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Thematic Paper Title ENHANCING HOUSE PRICE ESTIMATION USING
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Author WORAPORN LAKARAM
Thematic Paper Advisor Dr.Thanapat Kangkachit
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Academic Year 2023
ABSTRACT

House Price Estimation plays a crucial role in real estate development as a decision-
making tool for both developers and customers. Generally, it is an expensive and time-
consuming task since the appraisers need the collected data from the field. Therefore, several
machine learning techniques are utilized and produced relatively high predictive performance.
Indeed, house information and spatial information are the essential features to estimate house
price as well as the house's condition. In this work, we propose an approach to enhance house
price estimation by incorporating the house condition, spatial information, and house
information. To extract the house's condition, we take the house front images into account.
Initially, only the house-front pictures are selected using AutoEncoder. Then, the CNN-based
model (ResNet50) is trained on those house front images to classify them as high or low price.
To represent house condition features, the last layer of the trained CNN model is removed.
Therefore, the final input features are generated from those features combined with the house
information and spatial information.

Finally, the regression model (XGBoostRegression) is built to predict house prices.
The experimental data are the houses for sale in Pathum Thani province during May and June
2023 collected from www.baania.com. The experimental results showed that the predictive
performance of our model outperforms the based-line model using only house information.
However, the house condition features seem not to increase predictive performance

immensely. Hence the house front pictures are insufficient to represent the house's condition.



%
Thus, the images of different rooms in the house are further determined to obtain

a better predictive performance of house price estimation.

Keywords: House Price Estimation, Spatial Information, Computer vision
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2.2.1 Spatial Information YayaLfiiui
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Spatial information (Yayatgaui) Wudeyaningitetudumnimiagiimansvesing

¥ '
s

wsawman1sallulan Jeanunsnesuiednuasideiunivesingld 1wy Ainnegienans (geographic

coordinates) LU arfigALazasdTYn JUTIMATVBUWANINNAEAT Lazauduiusivingie
(d‘ dﬁl dl a U A a Y

winnsalau luiuiipgiiuvseusnalnalaes

Geopandas Wulausis (library) AldmSUN15TANITLATNNTIATIER oL LT IN Ui T

Y

LY LY

191 Python 1ag Geopandas 1un1s5iuANa1n1s0v89lausis Pandas (Ml4d1m5Un159AN1S
Touan1319) karlaus3 Geospatial (Mldmsun1sdnnisteyaideiium) wieliauisadnnisteya
Weitunlugusuuasela

¥ '
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Y

¥ |
a A I
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Point of Interests (POIs) (Ynawla) Wushunismsgiisnansiaulaviefanuddnily
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2.2.2 AutoEncoder

AutoEncoder (1] iiulassnsUsramifisniioonuuuiudfiodsuinadisia encoding)
warN15RBAIE (decoding) Yaya Wi oa$190 59 (representation) AiflAuaasalun1ssne
Tayanuatulaglduininisnisdusn (compression) kagn15U1AUNLY (Meaning) 88NU1AN
Toyalneianvuglassairmanyseneulumediuves Encoder, Latent layer wagduves Decoder

Latent layer aztdudruunuvostoyafigngennain Encoder 3Usznaulusae node
Wipaduien wagdunes Decoder Aodruvenglanuvasdoya d1ludruven latent aunsnarn

wnuveslayals Yeyandinvengazliunndisaindeyavidiun
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2.2.3 ResNet50
ResNet50 [2] Juunuudnasanuuinassdmsunisseuiveclasagieuszamidedn (deep
neural network) ﬁlQﬂWUwuﬂsﬁyuimaﬁﬁﬁ'm’m Microsoft Research Tud 2015 Tagdd od i
"Residual Network 50 layers" (ResNet50) LLuuai’waaaifLﬂumwﬁwaamam%’waﬂLL‘U‘de’waaa
ResNet 71 L3 uanudsunaziunldlunuussmiananimvainuaisiiunisandlumin (facial
recognition) N13M3333UINE (object detection) kagn15IUUNAIN (image classification) Failnns
hlusggndldluvans s suiifeadeaiunsuszanananin
Tas9ad19109 ResNet50 Hd1uruatgosionun 50 waiwed dsusznauludeudenndnd
drunanfe convolutional layer, residual block, identity block wag fully connected layer. Tu
21184 convolutional layer tunisviasuligtuiieatndnyuzuesnin dwu residual block 14
Weantiyminisduriuuaznisunsnsrarsvesdoyalunietie Woiniluuudassiianiu o1aiin
Haymlunisfinaounaznisdousldendu ud ResNet Idn1situdrufivaglunisdasiudoyaniu
wietneldogaiiussaninm Weruawe it deuamzgnamiudsnisuaniiolioyaidun
unfuteyaneuntitu Inslsigapdedoyavioanauuiug,

o w

ResNet50 fauannsatunisaniuaridningaielunmilsegiauiug lneinisinaeu
sheyadoyaidunnfematsdunm 1wy ImageNet Aifinsduunamesnidungumuannsineg Toe
ResNet50 findnuanunsalunisdiuunaiweendunuannlats 1,000 vanany

Tneviluuds ResNet50 Wunuusiaesfidusyansnmuazdeuldlunulssaiananng
AoINIANHaBYAgearANLiug luN1sIIUNTng AN

2.2.4 XGboost

XGBoost (Extreme Gradient Boosting) [3] LUudnn1siieuiuuuiifaeu (supervised
learning) Ttduuuusane3fiu (algorithm) dmsunisdanisiuileminissiuun (classification) wag
n3¥iue (regression) ludeyafifldnuaizansns (tabular data) Tae XGBoost THimaaseifusuwuy
(boosting) Liteuudssuuudasdifinuusiugigedu

Tnedane3iiu XGBoost aldnsvieuvesduuuuiBeiud (tree-based model) iy fuldl
Faviune (decision trees) ieadauuusiassiifinnnuuiusuazarududousmdoutunisiasiu
muﬁmm‘%’auiﬁﬁum (overfitting) Ingl#inafinn1sand1idauan (regularization) tlemuauAIA

FULDUVBILUUINADY
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G. Srirutchataboon et al. “Stacking Ensemble Learning for Housing Price Prediction:
a Case Study in Thailand” (2021) [4] Ynauen1sld CNN vinsania features 3N ndu lag
yihnsmsuLuuiass Wevnsduunvdeutaingudeyatissathuaingunim tnsutsesnidy 3
329 (1) 79006097 3 §1uum (2) 1alugaa 37 Fruun (3) erdaud 7 duuinduly Tegld
VGG19 ﬁﬁmiﬁmmuqmﬁwaammzLﬁusi?uimastj’lwizmw,ﬁam 5 90 waztudmiuutengy 3 nay
wazthduysiildarngam eldandulaseisussamidien 5 90 Wldhutudoyatuiioads
LUUF1a09IUNEIAIY XGBoost T amanisnaaauld MAPE 17.83% uvudeyatululundawmin

ﬂqqt,wwumumuazﬂ%mmema

P. -Y. Wang et al. “Deep Learning Model for House Price Prediction Using
Heterogeneous Data Analysis Along With Joint Self-Attention Mechanism” (2021) [5] W1L@u®
m{Léi'j’sﬁauuaﬁqéwuastmazmﬂdauﬂmammsmz (Public Facilities Data) nMMwaea1igu (Google
Satellite Image) wazdoyatiu (House Transaction Data) TunnslysamAuviunesaitiu dsanunsa
Usuugsussdnsamnisvinnesaidiula

Tudanvesdeyadsdrnanuazainaisisuziignimnld liun $1udn (Stores) au
a1s1aug (Park) salwivud vy (MRT) Tsaneauia (Hospital) Tnefin1sAuIumszeEn1amd

AUUA FEMINUIULALAIDIUIYANUELAINAR U

A. Nouriani and L. Lemke “Vision-based Housing Price Estimation Using Interior,
Exterior & Satellite Images” (2022) [6] Yauan1suue 5 seAUAUNINT VoI niaeieg ety
{hu wihthuuazameneniion fe VG616 fiinsuiulssdmians wagthsefummumngnsunly
Ju feature Aldsuninefudeyatiu fewuudians XGBoost Fenadnsilatian MSE Tfesiian
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Auvgns ety Wsldiludeyalunisnsivaeu (Validation) Anuiiug1vauwuuingss
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J. K. Chow et al. “Anomaly detection of defects on concrete structures with the
convolutional autoencoder” (2020) [7] Una@uan1sts Convolution AutoEncoder Tun15m5293U
N15HANS1V89LATIA519ABUNTH LAglYN1SMSULUUINRBIMEANABUNS AN TN T NUNAkaLlLLAN
A o ° Y] ' ) A aa Y - | a a Ay v A
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2) 51@1 (price)
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3) Wuwn (Space)
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4) Nunldaoy (Area_usable)
5) 91UIUNDIUDU (Bed)

6) $1uaueni1 (Bath)

7) Suautiu (Stair)

8) SuInTivenso (Parking)
9) MUIUNBIATI (Kitchen)
10) $runuestinay (Living)
11) 91uURRITUIU (Maid)

12) url veagunmautavtfdu

13) url YosiunUsazfAgn ae3dgn VU google map
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AN 3.3 iU POIs

3.1.5 Ywitaya POIs (Point of Interests) $1uau 11 Useinn Tudwiauvustil lawn lsadew,
anfuimandsnu, $uasainie, lewesindife, suias, Vinisassugy, Iinede, $runiul
, Suvwen, audn1sa, aanflsalwi BTS

3.1.6 aafuusan POIs Authu éun seazmsitlndigaueusias POIs S1uau PO Tuszes

1 Alawns 313U POl Tuszey 3 Alawns wagd 1wl POI Tussey 5 Alalns

3.2 MsEaRuUIaawadaLenulnu

¥

ilesndeyagunwitldaniuled Sfusmavsasguiiladlaguamdudhamdhty wy
sUnnelutu 3uthe Wudy luasinusddosnisldguammiidunddu Wutdadeluns
yhunesmitiu Safeamsiidadendoyasunmitlilysusumitiueenly

3.2.1 ¥A15@319L U883 AutoEncoder 9198931A pyimagesearch [8] lngilasiasefanin

i34



| input_1 | input: | [(None, 224, 224, 3)] \
| InputLayer | output: | [(None, 224, 224, 3)] \

[ convad [ input: | (None, 224,224,3) |
\ Conv2D [ output: | (None, 112, 112, 32) |

[ 1eaky re u | inpur: [ (Neme, 112, 112, 32) |
| LeakyReLU | output: | (None, 112, 112, 32) |

| batch_normalization | input: | (None, 112, 112, 32) \
| BatchNormalization qutput: [ (None, 112, 112, 32) \

[[convad_1 | input: | (Nome, 112, 112, 32) |
| Conv2D | output: | (None, 56, 56, 64) |

‘ leaky_re lu_1 | input: ‘ (None, 56, 56, 64) |
\ LeakyReLU | output: \ (None, 56, 56, 64) |

‘ batch_normalization_1 { input: N (None, 56, 56, 64) |
\ BatchNormalization [ output: ] (None, 56, 56, 64) |

‘ flatten ‘ input: I(None. 56, 56, 64) ‘
‘ Flatten ‘ output: | (None, 200704) ‘

[ dense l input: | (None, 200704) ‘
| Dense | output: (None, 16) ‘

2NN 3.4 1AS985190UUIA89 AutoEncoder
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| inpur_2 I inpur: l[(None, 16)]‘

| InputLayer ] output: | [(None, 16)] ‘

[dense_l[ input: [ (None, 16) I

| Dense | ouput: | (None, 200704) |

[ reshape | input

(None, 200704) |

| Reshape ‘ output:

(None, 56, 56, 64) ‘

‘ conv2d_transpose I input: ! (None, 56, 56, 64) ‘

\ Conv2DTranspose [ output: | (None, 112, 112, 64) \

| leaky_re_lu_2 ‘ input:

[ (None, 112, 112, 64) |

| LeakyReLU { output: j (None, 112, 112, 64) |

[ batch_normalization_2 [ inpur: | (Nove, 112, 112, 64) |

| BatchNormalization \ output: | (None, 112, 112, 64) \

[ conv2d_manspase_1 | “inpur: | (None, 112, 112, 64) |

‘ Conv2DTranspose | ourput: | (None, 224, 224, 32) I

| leaky_re_lu_3 ‘ input:

[ (None, 224, 224, 32) |

| LeakyReLU | output: | (None, 224, 224, 32) |

[ batch_normalization 3 [ input: | (Nene, 224, 224, 32) |

| BachNormalization | ouput: | (None, 224,224, 3) |

[mnv?dﬁlranspaseﬁ? | inpur: |fNone, 224, 224, 32)]

‘ Conv2DTranspose |o||lput: | (None, 224, 224, 3) I

‘ activation i input:

(None, 224, 224, 3) |

l Activation i output:

(None, 224, 224, 3) |

322 ﬁflgﬂmwﬁfmﬂu%’agaém%’umimeLUUﬁflaaa

3.2.3 NA9INNISINSULUUTIE0Y Uuudaseiite LWldun reconstruction error vadakfaznIn

3.2.4 awikdlgn nduaziian reconstruction error ﬁ’c;jfl AN reconstruction error WA

threshold 75% aggnanean feRiag1ea i 3.5 iliivdedeyaildlun1s@ne 923 Taya A

AN 3.6

dl U 1 dl o
AN 3.5 AIDYWAINNNINITLENDDAN

N r}§u5‘a£i;” =
svaa Aaov!!
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A 3.6 FegrannauntnTuniluldlunisyiuesiantnu

3.3 msafauvuTasiieatnfaulsanam
iiethlugnisadasuusidusunudnvarddyuesgunndunintiy ledaisuuudiass
270 ResNet50 Aifinsusulssdaadieliviunetasesmanthu Sdunoudwiolud
3.3.1 yhmsudsngudeyanataegan dddunismaaesiinisutangy 3 ULy
SULUUT 1 WUs 3 nay
(1) $9AnIn 3 dum
(2) 91m1uYIe 3-7 Aruum
(3) 5901 7 uumiuly
SULUUT 2 Wi 2 ngy
(1) $9nd 4 Eruum
(2) 9101 4 Frumiuly
SULUUT 3 Wi 2 na
(1) $Aendn 5 Ewum
(2) 9181 5 Eruumiuly
332 ahanuuitassiievinsduunuinguuestisnatiuaingain legld uuudraes
ResNet50 Pre-trained model 19 weight 18u ImageNet fifinsunduduuuesn wadulasaie
Usvaniiien 256 90 WutulassiigUssamifion 50 90 uasifiudugainoileduunitngu 2 99

= a’! 1 o ! 1 dl 1 L dl
198 3 90 VUBYNUITUIUNGUTINTIATVILUI ANNINY 3.7

Y 9
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Amnsfiweiinsndsasieludl
optimizer = Adam (learning rate = 0.0001)

loss = categorical _crossentropy %39 BinaryFocalCrossentropy

-~ - - - - ~

/ ResNet50 \\ Modified

{ - ~ - “\ - ~ - \I

I IS [ R o oo
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el |3 3% 847 s g 2 || . o] |z
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I 2 g EEx EEZ 5 E 5 E g A e 3

| - g SoS ®| §SS ™| &S || SSS [ME 2 2 P E
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| g s g |

I \. J \ J

\ \ A \\ (s N \\ |

\ X3 X3 X3 X3 /

N /
_________________________ -

A 3.7 Tassadsdiudangveanuuingsd ResNet50 MvinsUsuUss

3.3.3 yiniswisuaimii et uuudiass lnsudaaduvunn 224x224 dvfuudives
ResNet50 Lagi1n13%11 augmentation g‘dmmﬁaaﬁ overfitting

334 Wiwudasadous uasyinistufinaniwiindadian

3.3.5 duuudaesiilddndutugainedidnisuennguesn uaziuasng 50 dauds 91

[%

sunmsmuaielddusudsanguain dwsudunsudaly

3.4 A15E519UUIARIUSLIUSIANUNY

3.4.1 asruuvdtassdmsulszidusiaitiu laglduuudiase XGBoost kagvIn13m a1
learning rate = 0.1
3.4.2 dhtayatu 3 fuds Teyadieiiui 46 MuUs wavsuwlsianalnaingunmnlaainnig

a G’JI gj U o a ! ¥ ‘ﬂl ¥ 1 o
stflusuumau 3.3 Y14 50 Ak MMNTIILINDUDUALNDIVIFHUUINEDY

3.4.2 1foyau1vin1s normalization vin1suusteyasanidu train : test 75 : 25 auddiu
wazd i wuuTassieiseus Ineiinisld random_state = 100
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3.5 sesilafldlunsinen
3.4.1 n1¥ Python programming language
\Dumwiszdugaeiidhensaifdusadou e1udie dvwndn waziredenislday
seasunseulusunsuluguiuuyhausuudang Julausisunsgiudinunn wulassassdeya
wuududeu waglausiidmiuadamans Arensvianusassiaun Wuawilusunsuidannuvie
vejugs amnsainluldluaunainnaisedsinliidui denlugmamnssy 1wy n1siauiv
Lenwaladu Mylleneideya
3.4.2 1Usunsu Google Colab
JuedesfledmsudounaziSonldanuldn Python wuvesulaviiwauilae Goosle &4
Tusnsluguuuuvesayaduiin (notebook) Mdnusiuiustiewes sadudumises Google Drive
Faduuinismamidifudeyaues Google Inganunsa a$1a Notebook 1eulusunsuniu Python 1¢

WSwazdl GPU, TPU Tnlalawns
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NANI578

nsAnwikuImslunisusulsseaninmeesnsussidusiadiuineady laenisly
ToyalTaNud wazgunm WaAnuenviieannsussiiusiaaniiesteyatny 518asduananIs

NAADUAIN

4.1 wan13InUsEEnNSnINYawuUIIaadlun1sinugYesIAtiuaInguaw

iielugnisadasuusiiduiunudnvazddguesgunm lidadrauuudiassan
ResNet50 Aifinsuiulgsdmtmeiiielfvinunetisnguussnathuandeyaguam Snisudsngy
Y9431P101 3 JULUULAzYNINAaeU fauandlumsned 4.1

Tumsvrasautsngusmesnidiu 3 929 dufelutesaidingt 3 &uum (Classo) 51a0
Tuts 3 - 7 v (Classl) 11A71 7 E1uumduly (Class2) Tasdnedansutsinesenueide
Gan S et al. 2021 [1] Fsdwruvasusay Class fadsraluil Classo : Class : Class2 174 : 642 -
107 3Un I mwaau vinuelaenisld loss Wu categorical _crossentropy NANITNARDIT LA
wuudraeainune 1alutae 3 - 7 uum (Class) isegnaufien fam 7 4.1 esandiuy

Uoyaves Classl NATIWIULN

AN 4.1 NSLEAINANISNARDILUY 3 BIANITHUIN 3 haE 7 a1UUM

wadla under-sampling OneSideSelection gnia15u1UN1Y 1llosandoyaddnuiu
WANE9iUNIN 21AN15 under-sampling MUIUYBITaLAAAENGY dAtAssialuil ClassO : Classl :
Class2 174 : 258 : 107 UMW AuEU Han15nAaeile wWuudtaesdineyinuneg sianlugae 3 - 7

AUV (Class1) Wg9a8IwAE? AININ N 4.2
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10

1
Fredicted labe

A 4.2 ASLEAINANISNARDILUT 3 TALALNISHUIN 7 3 kag 7 a1UUIW

WAz under-sampling Yoy

le7

AN 4.3 FAlawNSY VBITIANTUIU

ilosnndnluusagnguiisiuiuiiunndnaiuinn Wessadeuannisnszaieives
Foyalunindl 4.3 vmudsdoyasendu 2 ndu fweluil medindt 4 duum (Classo) 51a7 4
Fuumtuly (Class1) Foyavesusaznguisiunillndidssiudaealuil Classo : Classt 442 : 481
sUnm muddu uazsafildainnismaaes wuudiassannsausnnausinaingy lnedussansam

AN 9 4.4

Training and validdation accuracy

Fredicted label

AN 4.4 NSWLAAINANITNABBILUY 2 BLASNITWUSTA 91 4 A1UUN



18

dmsuguihuiinmgnii 4 Suum wikvudiaswihmnesndt ¢ §uum (44%) A

fi 4.5 @) nuirenaazinain deyaniwdusian 4 fe 5 Swiivsalndidsstu fisami 4.5
(Fe)

o ®
True label

-

~

)

0.4 0.5 0.6 0.7 0.8 0.9 10 N
1e7 Predicted label

AN 4.5 ﬂsfmlmsﬂﬁzmEJé’hsuaasfmﬂudaumaqgﬂﬁﬁiﬂmqaﬂ’h 4 AULALUUIIADIVINUY

AN 4 AUV (F18) wag confusion matrix NANISVINUNIEABWUUINADINWUIT

5701 4 a1uun (170)

FrfuFmanesusudu 2 9asfio 1) :1aeindn 5 §wum ua 2) 5 duumtuld lneda
ufgTuIsyunsutugi

yhmsuisngutoyasanfusainit 5 §uum (Classo) 9181 5 Euumiuly
(Class1) fis1uaudioya Class 0: Class 1 625: 298 JUamM Mud U wansvaaesiils wuudiass

vinnegunaulvailu Classo iesnndayaildinsu Classo f9mauuin

Training and validdation accuracy Training and validdation loss

| —— w )

True label

dl ] ] ! dl d‘ 4
AT 4.6 NINUAAINANITNAADILUL 2 BULABNITUUIA 91 5 a1UUm

BinaryFocalCrossentropy +0u loss fignfiansauldidledeyaiduiuiunnsieiu agdls

Ananan1sneaenld wuudtaewinnegunmainlngidu Classo



True label

o 1
Predicted label

AN 4.7 NTLEARNANITNAADILUY 2 TANASNITWUIN 71 5 a1uum wazld loss 1

BinaryFocalCrossentropy
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Vnedign wuuiassiiinnisseuslasnvslayadu 2 ngu Teeiudadu 1) dndisen 4

AU 2) 1A 4 druumduld eruudugiuiniigalunisiiuiediesaiainguam

wuudasatigniunldlunisaindeya

wUsAunuveIguan W BUINITIUAU

LUUINaDIRe kU

o w

<

v

Y

GRIENNIRE

UVBHAU

M19197 4.1 uansdszansamvinggassiadiuainglaim

625 : 298

Class1: 5 &uumiuly

Number of Classes Description loss Validation | Validation
/ dadugunmusiay accuracy loss
class
1 3 ClassO: 611191 3 &ruum
Class0 : Class1 : Class2 Class1: 5¥1I19 3-7Ta1UUm categorical_crossentropy 0.6667 0.8400
174 : 642 : 107 Class2: 7 &ruumiuly
2 3 I
Class0: 11n11 3 a1UUm
ey under-sampling . Ny
Classl: 313N 3-7a1UUm categorical_crossentropy 0.6977 0.8561
ClassO : Class1 : Class2 y =z
Class2: 7 duumiuly
174 : 258 : 107
3 2 S w
Class0: #1111 4 a1Uum
ClassO : Class1 . P categorical_crossentropy 0.6433 0.6277
Class1: 4 duvmauly
442 : 481
a4 2 o .
Class0: 11111 5 aruun
Class 0 : Class 1 . x categorical_crossentropy 0.6926 0.6027
Class1: 5 aruumauly
625: 298
5 2 . .
Class0: #1n11 5 anuum
Class 0 : Class 1 BinaryFocalCrossentropy 0.7013 0.1486

Unmaanuwdusiuiu 50 dauus Tunisladusn

1 s & A 1% .
W hazdayaldaiuf Tun13as1e Regression
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4.2 wan13InUsEaEnSnImvewuUINaeIvaIN1TUsEliuTIAT
nansUsziiunatulaglduuudiass XGBoost Tumsviune Bsfideyaduusiitiunld
3 nau du (1) Feyatu 2) Fogaibsituil (3) feyadudsitatnldangunm Fdlduainiadod
4.1 T¥uansvnaeuuansis as1eft 4.1 waznndl 4.8 Taedl mslifoyathususudoyadeiuii
THuuusaesdauusiusnntunnmsussdiunatulnglddoyaduegaion wazmslideya
sUnmduntitusuiueyadaiuiiuasdayatiu Wuvusassfiuiudunniian wagAiaanu

4 . $ Z &y wy e s v
AamndouluNiwesIan nsytenImsiuililanignguluuiionle denmi 4.10

A15199 4.2 Nan1SUSUEUUIEENEANURILUUINEWRINTUTELUSIAY

Features House Info. House Info. + POI House Info. + POI +
wheTa Image
MAE 0.09848 0.07672 0.07444
MAPE 0.24538 0.18758 0.18190
RMSE 0.13445 0.10821 0.10777
R2 0.49239 0.67122 0.67386
STD 34.09 % 24.37 % 21.81%

dmsukuudiaenldtoyatiu Tayaldenuninazsuniw daudsndndsy (Feature
Importance) 3ed1auatnuntutes deialuil Wun (f2) $1urwiesuau (f0) Auussunn (f62)
avfign (F3) Suauviend (F1) daudssunm (f83,f60) apsiign (f4) sawdsgunw (F79,58) lawlesuns

e (F9) Fauusgunm (F95) Tsameua (F13) fauusgunim (88) qudnisén (f12)

Feature importance

0 F——

188.0

62 P =155.0
3 149.0

R e —

83 pr—————127.0
=114.0
=111.0
=107.0
=104.0
=104.0
96.0

95.0

92.0

90.0

1 {60

4

95—

13—

fB8

F12 .

o 50 100 150 200 250 300 350 400
F score

[y

AN 4.8 LansilUsndAgy (Feature Importance)

o
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5.1 d3unanisAnen
Tuansinuddauswuinalunisiiuanuwduglunisuseiusmiulaelddade 1)

Yayatu (House Info) 2) Yayaldisiud (Spatial Info) 3) Yeyan1mdrusiunt (Front) Iaegyiinis

awekwImlunsaiatadeainteyagunimdu (Front) dstumaudeil 1) minguandlaldnm

U1u (Front) ngld AutoEncoder 2) @513 Classifier dmsuwtstoyasenidu 2 41951A1f 5707601

N1 4 A1UUIM EazIINNIMTOWINAY 4 AU (MuiunisnsgngiivessiamUiuimihinasiia

(J 1 13 £ £ = a 1 o [J
wuudnaes) eg1alsiiniunisly Features 91ngUnIwdu (Front) dnisiituanunsiugilunisvitung
a v o dl

it ulinuudiae uwidtlidwasgiidedidny wWeewinguamdu (Front) iigsegradigaly
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