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Abstract

This study focuses on the prediction and factors of apartment prices in Seoul using a convolutional neural
networks (CNN) model that has shown excellent performance as a predictive model of image data. To do
this, we consider natural environmental factors, infrastructure factors, and social economic factors of the
apartments as input variables of the CNN model. The natural environmental factors include rivers, green
areas, and altitudes of apartments. The infrastructure factors have bus stops, subway stations, commercial
districts, schools, and the social economic factors are the number of jobs and criminal rates, etc. We predict
apartment prices and interpret the factors for the prices by converting the values of these input variables to
play the same role as pixel values of image channels for the input layer in the CNN model. In addition, the
CNN model used in this study takes into account the spatial characteristics of each apartment by describing
the natural environmental and infrastructure factors variables as binary images centered on each apartment
in each input layer.
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Figure 2.1. The structure of convolutional neural networks model used in this study.

CNN 2g2 o= A4% 23 FARH 483 (input layer), 249% (hidden layer), %% (output
layer) 02 FAHCE 7|4 FrAo = Jul AAY Y7} oh2 AL Figure 2.1 42} Zo] 912 o]
olEje} AntAQl AAT By Abolo] YHH o]u] X o) £ (feature) & FE}E AE = ABEA
% (convolution layer)©] th= Z o]t}

A7 o]u]X|(color image)7} Y& dlolEQl A ou]x] Z FJAe] Moj| tfgt JRE 7] 93 red
(R), green (G), blue (B) 371¢] A'd(channel)S ARE-3ich AE

P

FA L oHAY EAS FES=
ZE (filter) 2} o] FEFES vAY Fgoz HIE|F+= &AJ3} T (activation function)E T T}H
%, o] SolM= HE Eﬁﬂ %%‘%0] F2Hd 243} FgE S 2 549 75 vUehlie ¥
Fer wIo] dojdrt F4 2 s FE2H H3E EFE2 ABAEY (subsampling) 7}
e B A AR 57‘0191 37]% Zoled 2 HEE E-olztar HEnh ol 8 HEL 54
o] 2718 EYe2A AL NS 24 7 A FARS WA BAE derth o] 2 LS A
2 FE2 &3] AZH (fully connected) WA A4 By JHFLE So7t HFHoR &
H3oA HEeHe] e A" & AFolA = Figure 2.1004 Hol= kel g 2742 AEFA

3. dIolEe] Hxe

B ATE AL A A okste o] okl 7t olsle WA S B toR 31 2 olsheEe 7}
4 o125t 74 24 82 BAS 2402 Grh A oShEs ol oste TS B4 oz 4
3 olfrt 2L ofBE WA o] oltESS 2L B4R D A|uk AE A AAH AREL 7]
AR 4 7] Witk Webd, WS Es e 20188 A olse ulzle) 1m? @ 7}
B8 7 AN Im? F BFAAE A, ol FERF RN ABIHE olshE A7
J81E S8 Axetth d8a¥sE 274 21937 2 4 (natural environment factor), 7]¥HA|
infrastructure factor), AR A& 2 4 (social economic factor)@ &8 4= Qlth. A3 2
%, =7, LE UolEE AT AN e A WaRRE, Askaed, s, A1,
FT A, 43d) doleE &8sst 2, 54, 1% HolEv FEA R E oA AFshe A
Aush 4440 E Fo o8 A5k A8 AAH R4t ophee] ARAE, 9 ofshe
S5 Aolel AETIRtE BAR £(L% 820, WAL, T A2 AR +8 ALIAAL, ol
l olE&= ‘A&Al €49 dlolE S B3 42+ Ut

g T
2K

r;r;lﬂ%ﬁ?%%lﬂr

03 flilo

ifwmﬁg i
O

o =



606 Hyunjae Lee, Donghui Son, Sujin Kim, Sein Oh, Jaejik Kim

Figure 3.1. Transformation of polygon data into point data.

Figure 3.2. Transformation of polygon data into matrix format.
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Figure 3.3. Structure of the fully connected layer.
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Table 4.1. Convolutional neural networks models considered in this study

Model Input variable
Model0 (MO No factor (null model)

)

Modell (M1) Natural environmental factors

Model2 (M2) Natural environmental factors, infrastructure factors

Model3 (M3) Natural environmental factors, infrastructure factors, education

Model4 (M4) Natural environmental factors, infrastructure factors, criminal rate

Model5 (M5) Natural environmental factors, infrastructure factors, the number of jobs

Model6 (M6) Natural environmental factors, infrastructure factors, building year

Model7 (M7) Natural environmental factors, infrastructure factors, social economic factors
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Figure 4.1. Trends of training and test root mean squared error by epochs.
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Figure 4.2. Change of residuals for apartment price.
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Table 4.2. Test root mean squared error (RMSE) of each model

Model MO M1 M2 M3 M4 M5 M6 M7
Test RMSE 440.0 332.7 317.6 293.3 300.3 302.2 305.8 290.1

Figure 4.3. Scatter plot of real apartment prices and predicted values from M?7.

Table 4.3. Test root mean squared error (RMSE) values of models with two factors

Model Input variable Test RMSE

M2 Natural environmental factor, infrastructure factor 317.6

M8 Natural environmental factor, social economic factor 299.3

M9 Infrastructure factor, social economic factor 323.5

M7 All factors 290.1
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