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ABSTRACT

This study was to find the variables or the factors from the pictures for predicting
of applying Machine Learning technique in developing the model for making the tool that
display the predicted information about the online customers’ interest by the pictures. The
customers’ behavior about purchasing or renting condominium in present time had been
changed. Therefore, the pictures of the condominium were one of the aspect that affected
the online customers. To understand the properties and the components of the
condominium, the data was collected from real estate website about condominium. The
data was divided into two groups to be predicted the interest of the online customers.

The study found that 1) the accuracy was at 82.56 percent 2) class recall was at
78.84 percent 3) class precision 79.17 percent. The first five important features consisted of
entropy photo, lightness photo, contrast photo, price, and area. From measuring the
efficiency, the result was at the satisfied rate and the model was used with data to develop

the display in Web Application

Keywords: Condominium, Social media, Web scraping, Machine learning
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A 2.1 Feg1aguenAnsYn

#lan: https://www.smartservice.co.th/th/ddenu3emuimsiiau/

2.2 msmAayarRaUn@inaeds Interquartile Range (IQR)
Interquartile range (IQR) APAULANAINTZIIN Quartile 91 1 waz 3 Wi Q3 - Q1
TunpunImilalaenisudeyanmuaudesiuainiesluuin wasudiuisdeya senilu 4 ¥

ANUAINT 2.1 NTULN Q3 - Q1 WiRALlAANULANAI95E1I9 Quartile 91 1 way 3

nsfuas Outlier agléannannis Q1 - (1.5 x IQR) waz Q3 + (1.5 x IQR) TagAniitiosni
Q1 - (1.5xIQR) ¥3831nn31 Q3 + (1.5 x 1QR) azfieddudeyaiidunndsluainund wie Outlier

9 1QR Heutausluzuuuuves Box Plot fageianIni 2.2



25% 25%

25% 25%
) '}
median
smallest 50th largest
value 25th  percentile  75th value
{minimum) percentile percentile (maximum)
|
First Quartile Third Quartile 100th
(Qy) (Qs) percentile

W—J

Interquartile Range = Q5- Q4

AN 2.2 LanIn1sin IQR

u1: https://dcmlearning.ie/lean-course-content/lean-six-sigma-measure-interquartiles.html

Q1 Q3

outliers outliers
L] - e L ] [ ]

i

Q1-1.51QR IQR Q3 + 1.51QR

- b axis

AN 2.3 #A9E19n159 Outlier Me3s IQR

fian: https://www.math.net/interquartile-range
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2.3 wadlansBeuiveuaio

AoszuuiannsaiSeuinnudyaifoglisenues Uszneusedeyauazindesilenisads
Weteiamnnszuiunsuidymuaginnenadnsosnuiegamnzay

Machine leaming azviheuadiefumsiouivesyudlnenislouyadeyauazyaiiis
Tneufnes “Boud” Wedwunuenuezingeineg s1udsyana dses mav

Machine Learning algorithms a@nunsawudls 3 Useinm

1. Supervised Learning Lﬂ%‘lau‘%auiﬁaa%’aga Ao lddaya (input) WlUudinagns
(output) ®BNIN

2. Unsupervised Learning Lesaaiseuslngliififoya lnsfiadesazi3ouduazaunusuuuy
PEIRIEN

3. Reinforcement learning Lﬂ‘%aﬂﬁ‘&luiﬁ%&lmiﬂi%ﬁﬁ afloudnifinAnly AaYLTeu3

MUNINTEVIVTRANMLIAGENTILRE TngaziinsiseuiineuTuusuasimunegieiaiiie

Meaningful

Compression

Structure Image

T Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

A Diagnostics
Visualistaion Reduction Elicitation Detection

- ] . Advertising Populari
Re“"“gr‘z:ﬁ; Unsupervised Supervised peert e Topuy
Lear‘ning Learning Weather

Forecasting

Clustering

Machine Bt

Marketing Growth Marlet

Forecasting

Prediction

Customer

S |_carning

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks

AN 2.4 fegrmannisiseuiieyaves Machine Leamning

fian: https.//medium.com/@pradyasin/machine-learning
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2.4 wsunauwaLsd (Random Forest)

wsumauelsa (Random  Forest)  1lunilslunuudnassieglunguues Ensemble

a

Learning Fellfiugusnanauliiindula (Decision Tree) #3911N1583194UUINRD Decision Tree

Y 1

g pulagasneannsdudeyaiiegnainyadeyaindu (Training data) wuudenudldndy

Y
v
] A

dl' = . = = o = % Yo ) I ] aa ¢
LW@I‘VmI@ﬂ']ﬁNI@ﬂ']ﬁQﬂLa@ﬂ@ﬂﬂiﬂ sﬁﬂgﬂgaNLa@ﬂﬂ@Mﬂa&meﬂﬁquju N A1719879 Lhay EjNLﬁ@ﬂLL@GW]i‘U'N]

q
[

W UIUIUNTDENINITIUIULIANSUIR TINUALALLUUINBDI9EINITYIUIENADDNUITIDLUINANITN

wgilaunlmaminan1smuenlasunisimauinian (Majority Voting)

DECISION TREE-1 DECISION TREE-1 DECISION TREE-1

RESULT-1 RESULT-2 RESULT-N

» | MAJORITY VOTING / AVERAGING | S

v

FINAL RESULT

AN 2.5 1A598519089 Random Forest

fian: https://www.tibco.com/reference-center/what-is-a-random-forest



10
2.5 lavinsuhguyuniauuyBu (Light Gradient Boosting Machine)

iaﬁﬂi'nﬁauwé/um%u (Light Gradient Boosting Machine) 1Julunanisadinmansd
flassairafunvuduldidnduladmsuiin Classification %38 Regression wane & Au (trees) lag
duldinanilazgnatrstuandeyaildaouliwa Light GBM 1y GBM ilsuidsnfidiussananmas
Tnedi Lisht GBM 14dane3fiu Leaf-wise s‘i’iammaaammiqmﬁﬂé’ 11NNI19aNDINYU Level-wise

o
v v % ] IS

sratuRslinadnsNnulusmazdausinnin

Z\..;{.f\.,{i\.., ......

Leaf-wise tree growth

Amd 2.6 TAssadaves Light Gradient Boosting Machine

fian: https://www.analyticsvidhya.com/blog/2017/06/which-algorithm-takes-the-crown-light-

gbm-vs-xgboost/

2.6 m3sannsiuteyaiiliauna

TumsaslunaddudiosdivatoyaiFeus (Training data) WileiSeus wonn3tad shlufe
wemm3tadvdemuusildlunsaiisuuudrassuenvisdaiusziannou (Label) Aouonvisdndiiy
Amouiisaulalumsaianuudiass Feyndoyaoudasaziidoya udazaaradneuiiiunio
Tné\Aveifu (Balance data) \isliuuudassansnsaousldanmnaaiadiney uslagdnlngud

1 [ v o 1

Joyasziludnuasved (Imbalanced data) wunefis deyadmeuvetusazaaadatuuldvingu

Y

a

9] Aa o ] L. a Y Aa o v ] . .
L aﬂ%@yjawmﬂmumﬂmﬂ’n MaJorlty class LLasLiEJﬂSU@;JUaVIummuuaEJmTJW Mlnorlty class

a [y v v a1 [ ad LY
LVIﬂuV’ﬂ,Uﬂ’ﬁ‘Uﬂﬂ'ﬁﬂU“U’e]?;ljaVl‘lﬂJﬁllﬂaLL‘UQL‘U‘U 3 8rane


https://www.analyticsvidhya.com/blog/2017/06/which-algorithm-takes-the-crown-light-
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1. Sampling methods 1uisnmsduinegsdaiuisnieada Jenuszasdiiiosilidoya
wiagnauiuszanaiiaunariu Tnsuvadu 2 3vdne e
1.1 Under-sampling duandnuiutoyangunan (Major class) Tvineq fudeyansgs
oy (Minor class)
1.2 Over-sampling duifinsuaudayangution (Minor class) Tulsineq fudoyangy
wan (Major class)
2. Cost-sensitive methods #dNN15ABNIITUININAIAIIURANAININNITLUINGY
(Misclassifiying examles)
3. Kemel-based methods dnmstiAentséneumistoyailsiannsaudangulély

szuuUni Tnenmsiiusialigeiuauaunsawiingudeyasenainiula

Undersampling Oversampling

Copies of the

opie y
minority class'.///-

Original dataset Original dataset

a v ¥ N I
AN 2.7 aﬂwm%awayjaﬂmu@a

fian: https://www.linkedin.com/pulse/some-tricks-handling-imbalanced-dataset-image-m-

farhan-tandia/

2.7 faUsEansnwvasluma (Confusion Matrix)

a

nsavthuvuaedlUldassdndudesiinsiaussansamuesiuuinassneuinuuuinass
fadretunnduiivszans mmiisanefiazihuniaudenselduas s elddsdrulng Tuasld
Confusion Matrix TunsinUssansnin

Confusion Matrix fie M1519tUIRRINANAIRLUUS RN lE UL AT U3 eTud]

dadruduagals


https://www.linkedin.com/pulse/some-tricks-handling-imbalanced-dataset-image-m-%20%20%20%20%20%20%20%20%20%20%20farhan-tandia/
https://www.linkedin.com/pulse/some-tricks-handling-imbalanced-dataset-image-m-%20%20%20%20%20%20%20%20%20%20%20farhan-tandia/
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Predicted
Negative (N) Positive (P)
- +
Negati False Positi FP
egative True Negative (TN) alse Positive (FP)
- Type | Error
Actual
Positi False Negative (FN
= alas Negatiee (EN) True Positive (TP)
+ Type Il Error

AN 2.8 LENIFIDE19MN519 Confusion Matrix

fian: https://medium.com/analytics-vidhya/what-is-a-confusion-matrix-d1cOf8feda5

True Positive (TP) fin F99ILUUIN a99neg1nNsaiin “a39” wasdsuy ety “959”

'
a A

True Negative (TN) #e A9iuuan assmennsalin “lia3e” wagdniu haty “lia3e
False Positive (FP) Ao &97iLuuan aawmensaiin “a3¢” uwideiu hintu “ligse”
False Negative (FN) fie Aefluuuan asswennsaidn “liese” uddeiu hatuy “a930”
hludiandenlflumsidouaznusineg findngey 3 fldun

1) Precision

2) Recall

3) Accuracy

TnsusazainazinlUlgmesiunuAMuLNZ al

2.8 nmsdnamsiudeyailiauna (Imbalance Data)

Xin Li, Mengyue Wang, Yubo Chen (2014) Wnaustadelunisindulagevesuilan

' '
a CY

neeeulalidudaiinideuay guitRnulianuaulalussezens Wemnaindreveawdndudivae

guslaarilandaduelalaense davandnagldaunerguegraunlunisdananlaisany

(%
[

ae149l5Amu FelAdTesndadefunansenuraINImaneNansugsani1sinaulate n1sAnEINaY

[y

nihfldnlngfliisn1snaass Baliavengu)inseasaneriuaimaiendndaeiuiaudys 91uidell

TausglevuanmmAlanIsUTEUIaNa N NNBANEINANTENUVBINNAEHNANN U9 1NATIA a1ty


https://medium.com/analytics-vidhya/what-is-a-confusion-matrix-d1c0f8feda5
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dldaunsadndundndasiannnindieidundn 15999519a0UdNYALNITVBININEEBNEASWIIN

a [

LALNUDITOLA BTN FUVSHAIN LAZNITHAAINU NFIAY NUTIHUSINAYRUN NG 8NN T

pd)}

9 Y 9 ' = o

nguanvunlngndn leulnsUvesinguaniiaindt @gunit Aounsangendt mutaaniainda

Y

ad

LAZNITLANIAUNIFIANNINNTY MUIdeluurdisnsildteyavuialrgiieAnwinansenuves

AanURnMYeIsEUUBRRUIsYNI seguslna

Tsung-Yi Lin, Michael Maire, Serge Belongie, Lubomir Bourdev, Ross Girshick, James
Hays, Pietro Perona, Deva Ramanan, C. Lawrence Zitnick, Piotr Dolla. (2015). ﬁWLauaﬁm“i’Jjaga
Tdgadidmnelunisiauenisandningluvsunveslymeanudilaluaniunisaiiininediu Fsilvinla

[y a o

lagn1ssiusunmidudeuaintudinlszdriuniiingnaluluanmiindeunissssued 1duday

¥

duALAUTRUIA N RYIIATDIMNE TR YI8N1TI LMY Ing MiuET Yndayavaasnd
! [y a o g o V1 Yy a ¢ 2 & v
Amengvesing 91 wllafiAineny 4 vivaunsaandilaig nsldaigduaunudLInnmun 2.5 d1u
AN 328k NMsaeyateyavensliusslerinnauyisduiusndudiudoUssaugldnudan
TsldmSunsnsiaduniiavdnsaunuduasnudiaznisuenduauaud isaulagateyaiuSeuiiiey

fiu PASCAL, ImageNet Wag SUN

Moaiad Ahmad Khder. (2021). diausn13siusIudeyainIatnenion1ssiusindeya
2 P ¢ ¢ A =~ v < ) wa ° v ~ v PP P
Aulagldwendwisiverstayanniivledlagdnludd Feevilmsiaiunsossdeyainiilasaasnanin
YaAIULU html LLasztff]uﬂiz‘laﬁaﬁmwmﬁ%’fagdugﬂLmuﬁémléﬂ:msm%awu'u JSON #%5aXML

v Y A a =3 6 6 ¥ a
ns5UTIdeya aunsaniunusmbiieunuaiatinivled eeulal walvisvasiden
Wi wenaniinisldlusunsusiusiudeyaivazadiidoyafinfuegazidengndouway
A49AARBINULINNINNITUIUNIYLD ﬂénﬁamiﬁﬁagaLﬁfuﬁaaﬂil,t,auﬂuashqiﬁ NASY, TURBUNNS
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Avloyaliu, walulad, Tufeidesiugsivedls Jyguseivginermanidoyatoyavuinlng

Y
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AT81NTSAYIANNUaBRNBLaEIsNSINIUAIW Python



Adell Wumsfnwiiiemmuusnieladendmuddguazimuizanlagldmaiinns
Seudveaasatlumsiauiiuuiasiansdayanisneinsaiauaulaveseinisyn lnedduneu

Aseiunisaasalull

3.1 maiusIuTIndeys

3.1.1 naiivdeyaninunasesulal dewmalin Web scraping

e | =g >4 Exgin

CondolumpiniBrokerage.com L, ! B

Aunenuwut doomswhnue-B1 doomsBo-ih usludy wansth§

rihndn oaKduUooIs)
i =
o | i B ‘ ewm
wwad v mae v s | o b+

WU 2145 swms

R e wssw 3 So08% auid mes AUl mes o 00 R0 24
Suouho 116 Fuomihe 80 Suouihe 23 Suon 83
s 1 1 1 e» 2 2 1 <o R )

osu. foouou rfooth wosivos  csu.  rocuou fowh wosios  0su. Hooueu rooth Mosivos

AU aa 6w A was gfws Uit poulomall swBUnsyhand AU IWAA BN - HANA

2
Fuouio 261 i S 107 oI 246 120035 S 760
5248 2 2 1 5248 1 1 1 3515 1 1 1 U 1 1 1

osu. Meouou Hooh wosOoos  osu. foouou Moo Mosonos  osu. foouou Aooh Woshoos  csu  Hoouou tooth mosos

AW 3.1 Lansdegantiules www.condolumpinibrokerage.com


http://www.condolumpinibrokerage.com/
http://www.condolumpinibrokerage.com/
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1. udoyafifum sedeuly Uszian Bha uay Bosdduaniuiiasteya Juias
Usgnia (Inal-4Ain)
2. Judieyariesynsuaudoya 8,824 foghs Tnewfudeya faus 27 Asew 2564 1 07
gy 2565
3. aaudnuasziaulaleinn
1o (listing id)
Useeam (contract type)
Fovioayn (title)
flagiiu (ur)
MO8 (image)
3171 (price)
YUINVDIYA (area)
F1uauiiueu (beds)
Fruautiesth (baths)
Sunudunausn (hits start)
ugruaan (hits_update)
Sufiduiiiudoya (date time start)

Jufiagaiviudoya (date_time_update)

19U (zone)

listing_id  contract_type title url image price beds baths hits_start hits_update date_time_start date_time_update

il md
LR et e . S o o 2020-08-27 2022-09-07
Qug  Mtp:licondolumpinibrokerage.comindex.php/pro... —http:/icondolumpinibrokerage.comjassets/upload... 14000 3. 1 1 95 3 00:00:00 00:00:00

weTw 3

62207 Tiish

il md
@ Jnef 2020-08-27 2022-09-07

htp:fjcondolumpinibrokerage.com/findex.php/pro...  http:jjcondolumpinibrokerage.comjassetsfupload... Fr

2020-08-27

http:/jcondolumpinibrokerage.com/index.phpfpro...  http:/fcondolumpinibrokerage.com/assets/upload... 29.08 00:00:00

” X = . - A 2020-08-27 2021-07-12
hitp:fjcondolumpinibrokerage.comindex.php/pro...  http:/fcondolumpinibrokerage.com/assets/upload... 2 0000100 e

usdng,
w3,
agzing
o3,

P 7" S S T . - 2020-08-27 2021-01-04
Tk http:/jcondolumpinibrokerage.com/findex.php/pro... http:/icondolumpinibrokerage .com/assets/upload... 2. s 00:00:00 00:00:00

weTw 3

AN 3.2 waniegetalaiadyn Ay Pandas



A 3.3 uaneiieg1an1mae Thumbnail Aivdeyaainunasesulal

3.2 msm’%au%’aga (Data Preprocessing)
3.2.1 deyavily
3.2.1.1 ondeyanluiiazyhmswioudeya laun
- 9771 (price)
- YUIAVDIYA (area)
- §runudiueu (beds)
- $1unusiesth (baths)

- DU TUATILSA (hits_start)

- wIuduNagn (hits_update)

o
a v

- Juiisuinudeya (date_time_start)

1%

a A g .
- TUNANEANLNUYDYA (date_time_update)

listing_id price area beds baths date_time_start date_time update hits_start hits_update
1 1

1 1
1 L
1 1
1 1

Al 3.4 uansiiegsdeyaesyniiiionuiiewieuteya nie Pandas
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v & o [y a1 AN @ Y

3.2.1.2 @579 AduYd 91U (date_count) lay A1uIMNIIN Juidraniliiutoya

9 Y

(date_time_update) ausiie Juiisuiiutaya (date_time_start) wenuingie 1 Ju

listing_id price beds baths date_time_start date_time_update hits_start hits_update date_count

62207 14000 1 L
63620 9000
63832 12000
63988 20000

64117 12000

2022-09-07 95 742
2022-09-07 742
2022-02-18 541
2021-07-12
2021-01-04

[ T T R ]

1 1
1 L
1 1
1 1

A7 3.5 uanwiiegtayaesyniiiiuneauy 311U (count_date) 638 Pandas

3.2.1.3 a¥19 pedutl ARALIIWINEYY (avg_hits) 1Ay AUINANAIN FIUIUFYNA1ER

(hits_update) augIg IUIUFBUATIIA (hits_start) wWaIM13A98 F13UTU (date_count)

listing_id price beds baths date_time_start date_time_update hits_start hits_update date_count avg_hits
62207 14000 | 1 020-08-27 2022-09-07 95 155 742 0.08
63620 8000 020-08-27 2022-09-07 213 314 742 014
63832 12000 020-08-27 2022-02-18 175 0.02
63988 20000 0-08-27 2021-07-12 102 3: 0.33
64117 12000 0-08-27 2021-01-04 z 0.056

B R ORI R PR3

(=
L T I |

1 1
1 1
1 L
1 L

0!

AN 3.6 uandIRgNtayavipsyaTiiuAeauY ARAETINIULUY (avg_hits) A Pandas

3.2.1.4 deadeyaiiaund (Outlier) iosanmsiideyainunfvziinasents Tinsied
Yoya dasmide dldvhmansaaeudeyaiinunfdaeiBnism IOR (nter Quartile Range)

3.2.15 wisngudruugn (hits label) anAedsswouguu 1Wu 2 ngu TéuA ngu
fosl (normal) wagngugwal (intention) 9 ndeyailld 8,824 fees ndsaminswisudeyaly

19U aglalu naudanund 5,771 deegne uarnquivuauly 1,654 faogns

listing_id price beds baths hits_label
62207 14000 1 L normal

63620 2000 normal

63988 20000

normal

1 1

63832 12000 1 L normal
1 1
1 1

64117 12000 normal

2NN 3.7 wansiegetayaiosyaninuangy (hits_label) 638 Pandas
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AN 3.8 UaneegenTTlanaaRIn wusngudiuiugvuiiy Matplotlib

g
g

3.2.2 Yoyan1mang

intention

18

3.2.2.1 hamenevihluuszianaiuluwa YOLOVS tivelasnGedayanmudnuay Naula

Y a v
Aouanuauzaulalaun

3.2.2.2 dnane WrluaAuam ma1 entropy, lightness uagcontrast

g (chair)

%91 (couch)

\Reuou (bed)
1Aen1u917 (dining table)
16y (table)

m (tv)

Tulasian (microwave)
18U (oven)

] \fu (refrigerator)
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AN 3.9 wansdiregnmaeuantianisladeyanmudnvuznaulavesningy ¢ag YOLOVS

3.2.3 tdayaviily wazdoyanindig w15y laggneds led (listing_id)

dining
table

entropy lightness contrast

hits_label price area beds baths chair couch bed > .
photo photo photo

table tv microwave oven refrigerator

1

4

a U ! 4 Ay v o v o v ! Y b
AN 3.10 LLammamwa;&awlmmﬂmsuwayjamlﬂ LaSTVBUANTINDY WITIUNU MY Pandas

3.2.4 Yayanlafidnwasidu Imbalance  data ldwngsienisiiunasisuuudtaesdsded
n13v1 over sampling Faiin1suTuanuaunalaeldis SMOTE 1 Label normal uag Label

intention JF1UUYINNAU
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5000

4000

3000

2000 A

1000 4

normal
intention

A 3.11 uanadaeg1anTNAluEsa N Imbalance data #me Matplotlib

3.3 A3E519UUUTNABY

NNTAS1IUUUIABIUUU Supervised Learning Model (Binary Classification) Tunns
vhuganuadlavesiiuilan nsnsihdeyadiiiunszuiunswioadeyaviinisiae Data type
VDY @mé’nwmz chair, couch, bed, dining table, table, TV, microwave, oven, refrigerator 310
Numeric Data Toiidu Categorical Data wudededle Pycaret aaen13iIun Output Label
Ju hits_label @sUsznaudae Unf (normal) waraula (intention) uagyn1suus training 70% uag
validation 30% TagwSeuiiou 2 Tawna il Random Forest Classifier, Light Gradient Boosting

Machine

3.4 M3IAUTTANTATNUUUINEDY
3Fn1snedeutiiolIsuifisuUszaniainnisviiiureanuusiass ad1eainudasy

Sanesiuanunsafinnsanlaaindn (Accuracy, Precision, Recall) saensld Confusion Matrix Tnei

anugniasasriviungldasdidnnuiedesiuegiu Aauseulm uas Aarusing veens

YUY
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3.5 1nsasilenlilusuide
3.5.1 Visual Studio Code 1{ulusunsu Code Editor Mldlumsufluuazuiuusisldn annee
lulaswensi dnsiamneonunlusuuuures Open Source  Fvannsatunldaulduuums « 4

foan1sAnuduilonnan

¢ a

3.5.2 Python unwlusunsureuiamesseivgilaegnesnwuuanliduniwansud N9y
inelagdnmnuduteuvedasiaiuarhonsaivesniw oenly ludruveanisulamafda i)
Feulidunwiedes

3.5.3 Request \ulugaaiuves Python Tddmsunserumiivi

3.5.4 BeautifulSoup \Uulugatasuves Python lddmsunisueninsngiienans HTML uaz
XML

3.5.5 Miniconda Jusdnnisunawnazes Python Tdmduindautinng uay Jaanmuindon

3.5.6 Pandas {Wulugaiaiuves Python lddmsunisdanisuaziinszvideyauseansangs

3.5.7 Numpy {Wulugawasuues Python Tddmsunisiuiunedinmans

358 Cv2 1Wulugaiaiuyes Python lddmiunmsinniaieaduteyaninaie

359  Scipy tJulugaiaiuues Python d@amveneseain NumPy lddmsunisiuan ma
ALINAIERNT

3.5.10 Matplotlib {ulugaiaiuves Python lddmsunisuansualuzuiuu visualization

3.5.11 Ultralytics {ulugaiaduves Python lddmiun1svia Image detection

3.5.12 PIL {ulugaiaiuves Python Tsi’féiw%’umaé’mﬂ’mﬁmﬁ’u%gamwmﬂ

3513 Imblearn (ulugataBuves Python 1ddmiunisiitedanisiu Dataset filsidl A
Aunany

3514  Pycaret JulugaaSuves Python lddmsunistaelinmsiliouiisunadnsves
Machine Learning Model usiazlunaiiusanigadadu Tnasauien Machine Learning Library 8u 9
Wanegmeiy feee Library fivnnTIuse 1w scikit-learn, XGBoost, LightGMB

3.5.15 Flask \ulugataduves Python lddmsunisasns Web Application

3.5.16 HTML Junweenfimesildlunisuaninareaenarsuuivled

3.5.17 CSS Wumwipauiumesilddmsuanudsenans HTML

] [

35.18 Javascript Wuntwneeniunessildduiuianmsienidnionginssy veantniules
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J1U398U
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AOUILTEIANIGILL

uni 4

NANISAN®EN

Usnsethidedmiummennsallagldinaiianisiseuiveaunies

(Machine  Learning) lumsauuvudtaesuanstayanisng1nsalaiuaulavesein1syaeie

! = a = L ! dy
nnane lnefistwazidenveinanisAnwnine Ul

4.1 faudsviseladedidrAgyannsunisweinsal

contrast photo

area

price

lightness photo

entropy photo

tv

Features

couch

refrigerator

dining table

bed

0.00

Feature Importance Plot

®
®
L
®
®
0.05 0.10 0.15 0.20 0.25

Variable Importance

AN 4.1 LEAIIeE 19N INNTILEnINLae$71d1ATy Random Forest Classifier 6e) Pycaret
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Feature Importance Plot

area L
lightness photo L
entropy photo L
contrast photo o

price L

Features

couch L
tw L]
bed L ]
dining table L

chair L

0 100 200 300 400 500 600 700
Variable Importance

AT 4.2 Lansieg NI miniuansiliaesiidAey Light Gradient Boosting Machine ¢e Pycaret

91n3UN 4.1 uaz 42 UuUUd1aed Random Forest Classifier kae Luudnaed Light
Gradient Boosting Machine fifllaasniinauddgy 5 arsunsn lasusznauluaay entropy photo,
lightness photo, contrast photo, price kaz area #vwziiui Ioyainefupudnuaznmas 3

293 M. entropy photo, lightness photo, contrast photo

4.2 NANNITINNABUUINADY

A15197 4.1 M59NTIANALUUINEBIY Predict Model Aae Pycaret

Model Accuracy | AUC | Recall | Prec. F1

Random Forest Classifier 0.8256 0.9031 | 0.7884 | 0.8517 | 0.8188

Light Gradient Boosting Machine | 0.8180 | 0.8968 | 0.7812 | 0.8433 | 0.8111




A157197 4.2 71579 Confusion Matrix 91nn53ANa Random Forest Classifier fng Pycaret

True normal

True intention

Class Precision

Pred. normal 1313 209 80.3%
Pred. intention 322 1200 85.2%
Class Recall 86.3% 78.8%

a1519fl 4.3 #1519 Confusion Matrix 99nM153ARa Light Gradient Boosting Machine #1128 Pycaret

True normal

True intention

Class Precision

Pred. normal 1301 221 79.6%
Pred. intention 333 1189 84.3%
Class Recall 85.5% 78.1%

NPT 4.1 A1TIANE LUUT1809 Random Forest Classifier wag Wuud1aed Light
Gradient Boosting Machine 1@ Accuracy 82.56 \Wasifus uay 81.80 wWasidusd auasu fatiu
NuATelaziden Tuea wUUI1899 Random Forest Classifier lUldd1su Web Application Tunns

S9N
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4.3 N1FLENINE

Wvuhassilalluszgndldivtoyaioiaun uazuansua luguuuu Web Application

Predict Hit Score

LTk
i i

b= ‘£

o'

1 8. 8.8 8 ¢

intention
Choose File [EZZESY
8000

30

AMd 4.3 Web Application

911 Web Application filanensal aglainuilaafisunmansiian entropy photo 71s1

N, lightness @3n91 photo Uagcontrast photo 7igandn Fee el

MWN 4.4 wanaiegneguiasyn wensadaula (intention)
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A 4.5 uanweg1agutiosyn wensalunid (normal)

wathitadewirlienavinliinisnennsalaaniould Jsseadiladeiiugu price uay area

Wudadenuevinlyd niswennsal wluguinau



unil 5
unagUuasdatauaiuy

(%
[y

yille

[

\Rip noUsvasAaniuUsvseladed msunmsnensallagnisldimalianisiseus

Y94LA304 (Machine Learning) lumsiaiuuwuudiassiiuanstoyanisnensainiuaulaveseins

Y

YN Mg lagaunsaasunanisidelansil

5.1 aguwanisAnen

5.1.1 laWaun Luudnass Random Forest Classifier Way WUUdNa8s Light Gradient Boosting
Machine 16 Accuracy 82.56 1Wosidus uay 81.80 wWasidud aud1su lnsazld luma wuudiass
Random Forest Classifier Tuniswensal

1Y

512 dwusmseladendrdgydmsunisneinsal 5 ainunsn laeUsznoulusie contrast

photo, area, price, lishtness photo ILa¢ entropy photo

5.1.3 lgaimun Web Application @ wsunensalainuaulavese1nnsyn

5.2 UalduBuu

5.2.1 fansandade sudindulunindie Wy saturation, color

5.2.2 Wfiusuau class 1iunnan 2 class WlelnldnadnsfiaziBonunniu

523  WauUszAnsamusauuusiass wennaesiwuusiassduiiudiy ielildna n1s
wensaifusugnnniy

5.2.4 Waiu1 Web Application Wanunsa upload Miflaznatsningne LAIUAAINABONUTINGY

Ty Un@ (normal) %39 aulu (intention)
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from bsd import BeautifulSoup
import requests

from datetime import timedelta, date, datetime
from time import sleep

import random

import subprocess

import re

import os

import json

import csv

import pandas as pd

import numpy as np

import sys, getopt

import urllib.request

getData(url, contract type, sort by, zone id, page, today):

param = {}

param['contract type'] = contract type
param['zone id] = zone_id
param['sort by'] = sort_by
param['page’] = page

while
if i > 2:
break
html = {}
html['data’] = {}
try:
r = requests.post(url, param)

soup = BeautifulSoup(r.text,"ntml.parser")




try:
lastpage = [li for li in soup.find('ul',{' pagination'}).findAU('i)]
lastpage = lastpage[len(lastpage)-1].find(‘a’, href= J'href1]
html['lastpage'] = int(re.findall("(\d+)",lastpage)[0])

except:

pass

for li in soup.find('ul’).findAU(LT"):
no = re.findall("\d+", li.find('a', href=
html['data’l[no] = {}
html['data'llno]l'id'] = int(ho)

html['data'][nol['contract type'] = li.find('a', {' property-featured-image'}).find('span’,
{'badges).text

html['data'l[noll'title'] = li.find('div, {' property-info'}).find(‘a’).text
html['data'llno]ll'url’] = li.find('a’, href= N'href]
html['data'llnoll'image = li.find('a").find('img)['src']

htm['data'llno]l'price’] = int(li.find('div', {'price}).find('span’).text.replace(,’, "))

html['data'l[noll'area’] = float(li.find('div', {'property-amenities'}).find('span’,
{'area}).find('strong)).text)

html['data'l[nol['beds'] = int(li.find('div', {'property-amenities'}).find('span’,
{'beds}).find('strong’).text)

html['data'l[nol'baths'] = int(li.find('div', {'property-amenities'}).find('span’,
{'baths'}).find('strong’).text)

html['data'llnoll'hits_start'] = int(re.findall("\\d+", li.find('div, {'hits'}).find('span’).text)[0])

html['data'l[nollhits_update'] = int(re.findall("\d+", li.find('div', {'hits'}).find('span’).text)[0])

html['data'l[nol['date _time start’] = today

html['data'][no]['date time update'] = today




break
except:
4= 1
rand = random.randint(, 5)
print("Sleep Time : " + str(rand) + " sec. :: Error Request ")
sleep(rand)

pass

return html

job():

backdir ="
config file = open(backdir + 'config/config.json’)

conf = json.load(config_file)

pd data = pd.read_csv(backdir + ‘tmp/listing.tsv', sep="\t")

tsv_transection = open(backdir + 'tmp/listing transection.tsv', ‘a’)

tsv_transection writer = csv.writer(tsv_transection, delimiter="\t, lineterminator="\n', quotechar = "")
tsv_new = open(backdir + ‘tmp/new_listing.tsv', 'a")

tsv_new writer = csv.writer(tsv_new, delimiter="\t, lineterminator="\n', quotechar = ")

(]

tsv_count = open(backdir + ‘tmp/count _listing.tsv/, 'a’)

tsv_count writer = csv.writer(tsv_count, delimiter="\t, lineterminator="\n', quotechar = "")

for zone in conf['zone'l:

print(zone['title'])

today = str(date.today()) + ' 00:00:00'
page = 1

already listing = 0

new listing = 0

html = getData(conf['url], conf['contract type'l, confl'sort_by'l, zonel'id], page, today)

for page in range(1, html['lastpage'] + 1):

page count = page




html = getData(conf['url'], conf['contract type'l, conf'sort_by'l, zone['id'], page, today)

for listing id, v in html['data'l.items():
lid = pd_data['listing_id'].tolist()

price_status = 0

try:

lid.index(int(listing_id))

pd_data.loc[pd data[listing id'] == int(listing id), 'hits update'] = v['hits update']
pd_data.loc[pd data[listing id'] == int(listing id), 'date time update'] = today
already listing += 1

except:

tmp =[]

for key, value in v.items():
tmp.append(value)

tmp.append(zone['title])

try:

urllib.request.urlretrieve(v['image'l, backdir + 'image/thumbnail/* + str(listing id) + "' +
v['image'].split(".)[2])

urllib.request.urlretrieve(v['image'l.replace('thumb ', "), backdir + 'image/original/* +
strlisting id) + "' + v['imageT.split('.)[2])

if len(pd_data.index.values) ==

pd_data.loc[1] = tmp
else:

pd data.loc[pd data.index.values[len(pd data.index.values)-1]+1] = tmp

tsv_new_ writer.writerow([tmpl0], tmp[10], today, zone['title']])

tsv_new.flush()

new_listing += 1
except:

price_status = 1




pass

if price_status == 0:

tsv_transection writer.writerow([int(listing id), v['hits update'l, todayl)

tsv_transection.flush()

print("date:", today, ", page count:", page count, ", already:", already listing, ", new:", new_listing)

tsv_count writer.writerow([today, zone['title'], already listing, new listing])

tsv_count.flush()

o

with open(backdir + 'tmp/listing.tsv' ,'w') as write_tsv:

write_tsv.write(pd_data.to _csv(sep="\t, index=

tsv_transection.close()

tsv_new.close()

tsv_count.close()

config_file.close()

try:
opts, args = getopt.getopt(sys.argv[1:] ,"h",["help"])
except getopt.GetoptError:
print(")
print('==== Program Scrap CondoLumpiniBrokerage ====")
print(")
print(Error! Please Check Command.')
print(")
print(Command : ")

print("python condolumpinibrokerage.py -h" or "python condolumpinibrokerage.py --help")

print(")
sys.exit(2)




for opt, arg in opts:
if opt in ("-h", "-help"):

"

print(")

print('==== Program Scrap CondolLumpiniBrokerage ====")
print(")

print(Command : )

print('python condolumpinibrokerage.py')

print(")

print(Example : )

print('python condolumpinibrokerage.py')

print(")

sys.exit()




2. laansiadayanasnuuziaulavesnneie (object detection)

import os

from ultralytics import YOLO
from PIL import Image
import pandas as pd

import numpy as np

import json

import csv

out obj = {}

item = ['chair','couch’,'bed',dining table','table’,'tvV','microwave’,'oven’, refrigerator']

detect():
tsv_obj detect = open(listing obj detect.tsv', 'w)

tsv_obj detect writer = csv.writer(tsv_obj detect, delimiter="\t, lineterminator="\n', quotechar = "")

tsv_obj_detect writer.writerow(['idT + item)
tsv_obj_detect.flush()

path = "../../scrap_data/image/thumbnail"
dir = os.listdir(path)

for file in dir:

result = detect objects on_image(lmage.open(path + /' + file))
tsv_obj detect writer.writerow([file.split(".)[0]] + result)

tsv_obj_detect.flush()

tsv_obj_detect.close()

detect objects on_image(buf):
model = YOLO("yolov8m.pt")
results = model.predict(buf)

result = results[0]




output =[]
value = [0,0,0,0,0,0,0,0,0,0]

for box in result.boxes:

class_id = box.cls[0].item()
try:
if result.names|class_id] == 'chairs":
obj name = 'chair’
else:
obj name = result.names|class_id]
index = item.index(obj_name)
valuelindex] = 1
except:
if obj_name in out_obj.keys():
out_objlobj name] += 1
else:

out_objlobj name] =1

print(out_obj)

return value

detect()

print(out_obj)




a0
3. I@’T@miﬁqsﬁagaﬂmé’ﬂwmzﬁaﬂwmmwdw (entropy photo, lightness photo, contrast photo)

import os

import cv2

from scipy.stats import entropy
from numpy.linalg import norm
import math

import pandas as pd

import numpy as np

import json

import csv

out obj = {}
item = ['entropy photo', lishtness photo','contrast photo']

asthetics():
tsv_asthetics = open(listing asthetics.tsv', ‘W)

tsv_asthetics writer = csv.writer(tsv_asthetics, delimiter="\t, lineterminator="\n', quotechar =

tsv_asthetics writer.writerow(['id'] + item)

tsv_asthetics.flush()

path = "../../scrap_data/image/thumbnail"
dir = os.listdir(path)

for file in dir:
result = asthetic_on_image(cv2.imread(path + /' + file))
tsv_asthetics writer.writerow([file.split(".)[0]] + result)
tsv_asthetics.flush()

tsv_asthetics.close()

asthetic_on_image(buf):

value = [




round(image_entropy(buf), 2),
round(lightness(buf), 2),
round(contrast(buf), 2)

]

return value

image_entropy(buf):
gray_image = cv2.cvtColor(buf, cv2.COLOR BGR2GRAY)
_bins = 128

hist, = np.histogram(gray image.ravel(), bins=_bins, range=(0, bins))

prob_dist = hist / hist.sum()

image_entropy = entropy(prob_dist, base=2)

return image_entropy

lightness(buf):
img_hsv = cv2.cvtColor(buf, cv2.COLOR BGR2LAB)
lightness = img_hsv[;, :, 0].mean()

return lightness

contrast(buf):

lab = cv2.cvtColor(buf,cv2.COLOR_BGR2LAB)

L,A,B=cv2.split(lab)

kernel = np.ones((5,5),np.uint8)
min = cv2.erode(L,kernel,iterations = 1)

max = cv2.dilate(L kernel,iterations = 1)

min = min.astype(np.float64)

max = max.astype(np.float64)




contrast = (max-min)/(max+min)

average contrast = 100*np.mean(contrast)
return average contrast

asthetics()

4. lenwmssutoyaniluidndeyaniaund wazwuingudnuiuguu winhdeyateyamiluildniey

wswiudeyanuanyennay Anturinisdinnisusuanuaunalagmailn Over-sampling

import pandas as pd

import datetime

import matplotlib.pyplot as plt

import matplotlib as mpl

import numpy as np

import datetime

from imblearn.over sampling import SMOTE
from collections import Counter

from matplotlib import pyplot

from sklearn import preprocessing

from numpy import where

df = pd.read _csw('../scrap_data/tmp/listing.tsv', sep="\t")

df_obj = pd.read_csv('../extract_features/object_detection/listing_obj_detect.tsv', sep="\t")

df_asthetics = pd.read_csv('../extract_features/extract features/listing_asthetics.tsv', sep="\t")




dffdate time_start] = df['date_time_start'].astype('datetime64[ns]’)
dff'date time update'] = df['date time update'.astype('datetime64[ns])
df.dtypes

df = dff['listing_id', 'price’, 'area’, 'beds', 'baths, 'date time start', 'date time update'’, 'hits_start,
'hits_update']]

dff'date _count'] = df.apply( x: abs((x['date time update] - X['date time start']).days)+1, axis=1)

dff'avg hits'] = df.apply( x: "(:.2f}" format((x['hits_updateT-x['hits_start)/x['date count']) if

x['date_count] > 0 else 0, axis=1)

dffave_hits'] = dffavg_hits.astype(‘float64’)

np.mean(dffavg_hits')

dff'avg_hits_cut2'] = pd.cut(dff'avg_hits', [0,1,3])

df.to_csv('data _prepare class.tsv', sep="\t")

df = pd.read_csv('data_prepare class.tsv', sep="\t")




df.rename(columns = {'avg_hits cut2"'hits_label?}, inplace =
df = df.replace([(0, 117, 'normal’)
df = df.replace([(1, 317, 'intention’)

df.sort_values(by=['hits_label]).head(5)

df = dff['listing_id', 'price’, 'area’, 'beds', 'baths', 'hits label, 'date time_start'l]

df join = dfjoin(df obj.set index(id’), on='listing id")
df join = df join.join(df asthetics.set index('id"), on='listing id")

df final = df join[['hits_label','price’, 'area’, '‘beds’, 'baths', 'chair, 'couch’, 'bed, 'dining table', 'table’, 'tv,

'microwave', 'oven!, 'refrigerator’, 'entropy photo', 'lightness photo', 'contrast photo', 'date time start]]

df final = df final.dropna()

df final feature = df final[['hits label)'price’, area’, 'beds', 'baths', 'chair', 'couch’, 'bed', 'dining table’,

‘table’, 'tv, 'microwave', 'oven’, 'refrigerator’, 'entropy photo', 'contrast photo', 'date time start']

df final train = df final.loc[df final['date time start'] <= "2022-07-31"]
df final train = df final_train[['hits label) 'price’, ‘area’, 'beds', 'baths', 'chair, 'couch’, 'bed, 'dining table',

'‘table’, 'tv, 'microwave', 'oven', 'refrigerator’, 'entropy photo', 'lishtness photo', 'contrast photo'l]

counter = Counter(df final_train[hits_label])




oversample = BorderlineSMOTE(random_state=123)

X_smote, y smote = oversample.fit resample(df final train[['price’, 'area’, 'beds', '‘baths', 'chair', 'couch’,
'bed’, 'dining table', 'table’, 'tv/, 'microwave', 'oven', 'refrigerator’, 'entropy photo!, 'ligshtness photo', 'contrast
photo'l], df final_train[['hits label']])

smote_array = np.concatenate([X_smote, y_smote], axis=1)

df2 = pd.DataFrame(smote_array, columns=['price’, ‘area’, 'beds', 'baths', 'chair', 'couch’, 'bed', 'dining table’,

‘table’, 'tv', 'microwave’, 'oven', 'refrigerator’, 'entropy photo’, 'lightness photo', 'contrast photo', 'hits_label)

df2.to_csv('data train.tsv', sep="\t")

df final test = df final.loc[(df final['date time start] >= "2022-08-01")]
df final test = df final test[['hits label', 'price’, area’, 'beds', 'baths', 'chair', 'couch’, 'bed', 'dining table',

table’, 'tv, 'microwave', 'oven', 'refrigerator’, 'entropy photo', 'lishtness photo', 'contrast photo'l]

df final testto csv(data_test.tsv', sep="\t")

5. 1ARES19LUUTIB0UUU Supervised Learning Model (Binary Classification)

import csv

import pandas as pd

import pandas_profiling

import cv2

import numpy as np

import matplotlib.pyplot as plt

import matplotlib as mpl

from pycaret.classification import *

from pycaret.utils.generic import check metric

from sklearn.metrics import classification_report




df train = pd.read csv('data_train.tsv', sep="\t)
df train = df train.dropna()
cols = ['hits_label, 'price, 'area’, 'beds’, 'baths', 'entropy photo’, ligshtness photo', ‘contrast photo', 'chair,

‘couch’, 'bed!, 'dining table', table’, 'tv', 'microwave’, 'oven', 'refrigerator’]

df train = df train[cols]

df train['chair'] = df train['chairl.astype(int).astype(str)

df train[couch'l = df train['couch'.astype(int).astype(str)

df train[bed] = df train['bed'].astype(int).astype(str)

df train['dining table'] = df train['dining table'].astype(int).astype(str)
df train['table] = df train['table.astype(int).astype(str)

df train['tv] = df train['tv'].astype(int).astype(str)

df train['microwave'l = df train['microwave'l.astype(int).astype(str)
df train['oven'] = df_train['oven'l.astype(str)

df train['refrigerator] = df train['refrigerator.astype(int).astype(str)
df_train.head(5)

report = pandas_profiling.ProfileReport(df train)

report

df test = pd.read csv(data_test.tsv, sep="\t)
df test = df test[cols]

df_test.rename(columns = {'hits_label"'hits_label 21, inplace =

exp_mclf101 = setup(data = df train, target = 'hits_label', train_size = 0.7, session_id=123)

compare_models()

rf = create_model(rf")




plot_model(rf, plot = '‘confusion matrix’)

plot_model(rf, plot = 'class report)

plot_model(rf, plot = 'feature’)

1

pr')

plot model(rf, plot =

plot_model(rf, plot = 'auc)

evaluate_model(rf)

predict_model(rf)

final_rf = finalize_model(rf)

lightgbm = create_model('lightgbm")

plot model(lightgbm, plot = 'confusion _matrix")

plot_model(lightgbm, plot = ‘class report’)

plot_model(lightgbm, plot = ‘feature’)




evaluate model(lightgbm)

predict_model(lightgbm)

final_lightgbm = finalize_model(lightgbm)

save_model(final_rf,'Final rf Model Object)
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