22 person, human, dog, canine, animal, pet, mammal,
couch, furniture, doctor, golden retriever, home
decor, monitor, electronics, screen, display, lcd
screen, people, female

AaINY 20 dog, pet, canine, people, woman, mammal, owner,
animal, girl, portrait, friendship, cute, family, puppy,
adult, love, domestic, sit, blond, elder

AULUANN 12 corgi, dog, canine, domestic animal, dingo, pet,
wild dog, cute, fur, cat

QLﬁaﬂaW’Jﬁ%’uLama 34 dog, carnivore, comfort, companion dog, television,

service, flooring, dog breed, home appliance,
veterinarian, working animal, event, sporting group,
wood, fur, television set, leisure, room, cabinetry,
entertainment center, sitting, fence, machine, led-

backlit lcd display, canidae
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A1397 16 LlI‘V]’]WW]’]’%Wﬂﬂ?i%ﬂﬁ@ﬂiﬂﬂﬂ?ﬂ%ﬂéﬂ’mﬂu WANIN H11

AN H11

ALUYDU LSAADATITU

AaNSNIY

duULUNNT

niaraIdueile

IIUAUAT KIIANT

9 casual, computer, couch, cropped, girl, laptop,
man, seat, sit

20 couch, furniture, person, human, laptop, computer,
pc, electronics, cushion, dating, pants, clothing,
apparel, sitting, heel, female, ¢irl, video gaming,
people

20 sofa, woman, sit, family, seat, indoors, girl, man,
people, room, internet, wireless, casual, relaxation,
furniture, adult, leisure, computer, college,
technology

10 miniskirt, adult, laptop, person, sofa, sitting, home,
skirt, computer, couch

a9 computer, white, laptop, leg, personal computer,

comfort, sleeve, gadget, thigh, knee, travel, shorts,
t-shirt, leisure, eyewear, lap, electronic device,
human leg, white-collar worker, netbook, electric
blue, fun, sitting, job, plaid, uniform, bag, room,
conversation, reading, pattern, sportswear,
employment, vacation, public transport, passenger,

learning, luggage and bags, tourism, luxury vehicle
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nUIAnYAINEN I
A5 17 Lummmmﬂﬂﬁiwmaaﬂuwmmmyjmwﬁm’i SanIm A04
CERRED) IUIUAI LUNIAINT
6 animal, zoo, monkey, gorilla, mother, baby
a
AN A0
LYY LSARDATITU 5 gorilla, animal, mammal, wildlife, ape
Aa13NY 21 ape, primate, monkey, gorilla, mammal, wildlife,

zoo, animal, captive, chimpanzee, endangered,
portrait, hairy, jungle, endangered species, baby,
strong, fur, safari, sumatra

ULUNAN 10 gorilla, ape, primate, monkey, wildlife, wild, zoo,
animals, endangered, natural

QLﬁaﬂm’Jﬁ‘iﬁuLaﬁla 23 head, primate, eye, grass, terrestrial animal,
common chimpanzee, snout, thumb, natural
material, grassland, fur, wildlife, wrinkle, sitting,

jungle, happy, groundcover, zoo, comfort, paw
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MN5199 18 memmﬁ]Wﬂﬂﬂsmaaﬂwmwyjmwé’mi SHANIN A06

ATUIUAT LUNIAINN

6 animal, zoo, polar bear, swim, fish, eating
AN A06
ALY LSARBATITU 6 bear, mammal, wildlife, animal, polar bear
AaNINY 21 water, swimming, zoo, wildlife, sea, mammal,

ocean, underwater, animal, fish, nature, marine,
dug-out pool, influencer, aquarium, portrait, wild,
frosty, river, lake

AULUNNN 11 ice bear, bear, mammal, wildlife, water, wild, fur,
polar, zoo, sea

QLﬁaﬂaﬂﬁ%’maﬂi@ 18 water, polar bear, liquid, vertebrate, carnivore,
fluid, oreanism, mammal, drink, terrestrial animal,

snout, ear, marine mammal, wildlife, ocean
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15991 19 lWMAMINNIsNaaestuniIavdnwdnd san1n A1l

\A30ilo AWIUAT LUNIAIN
5 giant, turtle, animal, reptile, tortoise
NN All
LYY L5ARDATITU 8 turtle, reptile, sea life, animal, tortoise, box turtle
Aa13NY 21 reptile, wildlife, turtle, nature, animal, tortoise,

slow, zoo, no person, shell, wild, portrait, water,

eye, amphibian, tropical, skin, scale, exotic,

zoology

ULUNNN 11 turtle, reptile, mud turtle, terrapin, slow, shell,
tortoise, wildlife, wild, pet

QLﬁaﬂanﬁ‘iﬁuLama 31 head, eye, reptile, human body, chelonoidis,

gopher tortoise, turtle, galapagos tortoise, desert
tortoise, terrestrial animal, tortoise, snout, pond
turtle, grass, electric blue, wildlife, macro
photography, gopher tortoise, scaled reptile,
biting, gecemydidae
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157991 20 WvamannIsneaestuniavdnweulyl aenld sWanw PFO1

LNININT

GERRED) ATUIUAN
6
SanIn PFO1
ALUYDU LSAADATITU 5
AaNsNY 19
DUUNNT 9
niaraiitweile 50

bloom, flower, garden, love, pink, rose

rose, plant, flower, blossom, petal

nature, leaf, romance, flora, love, petal,
floral, blooming, no person, garden, bouquet,
bud, romantic, bright, outdoors, gift, summer,
shrub

shrub, flower, plant, pink, petal, roses,
blossom, love, floral

botany, leaf, nature, natural environment,
hybrid tea rose, petal, branch, pink, grass,
rose, garden roses, rosa x centifolia, beauty,
flowering plant, shrub, annual plant, rose
family, close-up, rose order, floribunda,
peach, herbaceous plant, spring,
groundcover, magenta, china rose, plant
stem, perennial plant, garden, begonia
family, carmine, landscape, rosa wichuraiana,

begonia
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M50 21 wnamannsveaesiuniiavidnineulsd aenld sanIw PFO2

= ° °
LA23UD T1UIUA

EINIATINT

6

IWRENIN PFO2
ALUYDU LSAADATITU q
AansNY 19
ULUNNN 9
giarai3twedile 29

flower, floral, sky, sun, sunflower, yellow

plant, flower, blossom, sunflower

nature, flower, summer, flora, pollen, bright, growth,
leaf, petal, fair weather, stamen, outdoors, field,
garden, vibrant, floral, sun, rural

sunflower, flower, yellow, plant, field, summer,
petal, sun, agriculture, flora

sky, petal, yellow, cuisine, flowering plant, annual
plant, sunflower, close-up, pollen, field, herbaceous
plant, plantation, event, wildflower, forb, macro
photography, sunflower, asterales, daisy family,

vegetarian food, pedicel, plant stem
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P3N 22 Wnamannsveaestuniiavidnneuld aenld sanw PFO4

EINIATINT

= P o o
CERRED) ATUIUAT
g™ : 6

WanIN PFO4
ALUYDU LSAADATITU 5
AansNnY 19
ULUNNN 9
giarai3twedile 51

flower, leaf, lotus, magenta, pink, pond

lily, plant, flower, blossom, pond lily

nature, lily, flower, exotic, tropical, aquatic, leaf, no
person, waterlily, water, meditation, summer,
sacred, zen, flora, nelumbo, lake, outdoors

flower, pink, blossom, plant, petal, flora, bloom,
garden, clover

plant, lotus, natural environment, botany, organism,
sacred lotus, vegetation, terrestrial plant, petal,
biome, pink, lake, natural landscape, sroundcover,
aquatic plant, flowering plant, fragrant white water
lily, annual plant, lotus family, landscape, magenta,
water lily, reflection, wetland, wildflower, proteales,
plant stem, liquid, macro photography, dicotyledon,
pond, wildlife, herbaceous plant, lily family, ¢arden
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157991 23 lWINIAMINNTNAERIlUNIIANYNNINIAY a1 VLO5

LINTINTINT

GERRED) ATUIUA
5
AN VLO5
DLUYDY LSAADALTU 14
AansNnY 21
DULUNNT 12
niaraiiItwedile 65

fuji mountain, japan, landscape, mountain,

nature

nature, mountain range, outdoors, mountain,
scenery, peak, plateau, landscape, land,
wilderness, tree, plant, panoramic

volcano, snow, mountain, sunset, dawn,
landscape, travel, sky, no person, nature, winter,
sun, fog, lake, evening, outdoors, dusk, light,
mist, fall

volcano, mountain, natural elevation, geological
formation, landscape, mountains, peak, snow,
sky, travel

sky, mountain, cloud, nature, highland, snow,
water, natural landscape, tree, body of water,
slope, sunlight, atmospheric phenomenon,
plant, horizon, landscape, mountainous
landforms, morning, mountain range, hill,
volcano, calm, massif, winter, fell, ridge,
geology, hill station, plateau, glacial landform,
shield volcano, freezing, wilderness, extinct
volcano, cinder cone, summit, lava dome,
evening, forest, lake district, volcanic landform,
sunrise, cumulus, street light, loch, reservoir, ice

cap, dusk, reflection




70

M13NN 24 WNIANMINNTNRRRIUNIIANLIAWTIVIEY SWan I VLO7

=
LA23UD

ATUIUAN

EINIATINT

AN VLOT

DLUYDY LSAADALTU

AaNSNIY

DUUNNT

niaraIdueile

7

18

21

10

46

boardwalks, grass, mountain, path, ramp, walk,

walkway

boardwalk, building, bridge, person, human,
path, outdoors, nature, trail, scenery, grass,
plant, walkway, landscape, plateau, mountain
range, mountain

landscape, mountain, travel, nature, sky, grass,
no person, hike, gsuidance, lake, snow,
outdoors, trail, summer, valley, water, hill,
adventure, road, fog

ascent, highland, slope, mountain, landscape,
mountains, sky, travel, grass, scenery

cloud, sky, mountain, plant, natural landscape,
slope, outdoor recreation, terrain, people in
nature, grassland, road, grass, landscape,
recreation, mountain range, leisure, travel,
valley, hiking, hill, adventure, plateau, fell, trail,
lake district, walking, ridge, massif, pasture,
path, forest, reservoir, glacial landform, tundra,

summit, mountain pass, walkway, vacation
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PITNN 25 WNIANINNTNRRRIUNIIANLA NIV SWan W VLO9

=
LA23UD

WWAT NI
6 air sport, blue, slider, ¢liding, parachute,
' o~ ] sky
¢
. @
W VLO9
LYY LSARDATITU 6 adventure, leisure activities, ¢liding,
parachute, person, human
Aa13NY 20 mountain, snow, adventure, landscape,
parachute, high, sky, paraglider, travel, air,
flying, recreation, winter, altitude, climb,
sport, slider, freedom, valley, nature
LU 10 parachute, rescue equipment, equipment,
mountain, snow, sky, mountains,
landscape, peak, extreme
QLﬁaﬂaﬂﬁ‘f{uLama 37 cloud, sky, mountain, parachute,

paragliding, snow, slope, parachuting,
cumulus, wind sports, geological
phenomenon, landscape, wind, air sports,
sports, recreation, travel, air travel,
mountain range, leisure, horizon, hill,
extreme sport, hill station, fell,
meteorological phenomenon, massif,
adventure, fun, winter, summit, grassland,

valley, glacial landform
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nuInA NN wald

#1519 26 Wmamannsneasluviianyamin wald sanin vrod

\A304ilo AUIUAN NN
A% 6 cooking, food, produce, radish, red,
vegetables
RN VFO4
ALY LSARBATITU 5 radish, plant, vegetable, food, produce
Aa13NY 20 food, health, no person, pasture, nutrition,

radish, leaf, healthy, farming, vegetable,
grow, nature, garden, juicy, diet, fruit,
vitamin, bunch, delicious, market

AULUNNN 10 radish, root vegetable, radish plant, fruit,
vegetable, ripe, food, healthy, sweet, herb

QLﬁaﬂm’JﬁaﬁuLaﬁla a4 food, plant, fruit, leaf, ingredient, natural
foods, red, staple food, superfood, whole
food, produce, flowering plant, rose family,
alpine strawberry, accessory fruit, local food,
pear, berry, petal, gsroundcover, frutti di
bosco, superfruit, rose order, apple, vegan
nutrition, event, tree, carmine, vegetable,
mcintosh, still life photography, fruit tree,
pear, radish, sweetness, annual plant,
photography, arctostaphylos, subshrub
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A37 27 Lummmmﬂﬂmnmaaﬂwmmmgmwﬁﬂ waldl sanIn VF05

= ° °
LA23UD T1UIUAT

LINIAINT

. T 6

SHANIN VFO5

ALUYDU LSAADATITU 9
AaNsNY 21
DULUNAN 11
niaraiitwedile 55

apples, food, fruit, grapes, oranges, plums

plant, fruit, food, produce, grapes, plum,
pineapple, orange, citrus fruit

fruit, market, juicy, food, grow, abundance,
confection, many, health, plum, sroup,
nutrition, no person, stall, pasture, kind,
apple, pineapple, healthy, pear

fruit, pumpkin, edible fruit, produce, food,
orange, vegetable, vitamin, citrus, apple
food, valencia orange, clementine, rangpur,
fruit, ingredient, plant, tangerine, natural
foods, bitter orange, seedless fruit, orange,
tangelo, grapefruit, mandarin orange, citrus,
calamondin, orange, whole food, cuisine,
food group, market, greengrocer, public
space, superfood, produce, citric acid, local
food, ananas, marketplace, human
settlement, sweetness, accessory fruit,
vegan nutrition, basket, city, grocery store,
bazaar, still life photography, lime, delicacy,
still life, retail, landscape, superfruit,

pomelo, recipe, vegetarian food, pattern
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A13197 28 mem‘mmﬂmsmaaﬂwmwyjmwﬁﬂ waldl sanIn VF06

GERRED) AIUIUAN BNINTNT

7 chard, farmer, lettuce, local, market,

produce, vegetables,

SHANIN VFO6

ALY LSARBATITU 8 person, human, plant, spinach, vegetable,
food, shop, produce

AaNINY 18 lettuce, food, ingredients, market, kind,
nutrition, nature, leaf, grow, cabbage,
shopping, vitamin, pasture, vegetable,
cooking, basket, dinner, delicious

DULUNAN 9 lettuce, greens, spinach, fresh, herb, food,
salad, produce, leaf,

QLﬁaﬂm’JﬂasﬁluLaﬁia 37 ingredient, leaf vegetable, whole food,
public space, handwriting, vegetable,
market, staple food, local food, produce,
basket, human settlement, superfood,
greengrocer, marketplace, cuisine, vegan
nutrition, cruciferous vegetables, dish,
retail, city, food group, storage basket,
herb, flowering plant, trade, comfort food,
wild cabbage, cabbage, food storage

containers, iceberg lettuce
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A13197 29 mem‘vm]'1ﬂmsmaaﬂwmwyjmwmmi JRANIN FO7

LA39931 FIUIUAN WINIAINN
6 breakfast, chip, egg, food, meal, snack
AN FO7
ALUTDU LIARBATITU 6 egg, food, meal, dish, sweets, confectionery
Aa13NY 20 no person, food, crisp, breakfast, nutrition,

delicious, cooking, gold, butter, health, grow,
egg, meal, corn, ingredients, lunch, dawn,
traditional, homemade, unhealthy

UL 10 cheese, food, meal, plate, snack, breakfast,
delicious, slice, dessert, fresh

niaraiitwedile 40 food, tableware, fried egg, egg yolk, egg white,
ingredient, cuisine, egg, recipe, dish, baked
goods, produce, staple food, wood, junk food,
dishware, comfort food, finger food, blue
cheese dressing, fast food, dairy, fried food,
frying, poached egg, white bread, breakfast, side
dish, gluten, plate, platter, meal, mayonnaise,
condiment, cheese spread, meat, vegan

nutrition, banana, spoon
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A13197 30 me@mmﬁ]'1ﬂmawmaaﬂwmwyjmwmmi AN FO9

LA39931 FIUIUAN LWNIAINN

‘ : " ‘ 6 cheese, dish, food, italian, pizza, slice
AN FO9

DLUYOU LIAADATLTY 2 pizza, food

Aa3NY 20 pizza, cheese, meal, lunch, food, dinner,

tomato, slice, hot, vegetable, mushroom,
meat, mozzarella, sauce, crust, restaurant,
tasty, refreshment, dough, delicious
AULUNNN 10 pizza, dish, food, nutriment, cheese,
tomato, dinner, meal, lunch, sauce
QLﬁaﬂa’nﬂ%sﬁuLama a3 food, pizza, ingredient, recipe, fast food,
cuisine, california-style pizza, pizza
cheese, baked goods, dish, produce,
staple food, leaf vegetable, junk food,
finger food, vegetable, comfort food,
processed cheese, meat, flatbread,
cheese, take-out food, garnish, cooking,
italian food, georgian cuisine, romano
cheese, breakfast, side dish, american
food, dairy, baking, meal, french food,
culinary art, frittata, vegan nutrition,
brunch, indian cuisine, mexican food,
vegetarian food, tarte flambée,

parmigiano-reggiano
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A15197 31 L@Jmmmmﬂmiwmaaﬂwmmmgmwmms IHANIN F15

GERRED)

SHANIN F15

DLUYDY LSAADALTU

AaNsNY

DUUNNT

a fa o =
QLﬂﬁﬂﬁ’]')U’ﬂML@‘WIEJ

FIUIUAT  LINIANN

6 biscuit, cake, decorating, icing, train, sweet

12 icing, cream, dessert, cake, food, creme,
sweets, confectionery, birthday cake, cookie,
biscuit, gingerbread

20 no person, cake, chocolate, sugar, candy,
baking, delicious, sweet, cream, sprinkles,
birthday, party, cookie, indulgence, food,
celebration, traditional, unhealthy, wood,
homemade

10 pillow, cushion, padding, decoration,
celebration, birthday, box, cake, gift, dessert

51 food, cake decorating, cake, cake decorating

supply, ingredient, recipe, birthday party,
baked goods, pink, cuisine, gingerbread
house, sugar paste, sugar cake, cream, icing,
birthday cake, birthday, buttercream, wood,
sweetness, fondant, event, dessert, baking,
kuchen, marshmallow creme, dish, finger
food, house, tableware, confectionery,
whipped cream, party, christmas decoration,
table, snack, pastry, gingerbread, plate,
interior design, royal icing, torte, pasteles,

frozen dessert, dairy, culinary art
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wmwsﬁmwmuwmu:

nﬂl 1 U
$1319% 32 memmmﬂmi‘mmaaﬂwmmm&mwmuwmuz FNENIN VO3

GELNID! FIUIUAN LUNIAINT
S FAR s s S Y 6 car, colorful, minibus, tree, thailand, van
S 0A NSV /AN
IHANIN VO3
DLUYOU LIAADATITY 13 bus, vehicle, transportation, plant, van,

minibus, truck, wheel, machine, flower,
blossom, tarmac, asphalt

Aa3NY 21 car, vehicle, bus, traffic, transportation
system, road, street, truck, city, drive, driver,
wheel, police, landscape, accident,
automotive, emergency, travel, people,
machine

AULUNNN 11 minibus, bus, car, public transport,
transportation, road, vehicle, transport, truck,
conveyance

QLﬁaﬂaﬂﬂ?‘f{uLama 29 tire, wheel, land vehicle, car, vehicle, motor
vehicle, window, plant, mode of transport,
yellow, van, lisht commercial vehicle,
automotive wheel system, tree, commercial
vehicle, compact van, automotive exterior,
street, vehicle registration plate, public
transport, transport, magenta, city car,
minibus, microvan, automotive parking light,

minivan
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A1397 33 memmﬁ]'1ﬂmWﬁwaaﬂwmwyjﬂwwmuwmuz AN VO7

=
LA23UD

DLUYDY LSAADALTU

AansNnY

DUUNNT

a fa o =
QLﬂﬁﬂﬁ’]')U’J‘?MLEJ‘WlEJ

IIUAUAT NN

7 austria, biker, boots, freedom, harley,
motorcycle, touring

14 motorcycle, transportation, vehicle, person,
human, machine, clothing, apparel, helmet,
motor, crash helmet, hardhat, engine, spoke

22 bike, street, road, wheel, vehicle, motorbike,
biker, city, people, transportation system,
seated, hurry, man, cyclist, rider, drive, driver,
urban, roll along, woman

11 helmet, motorcycle, crash helmet, bike, speed,
motor, vehicle, sidecar, motorbike, conveyance

38 tire, jeans, wheel, fuel tank, vehicle, motor

vehicle, automotive lighting, automotive tire,
leg, motorcycle, sunglasses, automotive
design, helmet, mode of transport, motorcycle
accessories, automotive wheel system, rim,
fender, motorcycling, headlamp, motorcycle
helmet, automotive exterior, road, vehicle
brake, spoke, cruiser, auto part, classic, electric
blue, personal protective equipment, street,

eyewear, brake, chopper, transport
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A3971 34 LlI‘Vﬂﬂ'Wﬂ’i]']ﬂﬂﬂ'5‘1/]ﬂaaQIUﬂMQW%%ﬂWWHWUWWﬁU8 NN V10

LA39931 FIUIUAN LWINIAINN
‘ . 6 bus, bus stop, london, people, road, route177
AN V10
DLUYOU LIAADATITY 14 bus, vehicle, transportation, person, human,

tour bus, tarmac, asphalt, double decker bus,
bus stop, road, pedestrian

Aa13NY 20 street, city, bus, tramway, road, travel, urban,
traffic, tram, people, public, tourist,
locomotive, architecture, vehicle,
transportation system, railway, shopping,
sightseeing, business

uLUNNN 11 tramway, conveyance, vehicle, streetcar,
transportation, transport, car, road, wheeled
vehicle, street

QLﬁaﬂm’Jﬁ‘iﬁuLaﬁla 32 bus, sky, vehicle, building, double-decker bus,
motor vehicle, window, tour bus service, waste
container, vehicle registration plate, tire, travel,
wheel, city, public transport, asphalt, road,
commercial vehicle, electricity, pedestrian,
mixed-use, street, traffic, lane, public utility,
downtown, cloud, automotive exterior,
advertising, passenger, compact car, street

light, transport, tourism
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M15N 35 WMANMINNTIAaeIlunIavnwanuvies e sianw LO1

=
LA23UD

SHANIN LO1

ALUYDU LSAADATITU

AaNSNIY

duULUNNT

niaraIdueile

IIUAUAT KIIANT

9 londoneye, sunny, ferris, Thames, England,
tourists, attraction

13 ferris wheel, amusement park, boat,
transportation, vehicle, waterfront, water, city,
building, town, urban

21 water, river, bridge, travel, sunset, architecture,
city, sky, reflection, cityscape, urban, no person,
dawn, building, boat, ferris wheel, landmark,
tourism, tower, dusk

10 park, city, bridge, river, tract, waterfront,
architecture, water, sky, boat

44 cloud, water, sky, building, wheel, ferris wheel,

lighting, dusk, lake, plant, tower block, city,
cityscape, morning, tree, boat, watercraft,
landmark, leisure, metropolitan area, recreation,
metropolis, fun, amusement ride, circle, horizon,
reflection, evening, event, night, automotive
wheel system, nonbuilding structure, tourism,
tower, town, amusement park, arch, skyline,
landscape, cumulus, downtown, tourist
attraction, channel, roller coaster, water

transportation
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A13NN 36 WNIAMINNITNIRaRIUNIIALNNEnUIiow e Sanw LO6

GERRED) A7UIUAN BNINTNT

7 architecture, leaning, leaning tower of pisa, pisa,

sky, tower, outdoor

SHENIN LO6

DLUYOU LIAADATITY 9 building, architecture, tower, monument, urban,
brick, city, town, metropolis

Aa13NY 20 architecture, pisa, travel, sky, no person, old,
tower, ancient, renaissance, outdoors, marble,
building, city, landmark, art, plaza, famous,
monument, gothic, traditional

ULUNNN 10 architecture, building, tower, dome, church,
landmark, cathedral, history, city, facade

Qﬁmmﬁ‘i%’maﬁl@ 27 cloud, sky, building, tower, facade, monument,
city, column, medieval architecture, symmetry,
cylinder, ancient history, history, ancient roman
architecture, historic site, classical architecture,
engineering, tower block, national historic
landmark, art, tree, composite material, unesco
world heritage site, tourist attraction, observation

tower, baptistery
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A7 37 memma}'1ﬂmWmaaﬂwmmmgmwamuﬁviaqLﬁm IWANIN L15

=
LA23UD

SHEAIW L15

ALY LSARDATITU
AaSY

DULUNAN

a fa o Al
Qmaﬂmam%mawla

IUIUAN LUNNAINT

7 ancient, egypt, giza, old kingdom, pyramid, 4th
dynasty, stone

5 architecture, building, person, human, pyramid

20 pyramid, no person, pharaoh, desert, sphinx, grave,
archaeology, ancient, travel, sand, architecture,
camel, stone, mausoleum, people, outdoors, sky,
religion, temple, step

10 grave, tourism, desert, travel, sky, stone, ancient,
architecture, history, pyramid

23 sky, pyramid, wonders of the world, landscape,

travel, monument, archaeological site, tints and
shades, triangle, ancient history, history, sand,
aeolian landform, art, historic site, working animal,
symmetry, tourist attraction, tower, unesco world
heritage site, paper product, national monument,

rock
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157991 38 lWMAMINNIINAaeslunIIAg N WAaUTRIUETIN AN ACO5

GERRED)

1UIUAN LUNAINT
6 thailand, bangkok, grand palace, giant, temple,
palace
FndanIw ACO5

LYY LSARDATITU 16 architecture, building, temple, person, human,
shrine, worship, roof, spire, tower, steeple, pillar,
column, monastery, housing, pagoda

Aa1INY 20 temple, buddha, culture, religion, wat, travel, art,
sculpture, castle, traditional, statue, gold,
monastery, pagoda, architecture, shrine, worship,
decoration, grand, roof

uLUNNN 10 temple, religion, architecture, culture, gold, palace,
religious, east, traditional, travel

QLﬁaﬂaﬂﬂ?‘f{uLama 24 building, temple, statue, sky, sculpture, chinese

architecture, temple, facade, art, leisure, japanese
architecture, place of worship, event, historic site,
holy places, hindu temple, tourism, tradition,

monastery, roof, tourist attraction, shrine, religious

institute, visual arts
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M13MN 39 WNIANMINNITNRaRIUNIIANLANARUTAUs TSN AN ACL0

=
LA23UD

ALUYDU LSAADATITU

AaNSNIY

DUUNNT

niaraIdueile

IIUAUAT KIIANT

5 buddha, monk, temple, travel, thailand

11 person, human, architecture, building, monk,
temple, shrine, worship, people, monastery,
housing

20 temple, buddha, religion, travel, monk, people,
worship, shrine, monastery, architecture,
religious, tourism, culture, spirituality, gold,
sculpture, statue, prayer, city, pagoda

10 monk, temple, religion, architecture, travel,
religious, building, statue, culture, old

27 world, temple, building, leisure, temple, travel,

landmark, sangharaja, city, art, pilerimage, event,
holy places, place of worship, religious institute,
tourism, monk, chinese architecture, worship,
reflection, ritual, hindu temple, historic site,
shrine, tourist attraction, pedestrian, monastery,
night
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M1349 40 WNIANMIINNITNRaRIUNIIANLANARUTAUSTIN SWEN W AC30

ERREY ATUIUA BINININT

_— - 7 france, louis xiv, palace, paris, sculpture,

versailles, water garden

AW AC30

LYY LSARDATITU 7 statue, sculpture, art, person, human,
monument, water

Aa1NY 20 sculpture, statue, art, travel, fountain,
monument, sky, water, bronze, architecture,
city, culture, old, tourism, symbol, ancient,
religion, park, marble, people

AULUNNN 10 statue, fountain, structure, sculpture,
architecture, monument, history, bronze,
culture, landmark

QLﬁaﬂaﬂﬂi‘f{uLama 34 water, sky, cloud, plant, eye, sculpture,
statue, world, tree, art, fountain, leisure,
monument, classical sculpture, water feature,
metal, city, mythology, nonbuilding structure,
garden, bronze sculpture, memorial, artwork,
town square, national historic landmark,
tourism, bronze, vacation, visual arts, sitting,

stone carving, grass
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M1397 41 wnamanmseaedhuniiavinwdnuilsde/Adawesinn sianm BPO2

GERRED)

ATUIUAN

LINININT

.,‘

AN BPO2
DLUYDY LSAADALTU
AansNnY

DUUNNT

a fa o Al
QLﬂaﬂﬁ’]'JU’J“U‘L!LEJWVLEJ

14

21

10

23

bookid:bostoncookingsch19hill_4,
bookyear:1896, bookdecade: 1890,
bookcentury:1800,
bookauthor:Hill__Janet McKenzi

furniture, person, human, chair, text,
advertisement, poster, clothing, apparel, sitting,
shoe, footwear, page, art

people, one, retro, child, sit, adult, education,
text, nostalgia, administration, two, antique,
wear, vintage, furniture, monochrome, man,
newspaper, portrait, book series

newspaper, product, creation, daily, man, old,
male, vintage, people, person

poster, font, baby, vintage clothing, illustration,
toddler, chair, child, photo caption, book cover,
happy, advertising, sitting, vintage advertisement,
pattern, retro style, baby & toddler clothing,

publication, art
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M50 42 wnamanmseaedhuniiavdnmdnuisdeAdawesiin sann BPO3

GERRED) AMUIUAT  EINIATNT

&@@hﬁﬁ”r @‘ﬁ%é?. 7 bookpublisher: New York American Telephone a
Wt nd Telegraph Co  etc

3ill Heads.
tatements.

bookcontributor:Prelinger_Library,
booksponsor:internet Archive,
bookleafnumber:399,

bookcollection:prelinger_library,

3ank Checks.
slank Notes.
ournals.

Jay Books.

bookcollection:additional collections,

bookcollection:americana

SaNW BPO3

DLUYDY LSAADALTU 19 person, woman, adult, female, advertisement,
wheel, machine, poster, face, head, text, book,
publication, sewing, chair, furniture, painting, art,
page,

Aa1INY 23 illustration, art, vintage, people, retro, print, chalk
out, old, paper, antique, woodcut, man, ancient,
bill, sketchy, book bindings, lithograph, painting,
engraving, sepia pigment

ULUNAN 10 treasury, depository, vintage, facility, retro, paper,
old, drawing, design, art

QLﬁaﬂaﬂﬁ‘f{uLama 15 poster, font, art, illustration, drawing, line art, motor
vehicle, vintage advertisement, history, visual arts,
human anatomy, paper product, circle, printmaking,

machine
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M50 43 wnamanmsmeaedtuniiavdnwdnuisdeAdawesiin sanw BPO7

GERRED) AMUIUAT  EINIATNT

7 booksubject:Sanitation,
bookpublisher:New York Pub_for Sears Roebuck
~and co__by D Appleton_and_company,
bookcontributor:The Library of Congress,

booksponsor:The Library of Congress,

bookleafnumber:961,

SanW BPOT

bookcollection:library of congress,

bookcollection:americana

LYY L5ARDATITU 10 person, man, adult, male, art, face, head, drawing,
photography, painting

AaNY 20 illustration, man, people, portrait, old, vintage, art,
head, one, print, soldier, retro, war, military, face,
antique, wear, warrior, money, ancient

ULUNNN 13 chain mail, covering, mask, body armor, armor,
protective covering, disguise, attire, face, clothing

QLﬁaﬂm’Jﬁ‘iﬁuLama 27 nose, jaw, gesture, art, hearing, illustration, personal

protective equipment, wrist, beard, eyewear,

drawing, facial hair, bottle, audio equipment, font,

line art, drinkware, drinking, painting, circle, self-

portrait, gas mask, sketch, visual arts, sports gear,

history, artwork
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NaNIATUIMAIAMUNFB I wazUssAvEAwATa e
malnneilsEAvsnmvsneiesdionisisammedldnsiadainuuasamnm
Tudaiinangasaaoudiniunnaeiamsauenumiamildaanugndesnnnii 80% lu
\FanunnliiBnsinsziteyaaesuuy Ae FBnsmsadifiiiomeaundiondsosenas
(Similarity) lawn n1sinArAviugau (Word Overlap Similarity Measure) M Taeedilisiy
Zau (No Word Overlap SimilarityMeasure) n1sinaianuaaiglaleil (Cosine Similarity) wag

ad v a a d' = ¥ | U 1 1 o . . 1
FinUszansnmasealialawn n1suaIauls (Recall) AnAuwsugn (Precision) kag An

AugnAedeniu (Fl-score) lAgUENAIUMUIANL NN

AR9EIHANTIATIETUNIAM TUATNANINLAL

ANS199 44 LUNIANNILSLIANUAIAURIDNYIIINGIDEATNAL

wiosdie I1UIUAT LUNIANIYIANNADNES
7 action, alpine, Korea, skiing, snow, sport, winter
IWANIN HO1

DLUYDY LSAADALTU 20 aerial view, architecture, azure sky, building,
city, downtown, high rise, landscape,
metropolis, nature, neighborhood, outdoors,
scenery, sky, spire, steeple, tower, town, urban

Aa1INNY 20 action, action energy, alpine, cold, competition,
downhill, fast, fun, gloves, goggles, helmet,
hurry, ice, man, race, resort, skier, snow, sport,
winter

uLUNAN 10 cold, fun, mountain, outdoor, season, ski, skier,
snow, sport, winter

QLﬁaﬂa’nﬂ?ﬁuLama as competition, competition event, cross-country

skiing, exercise, eyewear, footwear, freezing,
fun, glacial landform, glove, goggles, hat,

headgear, helmet, ice cap, individual sports,
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GERRED) ATUIUAN

BNIAINILSYIATUAIDNES

jumping, leisure, Nordic combined, Nordic
skiing, outdoor recreation, personal protective
equipment, piste, playing in the snow,
recreation, shoe, ski, ski binding, ski boot, ski
cross, ski equipment, ski helmet, ski pole, ski
touring, skier, skiing, slalom skiing, slope,
sneakers, snow, sports, sports equipment,
sports gear, sports uniform, sportswear,

trousers, white, winter, winter sport

ANS199 45 LUNIANNIULDUYDIRIDLIININAY

wiosdie I1UIUAT NIV

DLUYOU LIAADATLTY 0 -

Aa151Y 6 action, alpine, skier, snow, sport, winter
AULUNNN 5 ski, skier, snow, sport, winter
QLﬁaﬂm?ﬁiﬁs{‘fuLama q ski, snow, sport, winter, winter sport

AN 46 LUNIANNITTANUNUNELNEIVDIVBIFIDEIINTNAY

\w3asdie I1UIUAN winanfiianuEneisade

ALY L5ARDATITU 3 outdoor, scenery, steeple

AR1INNY 5 cold, gloves, goggles, helmet, race,

uLUNNN 2 cold, outdoor

QLﬁaﬂm’Jﬁi"f{uLama 10 competition, exercise, eyewear, glove, goosles,

helmet, individual sports, ski equipment,

sportswear, slope

ANUUEIINUIUANAATIEALANUUNIAININTULDU LAZLUNIAINIALAITUNANNE

NeadelumuinamMeEatianmg q InguennanIsnaaaewmINraInvgnIn
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1A3a9ile N159IAAIANULU
(Word Overlap

Similarity Measure)

n153nAANN llviudau
(No Word Overlap

Similarity Measure)

s 1 v L1
159nAANNAA18TA Lo
(Cosine Similarity)

DLUYOU LIAADALTY 70.15 60.00 50.78
Aa1TNY 77.25 80.00 75.56
ULUNNN 70.11 90.00 45.00
niaraiitweile 60.02 120.00 35.00
31971 48 AUSEANSANBUMIAAWILIAN WAL

\w3asiie Al A1ANLsiugY  AMAugndaden Iy

(Recall) (Precision) (F1-score)
DLUYOU LIAADATLTY 68.00 70.00 68.99
AaNSNNY 85.56 77.00 81.05
ULUNNN 57.00 60.00 58.46
niaraiitweile 55.00 59.00 56.93

AAmiugeu Aanuaselalyl uazA1AUgnaBueil SeaudduINuInlutey

loun WUswnsumaisvie slueu wsarealidy Buwnn wag Qianantiidueile Tuvaeee
laiudousgeanunludeglawn lUsunsugiiaraididuieiile Buwnnt Aansnie wazew

FaU LSAABATITU ANUAIAU

TWsunsupansvhededviudou manuadelaledl AAugndeseniugeigawiniu
70.25% 75.56% Wag 81.05% audwiu luvagilusunsugindaaniiduedile dadnliiu
Fouwsidudnlinnunueinertewnnyan Slenalunisfuniiindiugeand 120%
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AN5197 49 ANALAANEARLRAYVDLUNIAIMNLURLIAN TR
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1A3a9lle N159IAANANNULDU
(Word Overlap

Similarity Measure)

M5InAIAN llTIiUgaU
(No Word Overlap

Similarity Measure)

o/ 1 }74 4
N1599AIANUAA8TA L

(Cosine Similarity)

DLUYOU LIAADALTY 71.44 60.00 54.26
Aa1TNY 72.32 80.00 74.56
ULUNNN 69.55 90.00 48.57
pianaituedile 62.11 100.00 37.00
31971 50 AUsEANS A MRRETERIMIA TR WERS
\w3asiie Al A1ANLsiugY  AMAugndaden Iy
(Recall) (Precision) (F1-score)
DLUYOU LIAADATLTY 65.00 73.00 68.77
AaNSNNY 88.56 80.00 84.06
ULUNNN 55.00 63.00 58.73
niaraiitweile 50.00 61.00 54.95

AAmiugeu Aanuaselalyl uazA1AUgnaBueil SeaudduINuInlutey

Loun Wswnsumaisvie slueu wsarealidy Buwnn wag Qianantiiduedle Tuvaeee

Al [ 74 a 4 v ! a fa o = a a
nlaviugouiseaanunnluteslaun I‘UiLLﬂﬁJQLﬂaﬂa’]'JU’J“UULEJ‘WVLEJ ULUNAT ARINY AT BLY

FBU LSAABATITU AIUAIAU

TWsunsuaansvhededviudou manuadelaledl AAugndeseniugeigawiniu

72.32% T4.56% Wag 84.06% mxanu luvagiilusunsugundaarniituieiile drdiliviu

Founsidudflinnunueinertewnnyan flenalunisAuniiindugeand 100%
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v 24 v
puan nauld aanls

A15197 51 ANAMUAANARNLRASVDWUNMIAM I UNLIAN A UL Aol

wSasile myiardiudoy  metaddiiiliviuden  n1sieAiauadelaled
(Word Overlap (No Word Overlap (Cosine Similarity)

Similarity Measure) Similarity Measure)
DKLU LIAADATITU 50.11 80.00 48.56
GRURNIRE 64.78 100.00 56.54
ULUNAN 75.77 110.00 75.50
niaraiitweile 66.35 120.00 57.78

A15197 52 ANUTEANSAMLRAYVBLUNIAI IUurIan el aanlyl

\w3asiie Al A1ANLsiugY  AMAugndaden Iy

(Recall) (Precision) (F1-score)
DLUYOU LIAADATLTY 67.00 50.00 57.26
AaNSNNY 56.00 75.00 64.12
ULUNNN 77.56 89.12 82.94
niaraiitweile 60.00 71.00 65.04

AAmiugeu Aanueselalel uazAAugnaBeN Iy Sesmudiuaininnlutes
lounlsunsuduunn piiapantiituedile Aa1sune wae alugeu isaraAlity Tuazdienm
fldwudousssainunludoslaun Tsunsunfiaranididuedile Buwnn Aaisvhe wazew
F9U LIAADATNTU AINAIAU

Tusunsudumnnniiddsiudeu Aauadeleled Aanugnieseniugeiigawiniy
75.77% 75.50% Way 82.94% A1Ua1AU 1wumz'1‘7ﬁﬂmmugLﬂﬁﬂm’gﬁ‘iﬁfj’maﬁla fianenilai
douumduiilliaumnefifedoumnzay Mondlunsdumifindugeand 120%
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1A3a9ile N159IAANANNULDU
(Word Overlap
Similarity Measure)

n153nAANN llviudau
(No Word Overlap

Similarity Measure)

s 1 v L1
159nAANNAA18TA Lo
(Cosine Similarity)

DLUYOU LIAADALTY 72.15 70.00 57.67
AaNINNY 71.11 100.00 56.75
ULUNNN 61.24 110.00 45.24
pianaituedile 74.48 120.00 65.66
3197t 54 AUsEANS A MRRETERIMAITIUIIAA NI TVTAY

\w3asiie Al A1ANLsiugY  AMAugndaden Iy

(Recall) (Precision) (F1-score)
DLUYOU LIAADATITUY 66.00 78.00 71.50
AaNSNNY 65.00 76.00 70.07
ULINNN 64.00 55.00 59.16
piiaraditweiile 78.00 87.57 82.51

AAmiugeu Aanuaselalyl uazA1AUgnABueNil SeanudiuINuINlutey

louAlusunsuniananitiitweiile swweu Lsanealidy Aa3ne wagBuwnn TuvaeiAmd

Liviudowsanninnludeslaun JUsunsuniaraniiituedile Suwnnt ey wazelugeu

LSARDALIYY MINAINU

Tsunsupiararniiduedledrmdwivdeu Arnuasielaled Aanugnaoseniugs

Migawiniu 74.48% 65.66% waz 82.51% nuaiy wazdiAAiiluviudouunsddueili

ANUInefngtaangay Tlanalun1sAuniiudugegai 120%
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1A3a9ile N159IAANANNULDU
(Word Overlap
Similarity Measure)

n153nAANN llviudau
(No Word Overlap

Similarity Measure)

s 1 v L1
159nAANNAA18TA Lo
(Cosine Similarity)

DLUYOU LIAADALTY 78.23 70.00 84.87
Aa1TNY 60.11 80.00 56.54
ULUNNN 77.31 85.00 75.10
niaraiitweile 50.14 90.00 48.56
31971 56 AUsEANSAMRAEvERMIATuIIaWEn Kalsl

\w3asiie Al A1ANLsiugY  ArAugndeany

(Recall) (Precision) (F1-score)
DLUYOU LIAADATLTY 89.24 80.00 84.37
AaNSNNY 57.00 56.00 56.50
ULUNNN 74.00 81.00 77.34
niaraiitweile 40.00 74.00 51.93

AAmiugeu Aanuaselalyl warAANUgNABweNTU SeamuEmRuIINUINlUTeY
lounlusunsueameeu warsaildy duwnn aansne uwazQiiananiitueiile TuvaeaAAy

Liviudousanninnludeslaun JUsunsunfiaraniiituedile Suwnnt vy wazelugeu

LSARDALIYY MINAINU

Tsunsualugeu isaraalitulrmAmiudeu Arrnuasmelaled Arnugnaeeniues

a

Vgamniu 78.23% 84.87% uag 84.37% nuaau luragnlusunsugunanarniiduieiile e

o av 1o v | @ o ag v A a v = Y a X =
ﬂ']V]leW]‘UGUEJULLWLUUﬂ']V]SLWﬂ'J']ﬂJVIN']EW]LﬂEJ'JGUGQLV‘&I"I%aﬂJ NI@ﬂWaSLUﬂ'ﬁﬂUV']LW@JSUUEj%jWV] 90%



RUINATNBTINIT

AN 57 ANAUAANEAZNRASVBIUNIAIN MUNLINNINBIIS

97

1A3a9ile N159IAANANNULDU
(Word Overlap

Similarity Measure)

n153nAANN llviudau
(No Word Overlap

Similarity Measure)

s 1 v L1
159nAANNAA18TA Lo
(Cosine Similarity)

DLUYOU LIAADALTY 49.56 60.00 45.58
Aa1TNY 73.25 80.00 85.47
ULUNAN 55.21 100.00 51.28
niaraiitweile 61.02 120.00 65.10
31971 58 AUTEANSAMRAEVBIUNIANTIURLINA NS

\w3asiie Al A1ANLsiugY  AMAugndaden Iy

(Recall) (Precision) (F1-score)
DLUYDU LIARDATTU 65.00 72.00 68.32
AR1INY 87.59 80.00 83.62
ULUNNN 65.00 78.00 70.91
niaraiitweile 74.00 82.00 77.79

AAmiugeu Aanuaselalyl uazA1AUgnaBueil SeaudduINuInlutey
lounlusunsupansnie Qiianantiiduedle Buunn uazeawveu Lsanentidu TuvaenaAAv

Liviudousanninnludeslaun Jusunsupifananitdiduedle Buwnn aa1svne uazeiuweu

LSARDALIYY MINAINU

TWsunsupansvhededviudou manuadelalel AAugnieseniugeigawiniu

73.25% 85.47% Wag 83.62% muanu luvaeiilsunsungindaarniiduieiile drdiliviu

Founsidudnlinnunueinertewnnyan Tlenalunisfuniiindiugeand 120%
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1A3a9ile N159IAANANNULDU
(Word Overlap
Similarity Measure)

n153nAANN llviudau
(No Word Overlap

Similarity Measure)

s 1 v L1
159nAANNAA18TA Lo
(Cosine Similarity)

DLUYOU LIAADALTY 77.79 65.00 76.87
AAINNE 55.50 100.00 35.40
ULUNNN 64.02 110.00 57.88
niaraiitweile 36.55 120.00 31.29
3197 60 AUTEANS A MRELTEAUTIANN I UALIAA BTN
\w3asiie Al A1ANLaiugY  Arrdugndaden iy
(Recall) (Precision) (F1-score)
DLUYOU LIAADATLTY 84.52 83.00 83.75
AaNSNNY 65.00 76.00 70.07
ULUNNN 75.00 83.00 78.80
niaraiitweile 65.00 71.00 67.87

AAmiugeu Aanuaselalyl uazA1AUgnaBueil SeaudduINuInlutey

lounlusunsy sweu isarealdy Buunm aa1sie wasniananiiituedle TuvaeiiAien

Al [ 74 a 4 v ! a fa o = a a
nlaviugouiseaanunnluteslaun I‘UiLLﬂﬁJQLﬂﬁﬂﬁ’]'ﬂU'ﬁIUL@WVLEJ ULUNAT AANINIY LATBLY

FBU LSAADATITU MIUAIAU

Tsunsualugeu isaraalitulrmAmiudeu Arrnuasmelaled Arnugnaeeniues

a

VgAY 77.79% 76.87% uag 83.75% nuaau luragilusunsugunanarniiduieiile e

Avlidviudounsidudilinnumeinerdesnnean flonalunsfuniiiuiugsandl 120%
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AN 61 ATALAAIEAFLRAVDLUNAINNLUNLIANTNEDIUNVIDLTE

1A3a9ile N159IAANANNULDU
(Word Overlap

Similarity Measure)

n153nAANN llviudau
(No Word Overlap

Similarity Measure)

s 1 v L1
159nAANNAA18TA Lo
(Cosine Similarity)

DLUYOU LIAADALTY 71.24 88.00 55.01
Aa1TNY 75.35 90.00 59.56
ULUNNN 70.45 95.00 51.22
niaraiitweile 77.10 100.00 75.88
31971 62 AUsEANS A MRRTeRMAITuIIA A WEa Ui aTien

\w3asiie Al A1ANLsiugY  AMAugndaden Iy

(Recall) (Precision) (F1-score)
DLUYOU LIAADATITUY 63.00 55.00 58.73
AaNTNNY 86.00 76.00 80.69
ULINNN 58.00 56.00 56.98
niaraIdueile 84.56 81.24 82.87

AAmiugeu Arnuaselalyl warAANUgNABReN T SeamuERuIINUINLUTRY

louAlusunsuniiananititweiile Aan3uhe sluweu wareatdy wagduwnn TuvaeiAmd

Liviudowsanninnludeslaun JUsunsupifananitdiduedile Buwnn aa1svne uazeiuweu

LSARDALIYY MINAINU

Tsunsupinaaarniituedile dendviudeu Arnnunaelaled Aranugnaedeniuas

Pigawiniu 77.10% 75.88% waz 82.87% nwaiy wazdiAAiiluviudouunsddueili

ANUInefNgtaangay Tlenalun1sAuniiudugegai 100%
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UUINNTWAAUIRUSTTY

AN 63 ANALAAIEATLRAVDLUNAMNLUNRLIANNAAU TRIUTTTY

wSasile myiardiudoy  metaddiiiliviuden  n1sieAiauadielaled
(Word Overlap (No Word Overlap (Cosine Similarity)

Similarity Measure) Similarity Measure)
DKLU LIAADATITU 61.47 78.00 64.23
GRURNIRE 68.89 85.00 74.15
ULUNNN 78.45 90.00 81.51
niaraiitweile 56.64 120.00 47.21

A1519% 64 ANUSEENSAWRABYRULAYTTUIANTWARU TRusTTY

\w3asiie Al A1ANLsiugY  AMAugndaden Iy

(Recall) (Precision) (F1-score)
DLUYOU LIAADATLTY 76.00 65.00 70.07
AaNSNNY 75.00 86.00 80.12
ULUNNN 84.00 85.00 84.50
niaraiitweile 54.00 65.00 58.99

AAmiugeu Aanuaselalyl uazA1AUgnaBueil SeaudduINuInlutey
leurlusunsuduinm aan3vhe ewweu 1sareadidy wazgiananiituedile Tuvns i
Ldviugeusesainunnludeslaun Tsunsupiianarniiduedile Suwnni aa1suie wazelugou
15ARDAETY AUEIY

Tusunsudumnaniidndsiudeu Aanuadeleled Aanugnieseniugeiigawiniu
78.45% 81.51% Wway 84.50% puddu luvnirilusunsuginananiituedile fiadiliviu
douumduiilliamumnefifedoamnzay Mondlunsdumifindugeand 120%
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uuNWUNNLeEa NUdmasnn

d‘ 1 ¥ = d‘ v A [
$13199 65 ﬂ?ﬂ’J']iJﬂﬁ']EJﬂaQLﬂaEJ“UENLZLI‘VHWWWWIUMQJQ@]ﬂWWUﬂM‘UQﬁ@/I‘UﬁL@@iLﬂW

wSasile myiardiudoy  metaddiiiliviuden  n1sieAiauadelaled
(Word Overlap (No Word Overlap (Cosine Similarity)

Similarity Measure) Similarity Measure)
DKLU LIAADATITY 69.12 80.00 49.56
GRURNIRE 62.58 85.00 40.23
ULUNNN 78.23 90.00 74.00
niaraiitweile 71.07 150.00 62.71

ANSN 66 ANUTEANSAINLRALVDIUNIANMUILIAAINUNNTIED AUamBSLN

\w3asiie Al A1ANLsiugY  AMAugndaden Iy

(Recall) (Precision) (F1-score)
DLUYOU LIAADATITUY 68.00 74.00 70.87
AaNSNNY 58.00 66.00 61.74
ULINNN 83.69 83.69 89.00
piiaraditweiile 80.00 84.00 81.95

AAmiugeu Aanuaselalyl uazA1AUgnABueNil SeanudiuINuINlutey
Ieurlusunsudumnm Qiaramiituedile suweu 1sanenddu uazaarivine TuvaeiidAm
Liviudowsanninnludeslaun JUsunsupifananitdiduedile Buwnn aa1svne uazeiuweu
15ARDAUTY ANUEIY

Tusunsudumnnnadwiudeu eamadeleled Aanugnieseniugeigavindu
78.23% 74.00% way 89.00% puddu Tuvairilusunsuginananiiduedile fiddilaiviu
douumdumiiliamumnefifedoumnzay Nondlunsdumifindugeand 150%
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G]"]i']ﬂﬁ?ll 67 @hﬂ’;’lméﬁaﬂﬁﬂmﬁ'amaqmemmmﬂmsmamﬁgmm 1,000 AN
w3esile mydadiAiudey  mytaaAfildvivdey  msiadiauadielalei
(Word Overlap (No Word Overlap (Cosine Similarity)
Similarity Measure) Similarity Measure)

DLUYOU LIAADATLTY 57.84 73.60 58.64
Aa1TNY 67.41 87.50 59.48
UL 70.03 87.50 59.48
niaraiitweile 58.55 116.00 47.62

A15197 68 ATUTEANTANLRALIINNITNAADININAIUA 1,000 AN

\n3aile ARl AIANALLINEY  ANANgNARLlen i

(Recall) (Precision) (F1-score)
alual LsARBALYY 63.34 74.70 64.21
AANSNNY 68.77 79.90 65.06
2NN 67.39 80.31 64.25
niaraiItwedile 56.54 96.26 56.36

finsannaNedsvemna i ImuitAmuAdeads LazaNugnAesenuvaILM
mmﬁﬁmuﬂimm'%laqﬁa‘fjiyzymizﬁwﬁé’aﬁf-ﬁﬂﬁqﬂmﬂﬁﬂ losanlusunsuusiassadl
anuanansafilaaulunnusiazavguanaisty Tunsimussmamamaiegldnuis
asdeniadesdielimng futssinnnindne elWldnadnsiafian uenaindaznuiinsly
rsesilelyanussAviusifissedafeniamsafunmmamiigndeuarauysaild
Sududeddmanmaaouanuyudlutuneugaiinede

finnsandiedresAmngavesmnusazUsziam azldaademAviudou Aadedd
lviudeu Andsmeundelaled wazaadomugnioseniulliviniy 75.59% 116%
76.84% Uy 83.59% ANAIWIU
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PnuanveaeisiunaziiulaieIoloudazlusunsy amsafuaLINAINIT
Aeatasiunmeanels lnelinaantanianwuwansnesiulunisiuaumnmivesnnaewdas

Uselan wasnan1sAnwInuinumaimndualnensesleUyuseivganunsaldluniswiy
UsgAninmmsmvuaumaimainaielaganis 150% feanunsadunldiveiiuysednsnin
Tunsdnnanany nsvidsl wagnsaumamilasnae laglunmsideilaasulusunsudm

wingaufuguaeusazUsanvlaefiansananemvivdeu nsinAianuaselalel uasen
Anugnesaeniunaan asulanmias

M13199 69 agUinIeslienmunzauiunnaeusiazUTEm
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AN 70 ANRULAS 9L aVLALNZEAUNUN N NSLABLUTZLAN

NUIANLNIN awvau tsarAlldy  AanTwiy  Buwnnn giiana1dItwaile
AU 2 @ 3 4
i 2 Q) 3 4
Aulsl manlyd a 3 @ 2
99 2 3 a O
fn walsdl @D 3 2 4
91T il Q) 3 2
YIUNINUL Q) 3 2 4
anufivieaiion 3 2 a O)
AaUTmusIsy 3 2 @ a
Unutlade/

Tdamasian ’ ¢ ® 2

q' e Yo v !
ANTNN 71 IUiLLﬂi@J‘WIﬁﬂqﬂ’J'—]QJQﬂmaﬂqqqmeﬂaﬂLL@@%VT@JU@Q']W

Tsunsy RUINAIN

DLUYDU LIARDATIYTY BN Waldl / 871Uy

AaSNe AU/ dnd / 1S

duunm suldl monlyd / AauTmusssy / Unmisde LWamesinn
niiaraIdueile vt / aauivioadion

M131991 70 kAASEIRULATBINBTIMILEAUNINENB AR UTEAN ISESERUIINMNNEANLINTER
lutdosiian aeway 1 89 4 waen13199 71 kandusunsuiliia1augneeganvatiazin
AN
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uni 5

a3U aAUsIeHE LazUalauauug

#5d

9
¥
3

nnmMsasuulammanaluladiiaduluiiagiu feyanmaregnduiinlhidusuu
i \ugadeyaillnguies 4 mnmsifiedesdlefldsuiinamlilusmaign nawine waed
UsrAvEnnifleuniniundesidviasaiune madaiiuteyanmaemariiielfmiluaunands
Hudsiisdudesfinsaniiimsfivangay nsdafunmdedenadidddegemniiiy
Jndussinafiudoys dnvugdAgyvesninaelise %@%@;ﬂaﬁfﬁaﬂﬁﬂashmﬁqdwmmmm
Msdaweudeyaiuninmiannngs vienandnedrmilvinumamitauysel Wudeddy
dmsumsinszidoumadnfenmane Welvaunsadhianmdieiiduusznouvesingi
uAnsefY WAt vuadsiesaninsaseyingiivanvanelunmld nsldieiesle
ﬂzyfyﬂﬂizawit,ﬁaﬁmummemmgﬂmwLﬂuﬁmiﬁuwiwms wagldsumuieniiumndu
mansduinguotsanaiowiefiussansamiunndsiuduegfudunudoyaililunstin
Sanesuildlunisfinasy uasninensmeszuuneNiomesing o

mu%’ﬂﬁﬁwLauam':?ﬁﬂmmﬂﬁfﬁ]ﬁyzymssﬁwﬁl,ﬁaﬁwmLummmmwdwa%ﬁa TnenIs
Wisuisulsransnmueaumamitléanlusunsudyanuseing 4 Wawnse WWun ewgeu
isARaAidu (Amazon Rekognition) Aa13¥ne (Clarifal) 8utunn1 (Imagga) wagniiana1iity
w@itle (Google cloud vision API) Tnenaaesfunmgefiiusiusinanadeninddawuude
wewnsnelalamuansnsae (public domain) 3slifiavans wiawnwesdadvdenlmdy
assaszUszlevinulsiimeunsdoyasuau 1,000 Mwutady 10 wanavyq vavyas 100
a1 Usznausnenmeau dnd duliinents Safivimd fnualdl enms enumnnue anuiiviesdien
warAalIausssu mineaedldnisieufisunmailduindeuningne fumnieniiild
Nnesesile TngvimsiesssiunaamangnusazUssinn AmnugnaesiazamaNysal
yeaumamiaddaeieiediowmeniansaniouiio Snseiuasdsuifiulsyavanmee
Avnsadiasng  loun nsTaArsiudeu (Word Overlap Similarity Measure) n133aanditlsl
Wiudiau (No Word Overlap Similarity Measure) mMsinaiaspaiglaleil (Cosine Similarity)
n3mA1AlY (Recall) Maduusiugh (Precision) Wag A1ANYNRBKENTU (F1-score) AN

nsfnwazUlanall
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1. Frdviudeu Aanuadelaled wazrmnugndeseniuiiinniigavesmnmnnmy
Amilanadewintu 83.59% Fanninnmeii 80% uandiiiiuinedesdletygruseAugannse
thanldimuaumaymainameeifiedisdsyansamiumiamle

2. Wsunsuniiararfiduedile Muumsyamidudiliiudeunssinrumne?
Redoamnzan euinlonalunisiumldgegalunanunnm eiaded 116% uasd
Agsanis 150% luvsnaunnilsdeUawmesinn

3. insesfiefuangzaslunisdnnisiuamaneusazUssinvlasfinnsanadsiudou
aruadelalen uay Aanugndeseniufigeiian wonmuvaianynimsi

LY 15ARATYTU (Amazon Rekognition) ingAUNSIEAMUALNIATI
AMnaneRnNall hazeIUNINUY

aa1snne (Clarifai) W1 UNSIEANNUAUNIAINIAINEIAU FAILALDINIT

duunN1 (Imagga) Widgnunslemuuammamamaenuldnenls
AauTaiusssu wagunnilsde/luamasin

niaral3tueile (Google cloud vision API) wisngiun1sldimuawm,
AMAMEEIINIAY Uavanunvieaien

Lf-ﬁ'aﬂﬁaﬂnujnunﬂ53ﬁwﬁmmsmﬁmﬂﬂumiﬁmummmmmmwmaéauﬁummmmﬁ
fvualnguyudliegsliuszansam inteslousazuiafiynnuantd gauduazqnseuves
A9 m'ﬁ%’aﬁlé’ﬁwLﬁuaéﬁazﬂaLﬁaaﬁuﬂizﬁw%ﬂwwmaqmsﬁmuﬂLummmmﬂm%aﬁa
Poyaazing Tnonadwstliiuinedosiloviadannsnaisdayaiumnmilgndesuarauysal
16 Tnefinadnsfiunnsnafulunmaneusazuszinm

Tnsasuiedosdiofmunmamiiafigaastusgfuanudesnsanizvasdld uaznis
sousuAAmuusiuguazaul luusnsdlmnuiiisanssgsenatimudifyunnndt lusagiiung
nsdiauliigeenaduiidosmsmnnni lunsdvesendded farsandenedesilefiniian
dmunmusazUsziamainardwiudeu msindaundnelaled wazAaugndeen iy 3
Juredsveseamiuduaranuly esndanuaunassninsanuusiudmazanuly ms
FonadeafodmsunsldruuenanmadndiBeiinamaiing dddyedosinnsaniade
U 9 ey Usnanmdie sy natlunisUszanana AuaLazALazBInveIn M
arwaraniunsldou sefuanudenaymaedeafisndudmiuusasiadedio aruanuiy
vosfldf uagUszaunsaimsinninsandedednauladugarieineslfietedel
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MsfsuamInITINLyelestuiivaden uazdediia doRReuyudannsoszymm
PMTlamzia1zas Wudeanuil Jeyana anunisal JeiSeniame ldedrgndes uidedida
TuFesasnislémitlivanvans linsounquarumnevianunitoragniauldunnsmatly
Atusazau luvasiimalulaletygussvsiidedinsuanuansalunmsiivuaiumiaim
annzlaliaysal uiannsatglumsiinsesiddifianaumneadeadsiuiuiuann uway
gndadliild Snitansldiedosdiotiynssivgastelianusofdoyadedn vietoyailaiiud
Snlutlgtuanamaeld eifiuszansamendu dWelidudunmdielugndesnniu fedy
msvhausniuveyedsasdygussividadaduanudndulunisianulueuan

aAUs8Na

msﬁﬂmm{L%m%qﬁa‘f]@apﬂisﬁwﬁlumiﬁmummmmmmwdwﬁ Wun5 1Y
wnseailetlygnussivsanusniinUse A anueauminim wazaunsatuaminmnldge
lunsdnUssinndeyanineangls aenndesiunuifevedunined (Bakker et al., 2020)
Juaiz@u (Binmakhashen & Mahmoud, 2020) n%1a (Ghazali et al., 2020) wazlaanigan
(Colavizza et al, 2021) msldfieZesilomstlynuszivslunsimunumiavaganinsntaelu
msdnseidou Aumn wazdhisdoyanimangldegedivszd@nsam uarsinga Snviedeanunse
HglUNIINITIATIEN NIATIVABUAMNENY N15IAYINRYE ABAANTURIYIA LWagvsnnynIneng
wuudnludRannsnsIaduinganag lunmladnme msdinalulagdyaiussivgunldly
izwé’mmﬁauamwmmwmammLﬁumuﬁﬁmmﬁﬁm wazdndudpsiimaimuiselulu
oUNAN WAMTigndies wavasuduaztelvinismsaseugndesuesnwAdiavinldegall
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