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Abstract: China's rapid urbanization has caused a large number of migrants to move to the city, which has also
led to housing shortages. Rapid access to fine-scale house price distribution data plays a very important role in
urban housing management, government decision-making, and urban economic model analysis. The availability
of data and limitations of existing models make only a few studies involving the mapping of house price
distribution at the microscale. By combining house price data with remote sensing images, this study builds a
remote sensing image features mining model based on Convolutional Neural Network (CNN) and Random
Forest (RF). The proposed CNN- based model in this paper can be applied for accurate and reasonable
microscopic mapping of house prices without introducing auxiliary geospatial variables. Only using the house
prices data and remote sensing images, we successfully carry out the house prices mapping with the precision of
5 meters in the downtown area of Wuhan city. By comparison with the results generated by the other three
traditional mining techniques (including A: using spatial datasets extracted from auxiliary geographic dataset
only, B: using original features extracted from high-resolution remote sensing images only, C: using original
features extracted from high- resolution remote sensing images and auxiliary geographic dataset), the results
show that the proposed CNN-based model has the highest house price simulation accuracy (R’=0.805), at least
23.28% higher than the fitting accuracies of the traditional methods (A: R’=0.592, B: R*=0.0.434, C: R*=0.653).
Moreover, based on the fine- scale house price map, this study further analyzes the spatial heterogeneity
distribution of housing prices in the downtown area of Wuhan city. By comparing the partial and overall
similarity of the simulated house price distribution map calculated via the perceptual hash algorithm, the results
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also demonstrate that the house prices distribution of Wuhan city has remarkable fractal characteristics. The
micro-scale house price data obtained in this study can provide a basis for microeconomics and fractal research
in the urban economics. Meanwhile, this study also provides a brand- new research method for micro- scale
economic analysis and resource optimization of large cities in China.
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*Corresponding author: GUAN Qingfeng, E-mail:guanqf@cug.edu.cn

R FEE v T AR A PR, 3T A B RS SR R T D B R A TR, 3 i ORI A B v 5 TE At ) 221
W5 | AT G, DN AR RO EE T 38 B dEA AR AR AL 1R AR A A T ol T2l T AR HOPE A BT B 280 2 i R,
B AW W RAOREE o AR 38 K D 10 500 B S (AR R 1 Rl T — b T UM 22 R0 2% (CNIND FTRE L
AR (RE) 138 JBGE A AR, LS IRAE AN IS AR BRSO T R0 3 B IEAT B3 O A BOULRUBE A P o AR SC LA T
VERBEFEIX, LEAAT s 0 Bl AR S AR R T DL T, AR ST by e A R oy A5 380 G TT Lo 3 DX 5 o 0 32 B8ORS 48 1 A7
Blo BEAb A TR D LA SAZ A H AR SA SR AT T3 Fe o e S5 2R R A SO R RIAR T R i by
WL R (R=0.805) , A HUALSE 7 1 P i doe e AU DI JEE (RP=0.653 ) HOKE FEAR T 17 23.28% , HeA] 1 285 SR Al Sy BAURF &R 1T AL

Sl PR BT 2835 3 Ak 7 B ARkt S8

KA : Dt s TREZ 7~ s OULRURE 5 B AR 2 R 255 5 BEHIL AR ; T

1 515

AR, i & 2 B OGP 0% FI R A 1Y 1
BRE, CAHVREY, B0 i3 s AR X
WATHRE, 85 NATHE 9 K- F g Rk 50
SBR[ B i 5 ) 2 AR A
et i NSRRI . 3 2 4k, bt ™ I
R T R, A TR A 2 A R K X
3 ) B PR GE T )  4 EOR R AR AT,
BCIE 3T 3k it 5 A 20 A il 1 B8 fin k% 4
SERAE R, S A DG BUR &R 1R 5 b T S B it T
WESZ M AN E S G0, #8025 im0
RUEE Bt B, 385375 16 B i 43 A 00 240 25 ) S T ke
SR B 248 A 1) DX 8 50 T B LA S B
fE AN KA

PLAEXF 55 1023 (R BIF9 22 4 Hh e 2 W R
|, i Rondinelli F1 Veronese™{#i F A 11325 $5 45 Fn1
5072 N AT E 7o A N E ey E K e 2 € S [ = N e
Feas i Asqb . RIS, AT W58 R D5 A0 i 25 1) 1
FHOCHEFN S o P 5 ek — 20 2% 1, PRI Osland "%t i
FEANAL [B] 5 SRR A TG 5| 3E T 28 Al 22
Greptial, AR R, BB ARRE T2 88 1Y
AR B ATV R il A 38 , a0 Duque S5
BT 20 AR (VHSR) G B S0 BE 2548 i il A6
AU AT G BRI T 2 R AR AU A, 2
RIS T 5 i JEG AR Ak T s R Jm AT 4514
(R T3 Jo R A 125 UTAR G, AT Ayl LA 28 s -

TE LSRRI, i TR ARG AR, HL 0
DAL Z2 5% R BB G it sl LA 2 S R
RS 2% 1 b HH 2 () X6 G v 78 0472 I G R ) 1
F R BRGNS R BN, TEE R
BRI b i o A 114 25 [8] S o P Ao JE A
ik, NTTTEMER AT R0 RS ARE 95 5

B ATE RIS E I AS I RIS B 52 2% 23 18] 5
P AR B AR SR A — D T R
245 (CNN) FIE G AR Z H R 782 48 Hes
[APRAIEAS B, AT SR I AR B DU D oA
P, ASCE SE I 22 ROBZBELAAR AR, M 23t
R BOAG I 550 (5 B A A 5 2 1) Klodls
B OGSO AR 22 45 (CNIN D R A 723 1]
BAE RVRFIESZ I Z IR ARIBUTT A B R A BB AL
AR (RE) S B 2 HoR BEAT B AN 0 A1 LG 5 e
Ja , A SCUAR DU AR S R 58 DX, 56 i 2 1 1
CNN A, 458 DU ORI e 7 PR G 4
D AR Xl R AU & DL EGR U
B D oA 1 o Gl 2R TN ) s )R
Ya AR B AZ AR T B3 A ) (£ 05 W5 BEAT XS G, 0 L4
FAUER] T AT R I AR SRR

2 FETUREE S IO B 22 il
ik
RSB VR PR 1 5% 3 it 2

FUBE B 11 R B T~ R 22 5 TR R



20194F

EINES  NEEi ]

CNNQIZR) |«

v 5

Y
| <] SofmaxsiteaH

v
MBI |« BEBLAEARL A |«

K1 s CNN 24 B R B SR U s
s e

Fig. 1 Flow for simulating housing prices by

mining remote-sensing image datasets via CNN
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Fig. 2 The computational framework of proposed CNN used to feature extraction
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Fig. 4 The acquired housing price data from Fang.com, China's biggest online housing market website
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via different mining model
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Tab.4 Average values,standard deviations, and overall accuracies of housing prices in different districts in Wuhan central area
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