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This research utilizes artificial intelligence (AI) by applying deep learning in architecture and urban design. The

study’s novelty is clarifying the applicability of deep learning to impressions of city landscapes as visual elements of

design to differentiate “desire/no-desire to visit” and “degree of desire to visit”. Street names were therefore classified

as constituents of image consciousness. Thus, deduction Al that could achieve high precision from the viewpoint of

psychological and medical treatment statistics is developed, and the confidence interval of 100 kinds of Al developed

with this method is confirmed to be small.

Keywords :  Artificial intelligence, Deep learning, Inpressin, Sensibily, City landscape
NTH6E (AD), Deep Learning, F15:, e, i 2

1. FLHIC

UT4F, Deep Learning Z JEM &2 ATAIfE (A NRGdICHhs
B72BLEERD, HxZ20BRICBVWTSARYIfFEShTWns, £
NET D X ICERELZHERERIN, BRI Bl & i 9
D EAME T TR, FHRMA RIS LT OO RN A R
TLHEI T ORLZHEHRI L TWD, ZEo—oITiT,
A 2 W B BE L U 4 b TILSVRC (ImageNet large scale visual
recognition challenge) ] TORENZETF 5, [TLSVRC] 121%
B 1772508 ORELZHE>WMPAH DL, ZoWmMIE, »
BISILCWD 7 7 AN EEBRD 7 7 2 & BRIEHRNOHEES
DFEE 25 0 WM TdH D, 2012 -1 Z D FEBPY T Deep Learning %
{5 72 AL(AlexNet” ) ZSLARTO AR % K& < EE 5722 & 43, Deep
Learning Z I\ 7= AT \Zxb3 2 1 HE ST IS E £ » T2 2o &
#l&E %%, Deep Learning ORI D—2 % Wil o4y % HillC 5T
Ll EgRAERBT O EEL ABTREE TSI, TOMNELESHE
WGES KO IR BEARE FEH I E N BB ETF oD, 20
KO E AR A AR T DR AR L, SR OE ) R R R
WK OSSR & D RUIRBIR ORI 8 M T o o 7o TR (575
B TARSERAE) R EDSTITBENT, BEORKRE LRES
ORI HE SR E R A A M LTz,

FIRDOBIZHR S F Deep Learning & V> 9 B 3 72 Bl o0 3 ] vl g
PETAE - WHABHICbEkx BV B2 B, APFEAERL

TWB DL, THA TR T 2N - FIRFE MO %8 L HEE Th
5, R ZE LT EYE - 3T P A v oBREZ2HNEETH
O, FTHA TGRS LN - BISFmSEL RS L O BB S
%, WEOBELEMEL KT 5 X 912, FHIREIC B A2 LYIh R i
Z< OMENIEDR B 5, EHE O S, BT OREEEDOE G2
PR () 22eMoEREMARE (FME) ICRAHL, 8
SRk~ » 7R VT v x y b U — 7 B O THIS A O HEE
WY A TE Y, EH L OFFRICIR S TR T, %M
DR EERIIRBEERORGIC b X prE N AR L&, Ly
L, B %8 L CRlikT 2 22 R R IR & R - FIZ o0 IR R B
FR& WS MR BIMRIE, 4 B THFMTINIC S EBRIS b ARAE 2205
T D DT, AJE ORGSR TRICE S T v
Wb 2 B - FDREHM OHEE 2SN B2l 135k > T\, 2ok
i A 5 F %, Deep Learning Z W THRUEZ 2515 TV 5 45
U D &, RSO B A FIS, K5ORSI &R o KR
BR OEER R RIB RN EMETH D & 0 D HRIOMEE 2R B0 &
bo DT, BE - WHOT WA NThhdb L - FIRICK L
Tb, Deep Learning & FHV 7= AT &\ 9 BZERY 20 £4l o> A mlREPE
NoVFEdEEZLND,

EiR A SE 2, AT CIEB ORI G A, T2
o A LAMER) & THEET 2 AL OfERk, &35,
WA T 2B LR N L EHETH D, M THIEAITS

* IR BT AT Y LR AR - e (T
TR NEAMEARY: BT ST LR

Lecturer, Dept. of Architecture and Urban Design, Ritsumeikan Univ., Dr. Eng.

** Undergraduate, Dept. of Architecture and Urban Design, Ritsumeikan Univ.



HARERE S FHE R B
e AR IE T

KOBERNPOHR SN TR Y, HENRRHE L SMERLE ORE
BIfRITEMETH D, Z 0 &5 REMRKRERICE > THhshD
fEROHEEICIE, Bk L7= X 972 Deep Learning OHF 2 1E0 L 7-
AL 2358 L CTWAHRTREMER & 1, My THUER A ST b,

F3k @ Deep Learning @ﬁ%% \Zxt9 2w A AT RE ML B 5 D AF
JEIT1, Lun Liu” 5= Stephen Law” BOHIZERH Y , KB &N
N2 2 N el ~D Deep Learning O FH vl HEME S /RIB Sy
TW5, ERRERZHALZHELITOATEY, BES 1k

28 M CIHE U 72 FIERREAM 52k & VR 2218 > 360 KERIMI {4 0> & HEE
925 Z LT Deep Learning Zi@MA L T\ D, WA b HHM TiE
PEDOEWFETH D, UL, R HETH O OEN Z @i & F
g GHEROBFM L ELA) D433 - #EEIZ Deep Learning i
BRI TITEE DM BHIRY THERY 76T, ZORBARIED
BORMEICE ST 2,

RRLRRIIIRNET R D BHEET D AL & IEBIOHE RN D b A
ZEDNLE T &R, AR E A TU 5 Deep Learning & H U 7= AL
B2, AN BE - Wl 5 7 V1 o~ DIG R
BEALNDAL ™S D, (2T Y AERKAL Thbd, BEMICIX
Eifg %4 L Lz TGANMDCGAN) | © Th B, I L2 BIRIC
b oA EHEREMATDEAl THY, FEHT—Z DR
7T A (BIZE TE) TR L7 @i el & 551 0 X 5 2k
THERTEHZEBWEIN TS, BEAEMED 7 7 A X T8
MG E Vo ToMRRIBRAE MG L LI2s FATHDN, FFEDRE
Fh 7 T A UIEBERE VI HFEEREZEZ HND, LLIh
I, A& RFEORFEZICH T DHER (TR T A KO E)
AR TE D Z LN L D, AWIFED THEET D Al DIRFE,
2O XD REIVEIK D I IR bALEATT B D,

L ORFITR S T AL TEICH SRR LA S E > TV D2,
TE BT 72 B0 0 5 2EME 2 R AL T 2 B R A LT H
Lo ARWPZETIE, Lo MHEES DAL & Tar T oY Apk AL
WD COOBEFME AR, BE - HHICEL T YA R To
Deep Learning & FV M7= AL §ik FH O JERERTFZE & L C, [ 2 @14

DM AT & EET D, BAKEICIE, T 2EGR) o K
4 (21 7 72580 ), TRIMERORE 27 7 25%) ), THHMNE
BROEE] OHEFEIZ KT 5 Deep Learning & V7= HEE AT DI
FATREMEZ I S NCT B2 2 L 2 HINE T 5, RBAMILS 5 Lk
VBTN - MELIZHDTH S,

2. HARME

2.1 HRORN

BT THIIE g ) &bl T4 & TRFMEsR] %
Deep Learning 2354 LHEE T 20 & MikT 5, RO %X
VSR d, Al 1ZHTEICS - 72 IS B 2 S0 2 2 48 7E
LB 6 5% T =22y b CTh D, ETITHTARE LY
BF—Lty baER LTz, KIZ TRFMERR] OHEEIZELD, B
RN SN D W IRRRROMENE A 1R TIE P RE CTdo 2 A MFE T
D700 T4 ) OWEEIT/ o7, WKL L CORGEE % i
RLkic THMER) OHEEZ TR o7, 7k TEHRIESR 132
FECTHD, —HEAE TR LZv TR L2 w & idEdb i
DOZFR—0 THEERORE 227 7 2508 #ETHD, —

, B84 55759 5, MBEIGE , 2019.5, H AR
D JFRG R O T IS EA R S E S

Selection of street set (21 streets) ‘
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‘ Create training data set (2100 images) ‘

hd

‘ Deduction Al of street name (21 class) ‘
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‘ Deduction Al of presence or absence of visiting desire (2 class) ‘
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‘ Deduction Al of degree of desire to visit ‘
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‘ Verification of generality of deduction Al ‘

Fig.1 Flow of research

Table 1 List of target streets

Class Country City Name
0 America New York Wall Street
1 Australia Melbourne Hosier Ln
2 Canada St John's Cabot Street
3 Czech Prague Mostecka
4 England London Oxford Street
5 Hong Kong Mong Kok Shandong Street
6 Italy Firenze Via dei Calzaiuoli
7 Japan Kyoto Sanneizaka Street
8 Japan Osaka Dotonbori Street
9 Japan Tokyo Takeshita Street
10 Mexico Guanajuato Pocitos
11 Peru Cusco Questa de Santa Anna
12 |Portugal Porto R.de Sao Joao
13 Russia Moscow Tuverskaya Street
14 |Scotland Edinburgh Cockburn Street
15 South Africa Cape Town Dorp Street
16 Korea Seoul Bukchon Hanok Village
17 |Spain Barcelona Plaga de Catalunya - Gran
18 |Taiwan Chiufen Chiufen area
19  |Thailand Bangkok phraeng Nara Rd
20 Arab Dubai Al Worood 1 Street

Target Street (Images were created randomly from a range of lines.)

Photos and maps are quoted from Google © Google

Fig.2 Image example
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Table 2 Mixture matrix of verification data (street name)

[y _1is the correct class, [y'_ ] is the Deduction class

Yy Oly1Jy21Jy3fyalys5]fy6]y7Ilys8lyoly 0]y 1]y 12y 13y 14]y 15]y_16[y_17 [y_18 [y_19 |y_ 20[Recal(BEX)
y_0 57 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0.9661
y_1 1 52 0 0 0 0 0 0 0 3 1 0 2 0 0 0 0 1 1 0 0 0.8524
y 2 0 0 51 0 0 0 0 0 0 0 0 1 2 0 0 1 0 0 0 0 0 0.9272
y_3 4 0 0 53 6 0 4 0 0 0 1 3 1 2 0 0 0 0 0 0 0 0.7162
y_4 0 0 0 4 39 0 1 0 0 0 0 0 2 2 1 0 0 0 0 0 0 0.7959
y_5 0 0 0 1 0 51 0 0 1 2 1 0 1 0 0 0 0 0 1 1 0 0.8644
y 6 4 0 0 6 0 0 48 0 0 0 1 0 5 0 2 0 0 4 0 0 0 0.6857
y 7 0 0 0 0 0 0 0 55 0 0 0 0 0 0 0 0 0 3 1 0 0 0.9322
y_8 1 0 1 5 0 2 0 0 47 6 1 0 0 0 0 0 0 0 0 0 0 0.746
y_9 0 0 0 1 0 2 0 0 0 55 1 0 1 0 0 0 0 0 1 0 0 0.9016
y_10 2 0 1 0 0 0 0 0 0 0 51 4 0 0 0 3 0 0 0 0 0 0.836
y_ 1 0 0 0 1 0 0 0 0 0 0 0 60 2 0 0 0 0 0 0 0 0 0.9523
y_12 1 0 0 2 0 1 3 0 0 0 0 0 53 0 0 0 0 3 0 0 0 08412
y_13 1 0 0 0 0 0 1 0 0 0 0 0 0 44 2 0 0 1 0 0 0 0.8979
y_14 0 0 0 0 0 2 3 0 0 0 0 0 1 1 52 0 0 2 0 0 0 0.8524
y_15 0 0 3 0 0 0 0 0 0 0 1 3 0 0 0 52 0 0 0 0 0 0.8813
y_16 0 0 0 0 0 0 0 1 0 0 0 1 0 2 0 0 55] 0 0 0 0 09322
y_17 5 0 0 1 1 0 1 0 0 0 0 0 3 3 0 0 0 46 0 0 0 0.7666
y_18 0 2 2 0 0 3 0 0 1 0 0 0 1 0 0 0 2 2 42 0 0 0.7636
y_19 0 0 1 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 59 0 0.9672
20 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 59 1
Precision(FalE&%) | 0.75 | 0.9629| 0.8644| 0.7162| 0.8478| 0.8225| 0.7868| 0.9821| 0.9591| 0.8333| 0.8793| 0.8333| 0.7162| 0.8148| 0.9122| 0.9285| 0.9649| 0.7187| 0913 | 0.9833| 1
F-Measures 0.8444| 0.9042| 0.8946| 0.7162| 0.821 | 0.8429| 0.7327| 0.9564| 0.8392| 0.8661| 0.8571| 0.8888| 0.7736| 0.8543| 0.8812| 0.9042| 0.9482| 0.7418| 0.8316| 0.9751| 1

[Accuracy(IE#1£) | 0.8579|Avg.Precision | 0.8661/Avg.Recall | 0.8609|Avg.F-Measures | 0.8607|

[K-Factor(Non-Weigut)| 0.8579 [P-Value | 2.2-16
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Fig.3 Learning model (street name)
Error
3.0
25
rification data
V\/\s/\,_\_\/\,\_\/\//\/'{fining data
0 ~—"\_
epoch
0 50 100 150 200 250 300 350 400 450 500

Fig.4 Learning transition (street nama)
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Fig.5 Learning model (desire to visit)
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Fig.6 Learning transition (desire to visit)
Table 3 Mixture matrix of Verification data(desire to visit)

[y _1is the correct class, [y’_ ] is the Deduction class

y'=0 (Want) y'=1 (Dont't want) Recall(BHX)
y=0 (Want) 328 9 0.9732
y=1 (Dont't want) 25 268 0.9146
Precision (F B &%) 0.9291 0.9675
F-Measures 0.9506 0.9403
Accuracy (IEREME) 0.9460 |Effect Size 0.0539
Avg.Precision 0.9483|K-factor 0.8920
Avg.Recall 0.9439|P-Value 2.2E-16
Avg.F-Measures 0.9454
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Plot diagram of correct value(Human) and deuction value(Model)
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DEVELOPMENT AND VERIFICATION OF THE IMPRESSION DEDUCTION MODEL FOR CITY
LANDSCAPE WITH DEEP LEARNING

- Street names city landscapes and desire/no desire or degree of desire to visit -
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This research is a basic study on utilizing artificial intelligence (AI) by applying deep learning to the fields of

architecture and urban design.

In recent years, the use of budding technologies, such as deep learning, has increased in the field of architecture
and urban design. While this technology has potential in various fields, this study focuses on learning and deduction of
sensibility evaluation and impression of design. Needless to say, the relationship of design with sensibility and impression
is important, and the design heightens sensibility and impressions. However, the causal relationship of quantitative
representation (feature value) and feature value of design with impression is complex and is characteristically difficult to
deduce. Such a characteristic is a property similar to fields where deep learning has been successfully used. It is, therefore,
thought that Al using deep learning could be applicable. As mentioned, this research examines the budding properties
of Al that deduce “street names and desire to visit” based on city landscapes. Specifically, the “desire/no-desire to visit
(classification)” and “degree of desire to visit” are deduced, and as constituents of image consciousness, street names are

also classified (21 classes).

The object of the study and the city landscapes were prepared from 21 streets selected from a large city and sightseeing
information. The images for city landscapes were obtained from street view on Google Earth to ensure that these images

were not of any one building, ground, or sky. A total of 2,100 images, 100 for each street, were considered.

Deduction Al with high precision was first successfully developed to deduce “classification of street names (21 classes)”.
Its precision was approximately 86% for the F-value with a K-coefficient of 0.8508 (p-value = 1.6e-15). Next, for the
classification, deduction AI with high conformity with desire/no-desire to visit criteria of test subjects was successfully
prepared. Its precision had a K-coefficient of 0.8920 (p-value = 2.2e-15). Further, for deducing degree of desire, there was
little difference in the degree of desire to visit between test subjects, and Al permitting deduction with high correlation
was successfully developed. For its precision, the effect size of Wilcoxon’s signed rank test (test of paired nonparametric
data) was 0.18, and Spearman’s rank correlation was 0.7564 (p-value = 0.0005742). Finally, to generalize the methodology
of Al using deep learning, the 95% confidence interval that considered 100 kinds of AI developed using this method was
confirmed to be small. Specifically, the effect size did not exceed 0.2 (a threshold value indicating small effect size) and did
not fall below 0.6 (a threshold value indicating high correlation). Under the experimental conditions of this study, the Al

developed using deep learning can be described as a method that presents generality in the degree of precision.

From the perspective of the experimental conditions of the study and usage, a successful impression deduction Al for
city landscapes with good precision is developed. This provides the first step in systematically organizing and investigating

the hitherto unstudied budding potential of deep learning in the fields of architecture and urban design.





