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ABSTRACT

The assessment system of land appraisal price responsible by the Treasury department,
Ministry of Finance, has been revolutionizing under the concept of “Digital Economy” using big data
technology. This also complies the 4th strategy (Transform towards Digital Thailand) of Digital
Development for National Economic and Social Development Plan. However, transformations from
current practices, which rely mainly on experienced assessors, to machine learning ways of thinking
need time and breakthrough paradigm shifts.. This paper proposes the preliminary but promising ideas
to develop land appraisal price system through both data science and domain experts in the field in
order to promote its modernization and explicability. Main idea of this work is to determine and predict
appraisal price of reference-lot lands which can further use to assess all lands nearby. The reference-
lot lands are considered from closeness to POI (Points of interest) which implies outstanding in terms
of locations they situated. The main technique is performed by a hotspot analysis called GetisOrd Gi*
to help investigate the distance to each POI. Experimental results show that our approach produced
better performance in terms of MAPE (21% vs 25%) compared to domain-experts approach. Moreover,
model’s interpretability and simplicity result in a shallow learning curve. Consequently, officers can

easily follow along and apply the main theme of the system in a short period of time.
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® Laaﬂmauﬁmuuu Trimmed Delaunay Triangulation
ax 9 @ d‘

t ) = ¢ . A o
’Jﬁusl(’]fﬂaﬂﬂ']iW']Lwauu’]uﬂ:]Elﬂ']ﬁ’g'lﬂﬁ’]lllﬂaﬂllijiii'!ﬂﬂﬂ (VOI‘OHO]) Iﬂﬂl%@nﬂu
1 . 1 Aa A YR = T
53‘”’3’]\‘]@@ centroid gll’é)ﬂl,mazuﬂaﬁﬂﬂu (feature) W’]ﬂﬁ']u']ﬁﬂl(’]fallﬂﬂhlﬂlﬂu’ﬁ’lulﬁaﬂuuﬁf’]Qj']

Aa 1 g’/ I A 9 v
udasnaumaiuil e utunu

MWA 2.7: LaAIMFaeANUTNUIUY Trimmed Delaunay Triangulation (131: ESRI)



14

' 9
I v

yaddy- £ [ @ dy A [ Aa A a [
M3 15 UAD IS FUAUNURTUIHBINNaNE Mz IasnauTnuUAanY
A o ~ A A < ' o o 9 Y ax = A o a
waz lifanu @auuvsewesrionasinusznNeny) mlimsly 2 Tﬁuiﬂuﬂnummmﬂ%mﬂﬂmi
R 3 o aa . . . o A D) Y 9
uﬂﬂﬂquaemﬂummuum 1% Trimmed Delaunay Triangulation mﬂfﬂwnwaumullmﬁumm
{a & v < o .
suvvewasnauiluanyauzinig (sland) vieluanymzuianuen (Outliers)
2.14. Linear Regression
I @ a R 9 . . Y o o = v o 1
Lﬂuaaﬂaiwmmw@aau (Supervised learning) 1FFHTUANHIANUTUNUTIEHIN
@ Y A o a . % . A o
aulsaursenuilsoasy (Independent variable) tazaulsny (Dependent variable) NUANYUL
I @ 1 A @ = = 1 a J a Y Y A v 9 A
iWuaavaoiiod UNYNLTINDALULI MITAATIZHNTDADDYLFIUAUAT Tagdiaudsdunse
(% a % 1 a 4 a ] 1
A aszifieaduRed9ziTeni1 n133AT12HN1T0A 08I FUFUDE194918 (Simple linear
Y o

. 1 9 @ a @ U a 4
regression) meﬁ 'JLL?J?G]H'H%’E]G]'JLL‘]J?E]@'?%‘H@WEJG]’J i]%fa]ﬂﬁ‘(’lﬂin NITUATIEUNITDNADDYNI U

. . 5 < Y '
(Multiple linear regression) Hauns Tugtuuuma lauduais

y = PBo+ P1x1 + Boxy + - HBpxy + £

Taei

Y o 1Yo ulsau

X; Ao Aveadulsauniedulsaaszuangsd
Bo Ao MANYONANNITDANBY

= LY a ao’ 'y Aa
Bi Ao Mduilszansmsaanesveddulsoase X;

= o o 4 A o a
nae wudualsauvsedwlsoase luaumsonnee
A 1 A A A = [ 1
€ Ao AINIWAAIAINADY H3OI58NDNDEINT residual
a wva o 1 @ (g Y J a @ { 9y
lumal §1ia dneg lunudnvuzaesianlsdunsenulsdaszifissnndednog 19
o o Yy ' a J a =2 A o Y
nednsan 14a nneanui msannzdminaneedanyguilsinnudinguazgnldlu

o Qy
NTHRUUU



15

A
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continuous cotegorical categorical categorical continuous continuous continuous continuous
[STREH_WIDJ [ LAND_USE J [ ZONE_NEW ] [STREET_TYP ] [ FAR OSR J [ W_R_Ratio J [LAND_VALUE
min Gg flagend 36 Tau AR 0 0 Min 0 Min 5,000
ax = P r
Iy ca yndleenssy peurdmuitweaiia 15 4 Max 32 Max 450,000
o £ 4 4.5 Mean 0.51 Mean 71,000
; 5 5
un 6 &
Fuagn 7 75
Lifianm 8 20
= L = = J u
ONE-HOT-ENCODING 3 0
0 0-2m. 0 fegadn 0 Gl 0 s o 0 00 keep keep
1 24m. 1 wodszassy 1 T2 1 1 1 4
2 46m 2 W3 2 4 2 4 2 45
3 6-10m. 3 Taud 3 Ru 3 5 3 5
4 10-20m 4 s 4 paundAwdwesda 4 6 4 6
5 20-30m 5 Tub 5  mouEn 5 7 5 7.5
6 >30m 6 8 6 20
36 Twu3b

MW 4.2: UAAINADINNITIN One-hot-encoding Yoy aiFalsznnivelinSou
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4.5 wamnmsanszndlsemdnlsitinnud e 1ag3s Exploratory Regression
o 4N ¥Xq ¥ I
HAaaNWsN las 1WiHu31 “LAND USE”, “ZONE_NEW”, “STREET WID”, ua¢
< Aa Jaa o o A L. 1A '
“STREET_TYP” iiluueanitianianudnguin Tasl %Significant 087 100% a1 “FAR” 1z
=\ @ . . 1 [ = a va Y A v W (Z (Z & 1
“OSR” H52A1 Collincarity aonuge ¥3lunilfiia desdonaadinilsaaladaviisesn sy ua

d‘ 1 3/ a = 1Y o o Y 1 aa <Y 9 = 1 Y A Y %
IUBIINANN 2 UBANTUIN UTTAVANUAIAYUDYNI 4 UBANTUIAUINAU ﬂihlﬂllﬂlﬂﬁlﬂ@]’lclﬂ@’)

S 2o o
Wi uaanoen 1Ny avlunini 4.4

¥hkEIRHERHKER Fyploratory Regression Global Summary (LAND WALUE) *###®skssiiax

Percentage of Search Criteria Passed
Search Criterion Cutoff Trials # Passed % Passed

Min Adjusted R-Squared > 9.58 62 47 75.81

Max Coefficient p-wvalue < 8.85 62 56 98.32

Max VIF Value < 7.58 b2 47 75.81

Min Jarque-Bera p-value » 9.10 62 @ 0.08

Min Spatial Autocorrelation p-value »> 9.10 17 a B.68

Summary of Variable Significance
Variable % Significant % Negative % Positive

LAND_USE 100.00 0.08 100.60
STREET_TYP 100.00 180.98 8.ae
ZONE_MEW 108.26 87.160 12.98
STREET_WID 166.08 a.ea 10g.ee
FAR 93.55 8.0a 108.ee
05R 87.18@ 87.18 12.98

Summary of Multiccllinearity

Variable VIF Violations Covariates
LAND_USE 1.71 g  ---E
STREET_TYF 1.81 g @ ---EE
ZONE_MEW 2.1@ - R
FAR 11.84 15 0SR (93.75)
OSR 12.45 15 FAR (93.75)
STREET _WID 1.65 -

(%

MNA 4.4: LETAIWANTSU Exploratory Regression eAumA s nd Ay

g
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4.6 manInMsanszraulsemaunlsidinudne 1ae33 Forest-based Regression
o Aa =K Y Yo Aa [ I ..
sanesnuluaszna “dulddadula Tud19z1ilu Decision Tree / Random Forest /
Y Y a9 A ] . o W 1 (% Y9
Boosted Tree AULAMANY0A 11114U09015 ranking ANV IRYVoLaazAlsoaninlddenn
Y

Y Aw a = 2 A o Ak A a o A A ]
AINNITUDANDINY GJNGL‘L! ArcGIS Pro NUOANDITNUNUANHUSIAYINDY Random Forest N3N

Forest-based Classification/Regression #A21AN135 U Wl ol “LAND USE” ttag “STREET WID”

I = aa o v A o W o H (% dy Y o Y o '
Wuieweanitiog 2 nlanudinggega Tasaaulsng 2 aatlaui 1l 1lunssanguuias
aAa 1
nauae 11

——————————————————— Model Characteristics-------—---——-------—-

Number of Trees leee

Leaf Size 5

Tree Depth 1@

% of Training Available per Tree 100

Number of Randomly Sampled Variables 2

% of Training Data Excluded for Validation 1@

----------- Training Data: Regression Diagnostics------------

metrichame score

R-Squared 8.91

Mean Squared Error 233103257.78

Root Mean Squared Error 15267.72

Mean Absolute Error 10282.84

Explained Variance 2175967319.28

*Predictions for the data used to train the model compared to the observed categories for those features

metrichame score
R-Squared 8.91
Mean Squared Error 229492857.62
Root Mean Squared Error 15149.82
Mean Absolute Error 10856.31
Explained Variance 2001564969.97

*Predictions for the validation data (excluded from model training) compared to the observed values for those test features

Variable Importance Percentage
street_typ 8.01
0SR 8.02
FAR 8.02
zone_new 9.e8
land_use 8.38
STREET_WID 8.58

MNA 4.5: LTAIWANTTU Forest-based Classification and Regression eRumalsid willu
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Hot Spot Analysis
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Feature Importances of Top 10 Features using RandomForestRegressor
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Feature Importances of Top 10 Features using ExtraTreesRegrassor
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Feature Imponances of Top 10 Features using GradientBoostingRegressor

FAR

MNA 4.12: uaa “aulsdn wi‘g” 718910 Gradient Boosting Regressor
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