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Step 1. Generate machine learning model

Data preprocessing for machine learning:
building and road data (1:5,000, 1:25,000 scale)

Assign class(0 or 1) to each building and road for
applying machine learning algorithms

Apply machine learning classification algorithms
(DT, kNN, SVM, ANN)

Input test data from 6 different map
makers

Input different region data made by
same map maker

Measure the accura

cy of each machine
learning algorithm

Measure the accura

cy of each machine

learning algorithm

Statistical verification using Kruskal-

Wallis test Walli

Statistical verification using Kruskal-

S test

Generate machine learning model for
urban and non-urban areas

learning algorithm

Derivation of key attributes and
machine learning thresholds by
analyzing model

1
|
|
|
|
|
Measure the accuracy of each machine | |
|
|
|
|
|
|

Conclusion
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2. 71A% s ¢z s A&

2.1. 71AgsF e

B ATAE durel Hgol AEHE 8 A Awsto] AGG

0P}
5
o
@,
[®
(@)
o
S
=2
lo
S
ol
lo
(i
jus)
=
%0,
v
N

St<5(supervised learning), Y| *| % 3}sF(unsupervised learning), 743} &

% (reinforcement learning) ] Al 7FA &2 s & rh<d 2-1>).

ELS -2 Y
cE2Y AaEY

=3
£ u Yo YEe A

<ad 2-1> 7IAsts dag s T

(http://www.techjini.com/blog/machine-learning/)

- 35 - ik A2



A Ax sk delEe] g ol E(abel) ~HWAIAA FHE- o]
Fol ZEdA HFEE FFA7IE Tl F, Ax Es AT
Td dolel7 4 Al e £45 wE FHE Edeta glon
zbzke] wiElel] the] et At FAAAA HolEE HAE 9l
& 5o, 71ASHE ok dAlR del 2ol 28x28 A7]9 o]nA
?l MNIST dlo]El(<1ql 2-2>)¢] A%, & dolHe v} o] +
chh=g

<9 2-2>9F o] FAE 9 HolH AER St Al

=0

O

9

rﬂ

2>
=

oy B

AR A ke HAE U

A =Tl

o
/
z
3

AN STV LWhNO
NN RWD ~Q
exdeq LWwN—o
N e WN—

Neqed NN
BN A LW PO
LN R~ M—=0
N~ e ARrRONND
e\ G Dy~
@~ QKL e
NN B Dw N —
DA AR WNSO
wnouq\(qu;wwu_g
N e e, -0

v
S
6
7
&
q

o o BQ

A
M

2-2> MNIST d|o]g A
(LeCun et al, 2010)

OFO

olE M E(test data set)E ©]
g o] dufyt AIZEA d=F=H
MNIST dlolE] ME9 AHS 4

il

7 |
_ 36 _ "':l'H-_E _'k.l.-_ - |

'"‘_l | T.'I.I



59 g AR ARE AFHEA FPHE Aol A% e P

ox dZst AL 1 Asgel Adel we = BE

(classification) &A1} 3] 7 (regression) A2 Us vt EHEA
L =3y E AFgko]l o]4k Fh(discrete value)d wWE w3t} o=

So] MNIST ©lolE] Al=st Zo] ojwdt ojmAe] ajFat 22E o
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4 S S AY, e oA £/E e ¥ 52 & 7 Aok oA,
319 wAl= dSstele A3gto]l A% #h(continuous value)d W& <
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Unsupervised Learning

Original unclustered data Clustered data

<Y 2-3> WA E 459 oAl - 7+H 3} (clustering)
[e)

(G E-A & WSE AFA%S, v AEA)

HI A= ghre] g2 dud 5525 k Hif(k-means) &8s, U5
A (density  estimation) 231 EE, 71HF  Hdl 3 (expectation
maximization) ¥i12]5, DBSCAN(density-based spatial clustering of

applications with noise) €325 S°] U

Asletse A% ggoly HiA % g5 oE sk WHolgta &
T Ut AE g5 HAE S5 A2 okhe] Aolrt Q7 AR
glolg 7} Folx A A<l AbH(static environment)ol| A dh5S Z 3§k}

= FEA Ak AsEge ol tE2A gne FAIVE He= oo
A E(agent)7F o171 7 (state)oll thalx 54 5 (action)S F 3}

AL, o] 2HE owd HA(reward)S RoWA S5s Pgr ofwf,
E

9] T4l e (dynamic environment)oll 4] Hlo|HE FF sl A 7FA
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2.23. SVM
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23. 71 A8ty duEE HE&Es A toly AA

231. 23 dolg 9 Ax Ad &4

A AA) AeA Aol ARG W Aee 98 dolEHe s}

T 2 AAYE el B Aol WA 15000 ¢34 HEe}

Building and road data
(1:5,000. 1:25,000 scale)

l |

I Data preprocessing

Set study area, 1:5,000 scale and 1:25,000 scale feature
matching, attribute calculation

[ J' |

| Labeling process |

Calculate the overlapping area/length of the features between
1:5,000 and 1:25,000 and give label 0 or 1

I Classification process I

Apply machine learning classification algorithms (DT, kNN,
SVM, ANN) to labelled features

|

Classified (predicted) data
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49 A% 5532270, =& 30281709 A7 EAetg =, £ dolH
24 Abg" AE 30000718 == 20000702 ALE A= 25322719

)

f F@ doEE Bl EAAGH WEA AGom PR 7 A9
B3t JAS 2Re AYSAh dolee AAM ASE <E 2-2>5
2.

<3} 2-2> AFAE AEF 22 A 5

A = A Z =R} Z= A A
A= 37611
A=A A w2 92520
A5 43,982
A=A B w2 32416
A5 52798
Az C w2 33055
A5 38232
A% D w2 94783
A5 38378
AHA B =2 93640
A5 42,385
A F =2 98889

232, & dHeoly A4



vk, FA dolEE WMEA QY £4% &Y FosE TPt Qo]
of dth ¥ ATME 15000 FAAGES] &4 dolgzry 9

45 wEan, 1550009 1:25000 AAe] WS S =Y SH2Es

AP (<1 2-10>).

—1 1:5,000 Scale data —— — 1 1:25,000 Scale data | ——
O ‘1‘2 e | - F = e R |
>" \‘.-&!;: o
3D &‘\‘a‘ﬁg\i
@%&
: w:-':s?:’ﬁi" -
ﬁf&ﬁ‘;ﬁig
simenit :
EFRt SR
\
— Input features — ‘\ Output classes
= : 5 R
Geomet'rlc attrlpute N - 0: eliminated
- Topological attribute .
- 1: retained

- Thematic attribute

<a¥ 2-10> 7IAstES A% d/=9 dvoly A4

ggori Ade] SAERYH RS A% 98 $42 49% 2
27b Qv 98 SHoRE $4 AR 4% A M 54, F 713

A 54, A1 54, ouA 545 FF6ke] ARgskrh vlske

wol& AHgskslth 7lsket
T A 2xw 44 9o
W(Li et al, 2004) A 5
o A gk W
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1:5,000 data / / 1:25,000 data

I Step 1 I
Make FID for each polygon (building) in 1:5,000 scale and 1:25,000
scale. Calculate area of Area 1(1:5,000), Area 2(1:25,000), and
Area_U(Union of 1:5,000 and 1:25,000)

l

I Step 2 I
In result of Area U, features that FID of 1:25,000 does not exist or
overlapped ratio(ratio of Area U and Area 2) is under 80% are labeled

as O(eliminated)

I Step 3 I

In result of Area U, features that FID of 1:25,000 does exist or
overlapped ratio(ratio of Area_U and Area 2) is over 80% are labeled
as 1(remained)

Labeled data

<Y 2-12> A& Fehxs Ho A

A= B vp7pAR 2 golojd = 7 A%ts WS 2835t
71 SlEiA s, WA & Aot AFH AEC] HuE FI tFH
Aol Z2 AT} AFHAA FAMEA ofdAE dAudsE HA, 5 F
e Fofshz o] dayEofof grh FAE AEHE tEA =2
= A o AA G2 vty zh g ofHrkes doltk
1:5,000 FAAF =9t 1:25000 FAAFE =
2-13>3 o} ARy ojHLER, ZSE T



gt FAAYEY] ERFYH dolHE mRe RE WA J1FO
2 ANAA BRANE hrold or], way Al AR oe el

ARz 2 F7F Bk ZA= 27 01A = F=7F 1:5,000 A

g

T} 1:25000 A% Afolo A Aolzp glomE wERMAHE H| wsho]
FH=E Foldte AAS b2 A48 7 gld "k EE =
2 s 98, AR "E F FHAAY] == gololE sty AA=

<29 2-13> 15000 =2F

[I>‘

14 #lolo]l (&) ¢F 1:25000 E2FA A #o]o]

o] fd & ATAlAME w9-31(2013)9] F

2 AAAR] =2 7 golojs 8o 22 mrws 2t 73
shite] = ATAdste WS Agsidrh. FAAGES = 2y
ERYFLs AAARY ER P2 =RY u9R s AAE oF
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aglevs ol Aol hestth FAAEE m2eAde] AT
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shE 93k ZEAAE <9 2-14>¢F 2o
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Road centerline Road layer from road
from digital map(NGII) name address map
l
Step 1 |
Transfer coordinate system from
UTM-K to GRS80, TM

!
Step 2

10m buffer on each road feature

:
Step 3

Spatial join between two feature set

Step 4

Unify and standardize attribute schemas

Step 5

Reconstruct the stroke and arrange the attribute values

<aY 2-14> FAAYE E2FAA ATx3 34

, EEHFL AR B2 Tt goloje} FAXNFR] Hx
T dolole] FuEAAS BIA

oo ¥ EREFA ARAEY =2 3 golofd My s &5}
=

gheh o= fdiM = AHdE W

FA40l ZgH ol WFl ofelgo] U FE Yx, WH S Y %
FAA0 W T W] EFHA 942 5 =, ol

=l
7 & AEdE 27 10m AEdA oF7 glo] A=A 7] o

FTAA AAE IR EFgstal Y HAAAE



%o ERFAA dolojs RRuUFL £R T delojd 27 pe
e 2E SHE(EER F 5 2] )9 2/0HE BN F, B

wo] 72 g AFEEE W3 E2 (buffer polygon)
S AFg%t(Zhang, 2009). WA 1:5000 =2FAA doloZHH AA
oy Y2 1025000 E2FAA #HoloE T o] HA A

1:25000 E2F4AASE ek 15000 2544 iy Zeos FF

ftlo
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o
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m

)
i

Road centerline Road outline Road centerline
(1:5,000) polygon (1:5,000) (1:25,000)

Is a road outline polygon including a
road centerline?

Is a road centerline corresponding to Yes
the extracted road outline polygon?

|

Retained Eliminated
road road

Yes No
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<E 3-1> e AE dHolH A= dA

ID usage | annotation | floor area boundary | near_junction |near_build |index
0 1 1 3 184.7487 | 57.13371 3.089799205 0.078605944 | 1
1 2 1 4 165.8014 | 56.80402 | 45.39850064 1.497363961 | O
2 1 1 2 161.2139 | 56.74296 | 0.771216732 0.00420016 1
3 1 0 3 133.7038 | 46.40596 | 1.120453705 0.13616514 1
4 3 0 2 86.98367 | 38.70486 | 495.937875 0.691803111 |1
5 1 1 2 142.0842 | 57.69059 | 22.21556896 0.276461345 |1
6 1 1 5 152.1676 | 50.37416 | 2.255310261 1.769402566 | 1
7 3 0 2 1151654 | 46.48673 | 33.79661844 0.861486587 |1
8 3 0 2 99.04999 | 43.03149 | 89.26863248 0.07271393 1
9 3 1 3 90.39007 | 38.2498 101.9953375 1.925340035 |1
10 3 0 4 97.36186 | 40.98785 | 115.3387379 1.387182403 |1
11 3 0 1 70.50691 | 34.87651 897.417696 0.207656673 | 1
12 5 0 1 23.37122 | 32.75673 | 7.738360804 0.241186441 |0
13 3 0 2 72.40422 | 34.29383 | 12.34881707 0.187077158 | 1
14 3 0 2 81.88275 | 39.58019 | 57.40136182 0.624418877 |1
15 3 0 3 64.19791 | 32.33004 | 33.44798945 0.207656673 | 1
16 3 0 2 72.52388 | 36.78358 | 9.491740224 0.492537268 | 1
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o e AHAM A9 VA s dagls - AEA U,

4 wpre BojolEa Agd ARR JbF de 2ol dmelFolw,

TH URES o s st aFdA HAHe YRS Foluyo] AHE
o= AHo] gtk wdk tE dugESd vle) dak £x7) wEc

v FHE Aok B dAFolAM = CART <aElEe izl ¥4 (hyper
parameter)S complexity parameter(CP)= 0.004, Minsplit< 4, 133l
Minbucket2 22 ZA &t Minsplite #388 A|Ed w=xof glojof
St HA #=39 M-S 91, Minbuckets Ejnjd X -9

Ha A5 AeE Andn. o] ged ddder A4 A
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AT A wHe PFS g8 94 g mde Yy
o Rl AHans Hristdrk. 23S Intel i5-4670 3.40Ghz <
CPU¢ RAM 12GB, Windows 10 64bit 7oA ESRI AFe] ArcGIS
102 £2ZESN]E dold A Hgeld F2 AHgstaom, R 330%

Weka 3% 71A8H% 482 913 Agstith 8% Prhe dneEd

off

2 AgeA BFd A5y E2AAY F5 V)FoR Wasiairh WA
I

Bdo dFES FASAY. o] dFES UEH =29 1:2500000 4 <]
A d =3 ke onstar, 22 3 (error matrix) 2

FHz Yehdt A= 7 2ol tid oA FE2 <& 3-2>9

A=
02t 4 A
24 2 0-2-A14 02,814 6,334
1-#A4¢ 7,130 113,722
<E 33> k-H2A ol% FwHFY oA JA(RA-AR)
A=k
0-2HA 9 A
24 2 0-2-A14 92,369 6,779
1-#+A4¢ 8,737 112,115
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<} 34> SVM &g 59 ox gd(xd-1E)

o =4
024 = 14 4
53,819 5,329
7,531 113,311

A A gk

o =4
Uik 14 ¢
g [O2HAE 53,070 6,078
1-f+# 5 5,910 114,942

St Aotk oA dES A3 HE M True positive, True negative, False
positive, False negative U] 7}AX& i F7F vt 99 ox gda&

dz W AdA= AAld d=s AAEATL g5 AY, FAE e

2PA| E) Qithal o) =3%F A o] False negativedtal & 4= Qlth. &l ol A
Azo] GAHEA A A=A 47 Ao onE T JA &
7] wj &l Positive®} Negativer= thx|sle] Aztst =% it} o] = &8

gto] FE2 4 (148 2ol T3 A A ddh

TP+ TN

TP+ TN+ FN+ FP (14)

Accuracy =

Aol 3 E7F dagsse HMRkHd dq%FE2 DT, 92.52%;

k-NN, 91.38%; SVM, 92.85%; ANN, 93.34%= L}E}

30
i
2
B\
T
l-'lj
o
fr
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Ferek A9 ANNo| 47}%] 57 dmes

W< 1Y 3-5>).

53.50%

93.00%
92.50%
92.00%
91.50%
91.00%
90.50%

90.00%
DT k-MMN

<% 3-5> 7AES gigo=

dEEvo gz B A9E Ag=E HrEsr] o] Hoh

27} HgE oY (bias)$E A¢E dolE <]

=z <

(recall), F-measure(F-score)& 22} +& &

4 (15)9F o] @t

TP

Precision = TP+ FP

S = 2= 9l7] wEoluk wabd AW (precision) St A&

gt WA AuE

1 == True positiveE X A

olg o] 2

St g

o
=

i

-



0.9277; SVM, 0.9376; ANN, 0.9511= }EbyE
T AL 54 16)3 ol ALtd

Recall = ————— (16)

g 25 du5EY AdEL True positives FxH 7
ol FAEHATAL oS3 Frolgta & uwf ZFZF DT, 0.9472; k-NN,
0.9430; SVM, 009551, ANN, 09498= UYeEygt. wspx|ge=z
F-measure(Fl-score)”} =%3}$9tt. F-measure= precision®} recall9]

Zatg o YElUY, 24 (173 o] Ak 4 9t

_ 2X Recall X Precision a7
"~ Recall+Precision

Zy At B duE 559 AEo 3k F-measure= 7217 DT,
0.9441; k-NN, 0.9353; SVM, 0.9463; ANN, 0.95052 e}k

L2 g E AEI AR ez PFFS A Ao}
A E AAE, F-measures S3HAtE WA 47FA 9] 71 A gE il

g5l o3 mme] EF Ayl o oA FEL <E 3-6>0M <&

<E 36> JAAA W SuEEY o3 JR(RD-E7)
o= gk

02 A A4

0-2HA1 # 10,501 1,655
1-7A 8,617 99,227

A A gk
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<E 37> k-HOAE o)L dugEe oz P (mA-E=)
o =3k
0-2A14 e
T
24 2 4‘;11] = 10,392 1,764
1~ 4 10,008 97,336
¥ 3-8> SVM ¢dudgE9 ox FE(Rd-2 =)
o =3k
0-2rA1 ¢ 1-&Xx =
24 7 0—’\;].’11]% 10,587 1,569
17 4 7,851 99,993

of 53k
0-2HA1 1-8249
Az A 10,657 1,499
1=+ 7] 4 7.453 100,391

gl Wiz & dugsse] AwAd A== DT, 91.44%;
k-NN, 90.19%; SVM, 92.15%; ANN, 92.54% = UEetstth dA4 o= 2
oM FgEH} H=E Fde BolATH<TH 3-6>).

e 5 A= 8k w



=

DT k-MNM S ANN

<38 36> 222 gaow 3 dugSu o =%

EEE AE} bR 4AQ E2E W 3% A2 True

o} &AL, F-measureE AAstich ¥

H
e
2

positivegtal g olstar A

Erd U3 &7 dugsed A¥E=s 47 DT, 09201; k-NN,
0.9072; SVM, 0.9272; ANN, 0.9309= eyttt == digh £/ ¢

P55 AAELL 27 DT, 09836 k-NN, 09823; SVM, 0.9846;
ANN, 0985322 Uelsth 7t 7 Ay EF dagEEe =29 1
& F-measure:= 2t7} DT, 0.9508; k-NN, 0.9433; SVM, 0.9550; ANN,
095730 2 e

Z1AS s 71 8-S S8l A= =2AA Azl el 4744 7]
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Zh AAARe] 4 H1R Ads dE 1150000049 AA7E 1:25,00000 A

AN EAE sl xES ZAAG. A% ABEe) Mg F

=

A ANARZ EAE ARHE ALt dW, B PP Ww
1 9s AR S4el we aEES ww Z4se] AR e
AR Ao P4 AVRIA SHth olF A AR P54
zol WAL R ol wAY 38 SAgAr w2 4%
ot EE S SUAR ol BAM 38 S45A 2d 4§

2 Y AR g Aol A HPe <Y 37> 2ok

Test data from 6 different map maker

l

I Predictive Rate Measurement I

Apply machine learning classification algorithms
(DT, kNN, SVM, ANN)

[ l |

l Statistical Verification |

Perform Kruskal-wallis test on measured predicted rates

l

I Analysis by Object I

Predictive rate measurement and analysis based on object
characteristics

<29 37> ARA 7 Aol Feash 74
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331 AE hE H5d7t

@l A% (%)

DT k-NN SVM ANN
Tramn Model 92.52 91.38 92.85 93.34
Mapmaker A 88.12 87.09 88.02 88.99
Mapmaker B 86.74 85.36 86.13 388.67
Mapmaker C 89.84 88.93 89.96 90.11
Mapmaker D 89.03 88.01 89.91 90.23
Mapmaker E 89.10 87.43 89.34 89.98
Mapmaker F 88.01 87.12 89.99 90.33

Aol wb Fojudk Zolrk gh=A ATstara sklth. Zhou and
Li(2017)¢] Aol M= == A

el Apol7h felul@A AAe] S8 AFaz gEs A4e FAD

)
M
2
=2
0
%
>,
)
o2
ot
N,
ol
Lo
)%
o
)

1 & T =)
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‘67H

=

R

[e)

L

¥ 3-11>3 2t
Significant
Yes

N
it

6742 M= o

L 3
R

A Ax= <

P-value
0.03267

Aol AE7H (null hypothesis, H,)

.

e

df

el

wow o] Y714 (alternative hypothesis, H,)
9.6397

PN
T

0.05 wwto g e} A F71A o]

ol

N

A< A3, P-value?lb #ol<5

A

SR I P

o

3-17>74A 9F .
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<E 312> AE WAE o =F - AFA A
o] 4% (%)
100m* =) 9F | 100m*-300m’ 1300 m’'~ 1000 m’ 1000m=10000m* 10000 m* == 2}
DT 82.12 90.22 97.44 100.00 100.00
k-NN|  78.88 91.74 96.91 09.88 100.00
SVM 84.79 92.69 98.36 100.00 100.00
ANN 85.54 93.31 98.67 100.00 100.00
<HE 3-13> AE "Ad =5 - AFA B
e A% (%)
100m* =% 1100 m*-300m? 300 m*—1000m{1000m=-10000m‘10000m* = zH
DT 80.89 91.55 98.23 100.00 99.99
k-NN 79.11 91.13 95.53 100.00 99.99
SVM 84.12 93.66 97.26 100.00 99.99
ANN 84.74 93.77 98.17 100.00 99.99
<HE 3-14> AE WAHE =5 - AFZA C
el A= (%)
100m* =% 1100 m*-300 m? 300 m*~1000m{1000m=-10000m‘10000m* = zH
DT 83.82 90.73 97.89 100.00 100.00
k-NN 81.99 91.88 96.95 100.00 100.00
SVM 85.33 92.98 08.33 100.00 100.00
ANN 85.67 94.33 08.32 100.00 100.00
<E 3-15> AE \Ad =5 - AFA D
o] = (%)
100m* =% 1100 m*-300 m? 300 m*-1000m{1000m=-10000m‘10000m* = zH
DT 82.77 90.25 97.47 100.00 100.00
k-NN 81.15 91.98 97.02 100.00 100.00
SVM 86.12 93.03 98.12 100.00 100.00
ANN 85.89 93.34 98.54 100.00 100.00
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& - AFAE

£e): 4 5 (%)

B\

<HE 3-16> AE HAE 4

100m* ] ¥E - 1100m'-300m’ 300m’-1000m|1000m*=10000m‘10000m’ Z=*H
DT 82.69 91.89 98.11 100.00 100.00
k-NN 79.33 92.77 98.09 100.00 100.00
SVM 85.37 93.55 98.98 100.00 100.00
ANN 85.82 94.89 99.02 100.00 100.00

<& 3-17> A= wHE 455 - AAAF
oho]: g S (%)

100m* ] ®E [100m -300m’ 300m’-1000m|1000m*-10000m’ 10000m’ Zh
DT 81.71 90.56 97.38 100.00 100.00
k-NN 80.03 92.05 97.04 100.00 100.00
SVM 85.37 92.99 98.67 100.00 100.00
ANN 85.44 94.11 98.88 100.00 100.00
Az WA met ASFES S48 & 23 dA d=9 45%E A

%

oae] P B A AR g6 FAH(R L) BE
Bakelth Aw AAAER 28 AvE AZsste] wmoLs, A

AR5 el ojw et Aol7t QA wo] gIghelnt

N s
Y SR,



S A o

s cSeA Xe o5 REe] e wolth(<1y 3-8>, <ILH3-9>).
AR £AE8gA A7k T YES

Aol W A2 1 Y AEe A A e B & dEE
A Apol7h A=, A AfAre <ad 3-8>9 T4 shdel 3
: A el oS} o

& wEe WAl A& AREoldE YATEU, A AL A5 9
G AEES AR W o3 Aziste] Aolsk BAYF o wal



> O%%%)%%O%}\U -

golo @2 - .
LS sy N amap o

o= Ay &%

<29 3-9> A FA Be A& #3I Ay}

. B AlzkAbe] A9 Tdel e tiE Aed 2 S Aol e

oS3 A Hor Hol rAHor T HEss AT, oA

o] mdle] oSyt dA3F AyE B A4
Sold How Az B 45 10,000m” o]/del A=

A= Aol Atk o= EHolA = 10,000m" o] e W A=l il

M= 100% A SHES oSk H R, AA= B Alzkxbe] Ay A

oAM= 10,000m* ol’del HEeol AAlE ok 7] wlEolthH(<IH

3-10>). o= dloly #Ale] 7 wiiol A easa & 5 Aok

oA exprp &
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<219 3-10> A=Ak B2l 10,000m’ o]/ A=l Mol &ak - =l Akl
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° ul EREDR
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o

7}

2 doldel WNE AR AR AT B HUS A=
F AR AsRe @4 Al Agste] 279 d=8S ZHskgnh
<3-18>E ERd fd mdd &% 4 A% AAREE e
L ER

B A
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<E 3-18> =z nd 2 7k 2% A2 o =5

@l S (%)

DT k-NN SVM ANN
Tramn Model 91.44 90.19 92.15 92.54
Mapmaker A 87.31 86.42 87.53 89.17
Mapmaker B 86.01 85.12 86.59 87.44
Mapmaker C 88.25 87.77 88.37 89.15
Mapmaker D 87.67 87.03 89.14 89.39
Mapmaker E 87.81 86.56 88.11 89.64
Mapmaker F 86.10 86.97 88.22 88.36

H df P-value Significant
2.5368 5 0.04687 Yes

iy

< A3, P-value7t 0.04687= UYEY F94F20 0.05 HFro|m =
A22E ZHe] Apol7b itk AFTHE S 717 skAl dh whetbA] E R
ME e w7HAR AR b8 4 Ay A3E Abole] oFE
ol 7} EAIA R e FEd AR YEGT

L2 A& AR AR 7Re] Ak S A ET] 9
T2 Zo ug} 5HAR FiESte] gAERZ dF5ES AT B2
o] g @A S FEUFT E2gddelA Had w2 ds-

EEEEY A2 43 BAAEE BEdel A B2 o me

p . . .
_ 88 _ "':I'H-_E _'H.I.- 4 -||I -"_l!



7t A

AZ A A ZES <F 3-20>004 <F 3-26>7hA 9} 2

<3 320> EE FHo mE qFE - AFA A
ool (%)
222wk | 2-4x % 4-62+2 | 6-10xFE 102 =3}
DT 86.07 94.89 98.14 100.00 100.00
k-NN 84.22 92.77 98.18 100.00 100.00
SVM 86.26 93.55 98.70 100.00 100.00
ANN 87.88 94.89 99.01 100.00 100.00
<E 321> EE Zo mE o FE - AFA B
) A e (%)
222wk | 2-4x % 4-62+2 | 6-10xFE 102 =3}
DT 84.45 94.12 98.12 100.00 100.00
k-NN 83.30 92.59 98.74 100.00 100.00
SVM 85.01 93.20 98.69 100.00 100.00
ANN 85.66 94.74 98.88 100.00 100.00
<3 322> =2 Fo| mE dFF - AR C
ool (%)
222wk | 2-4xE 4-62t2 | 6-10xE 1082 =3}
DT 86.99 95.06 98.24 100.00 100.00
k-NN 86.19 94.57 98.38 100.00 100.00
SVM 86.44 94.96 98.77 100.00 100.00
ANN 88.05 94.59 99.14 100.00 100.00
< 323> EE o mE o FE - AFA D
ool (%)
222wk | 2-4x % 4-62+2 | 6-10xFE 102 =3}
DT 86.74 95.03 98.33 100.00 100.00
k-NN 84.69 93.27 98.21 100.00 100.00
SVM 87.13 95.51 98.65 100.00 100.00
ANN 88.99 95.87 99.30 100.00 100.00
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<¥ 324> =2 Zo i o=FEF - AAE
el A% (%)
2z2F= wmgk | 2-4x 2 4-622 | 6-102=2 1032 %3}
DT 86.79 94.77 98.07 100.00 100.00
k-NN 84.31 94.37 98.33 100.00 100.00
SVM 86.98 95.12 98.60 100.00 100.00
ANN 88.65 95.53 99.07 100.00 100.00
<¥ 325> =2 Zo & oFE - AXAF
e A% (%)
2z2F= wmgk | 2-4x 2 4-622 | 6-1022 |10x2 %3}
DT 85.04 95.06 98.22 100.00 100.00
k-NN 84.53 93.78 08.31 100.00 100.00
SVM 86.37 94.65 98.66 100.00 100.00
ANN 87.70 95.05 99.01 100.00 100.00
T2 Zo ug} gSFES SH B Ay A =29 684%F A
e B2 Z 2342 vyt RRoA dFEo] Dol FAld dd T
ol AFAE zhe] o)zl F&2 EAE T S B ¢ At =2
Zo] AAFE d=Eo] Fody A AFAE 7He] HAIE Foj=
= FEE RS
AE M} mpRIIR 2 @A) S-S UL AAs] A ur] 9§ A
Ax H7rs ey A Hr Ay duEFoes Aolrp ves §
Bo <19 3-11>, <19 3-12>9} 2t}
- 90 - A 2-1]
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0]
s

o Apol7} @bt v

}

A

shel, 71 7k 2ol Aol 7}

2F7F A

[ez]
=2

1o

A

Apell A

E

R
L4

AFA} 2ol

beae.

) seld AR g
[e)

ok x

BFs] W ozt

=

w2}

=4

_ZTI

2}
.

A3 5 (%)
ANN

iy, 3.3.2
89.34

2rel Aol
89.55
88.98

A8 =2 U
o]
-

whe):

F X

9
yul

ojth. 187

87.85
88.10
87.25

SVM

B ol Foj gt

=

=

87.38
87.21
87.77

k-NN

S

AA AR Ao A& o

b e,

DT
88.52
88.33
87.98

<¥E 3-26>3 2t

[}
<GE 326> gl A ghe] Ao - AlFA A

A AT

|

Ql
Area 1
Area 2
Area 3

el A, B, C Al H9

PN
T

°

Ar

A2 A
— 93 —
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ol x
o
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< 3-27> AFEA Aol AEol WiE AT

gels H4A Ada

« I AREAS df: AFE
H df P-value Significant
0.46154 2 0.7939 No

4 A3, P-valueZt 079392 Yett o2 0.05 oldelmz A<

7
kel o7} glrhe AR Mol AeE A ek o A=A A7l @
A% A= ge Ao 91 AgelAE Ao 7o) Aoz Ask Ho]7}
WS YR B 5 9l

A=A Bel Azl gl X ghel

<3E 328> A=olMel A9 ghe] el - Al#A B

el 4= (%)
DT k-NN SVM ANN
Area 1 89.12 87.87 89.75 90.21
Area 2 88.41 8757 88.77 89.14
Area 3 86.58 85.73 86.25 88.96
A2 Aol Aitet vt 2 B AN AFAZ dE)l s HA

< FAT 2 Ak <G 3-20>9F P

<3 3-20> A FA Be A=l tid AFAZ

el H4A Ada

* H AASAE df: A=
H df P-value Significant
5.11%4 2 0.0775 No

71 A, P-valueZt 0.0775% et fo <)
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=
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<3k 3-30> AEANAY A ko] Aol - A A=A C
el S (%)
DT k-NN SVM ANN
Area 1 ]7.88 86.90 89.03 89.54
Area 2 88.10 87.02 89.52 89.39
Area 3 87.66 87.04 89.77 90.11

A2 A, Bel Ayl mprbAE Co Ao r aFA27 g
AR FFsAY. 2 A < 3-31>3 2k

< 3-31> AR Co dEel ti a7 des HA A

* H AASAE df: A
H df P-value Significant
0.5114 2 0.7788 No

7 A3, Povaluert 077882 LPERE fol579l 005 ol gl Xl
zrel Aolzt gk ATAHAe] A Ak weks A%x Crh A
F A= gE Ao f3 AFNNE A, BolA s vz 7o
Aol 9l Aol7h WASA AT B 5 Utk o]AH AR
A%, AR A B, C 2Fe] AvelA Ao zke] Aol7t BAHOR &

ouistA] ¥ FEd ALz YERt oA e 45 =3d A

[N}

Lo

i
-9 - M =T



AR gke] WAl A el Aolt o QY FEo FFL FA 8

I JgE AS ou|dith S AE Ade F4 HAY AFfENA A
2kz} 7k zpo] wjiol feojusk xpolrp WAl QukE Aot

SO 2 AFA A =29 gigk A9 7ke] Aol= <F 3-32>9 &

=
<3 3-32> E==EOAe A Y Fhe] Ao] - AFA} A
el S (%)

DT k-NN SVM ANN
Area 1 ]7.11 86.52 87.74 89.06
Area 2 87.01 86.14 86.79 87.33
Area 3 ]7.84 ]7.66 88.20 89.14

Azel Aol mp7HAl 2 ERo Ak A Y
= FomeA AFatr] fa 2727 e JAS FYsiih 24

A= <F 3-33>3 2}

il

H df P-value Significant
5.5385 2 0.0627 No

A7 A3, P-valueZ}b 0.0627= YEFY FolFE¢] 0.05 ool 2= A
o kel ApolZ} gtk #AFTREo] AEHA vt webd Az AV
A A2 & A9 2o #sth

b

S A A ghe] ol
& Aol7h WA Rty ¥ & Yok,
o]
-

thS o2 A2z Be =2 tidk |

~
N
(0]

&= <3 3-34>9F )



<3E 3-34> EREAA 9 A 7he] Zfo] - AZA} B
k9l S (%)

DT k-NN SVM ANN
Area 1 89.01 88.53 89.42 90.10
Area 2 88.14 87.88 38.87 89.65
Area 3 86.47 85.09 87.52 88.91

I~

AA Bel Asbel @ AFan eEls 44 ATE <E 3-35>9

ciany

. [e]
H df P-value Significant
7.2692 2 0.02639 Yes

A3 A3, P-value7t 0.02639=2 e} F-945< 0.05 vjgto] 2z
o] Zpol7t gtk AF7HES 714EA Ao whekA Az B7E
g Ao mroAM= A Fhe] Aol wfitol] fFeuE e
Apol 7b sk Qlvkar B Sl

2oz AzA Co| Zmmel ek A9 Fhe] Apol= <3 3-36>3 .

L
12
l‘i

A
B
rE
i)

<3k 3-36> EREAA 9 A 7he] Aol - AZA} B
el A g (%)

DT k-NN SVM ANN
Area 1 88.30 87.56 89.55 89.67
Area 2 88.12 86.99 89.31 89.37
Area 3 87.52 87.17 89.19 90.07

7 b
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w3, AFA Co] Al

3-37> I} 2

IS

<HE 3-37> A FAA Co =R thet A7~ gElA AAH A

EA% df: AHFE

H

df

Significant

0.7308

2

No

A7 A3, P-valueZ} 0.6939% YERY FolFE¢] 0.05 o]do] 2= A
o Zke] Afol7t fluke= AF7HEo] AHEA fAv wepA A AR CoF

H 2= o]

= T M
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Test data from 6 different map maker

Test data for sub-urban
area

Test data for urban area

I Machine learning model I—

Create machine learning for each region
and measure predicted rate

I Analyze ML model I—

Derivation of key attributes and machine learning thresholds
through decision tree analysis

<9 3-13> =AISE Bl A Ao T)ASkE Bl tidk 24 A=

Aol B Al A el gt VA s dadsse dEHess A

AAgsah A Ag U SaeEe dHAFE <E 3-38>3 2ok

<E 3-38> EA|9F H] TA] SR oMo YALAA U JE S
CP
A /5 (Complexity Minsplit Minbucket
Parameter)

EA - E 0.005 4 2
TA-E 2 0.008 4 2

H SA-A = 0.004 4 2

H EA-E= 0.01 4 2
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<GE 3> TAI9 Y] BA] SRFR A k-F1F] o] YW
2 A /85 k A= FA A
EA-AE 42 vhek e ] 2
EA-ER 27 ohek e} n] 2
Hl ZA-AE 45 v} &g} 1] A~
H EA-EF 35 u}ak e} -] 2

9§ A¥s} wol: Aolghi derH

<IE 340> EA9) H] EA A o=F
el A% (%)

DT k-NN SVM ANN

A=A 93.11 91.47 93.23 93.51
EA-E2 91.87 90.92 92.88 93.12
H A - = 91.71 90.80 92.27 92.79
H EA -2 2 90.53 90.01 91.87 92.08

3 IL'-\. ;
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Abstract

A Study on Improvement of Map
Generalization Using Machine

Learning

—-Focusing on Selective Omission of
Building and Road Data-

Jaeeun Lee
Department of Civil and Environmental Engineering

The Graduate School

Seoul National University

Currently, 1:25,000 digital maps in Korea are created by editing
1:5000 digital maps. This editing is a process of making a
small-scale map from a large-scale map, and in this process, a map
generalization technique 1s 1nevitably applied. In the past, the
generalization of maps has been mainly based on a geometric
generalization method, which is generalized using geometric features
of objects, or a rule-based method. Currently, the process of reducing
editing in Korea is performed through a kind of rule-based method in

accordance with the regulations related to editing. However, there are
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many areas Wwhere the contents of the regulation book are not
specific, so there 1s much room for the editor’'s subjective
intervention. As the subjectivity of the editor is involved in the
editing process, the consistency of the quality of the small scale map
cannot be guaranteed, and the quality of generalization depends on
the individual competency of the editor.

In recent studies of map generalization, there have been steadily
raised problems that such human intervention make the results of the
generalization of maps inconsistent. Accordingly, the research flow of
map generalization has been progressed toward minimizing human
intervention and automating data acquisition and data editing
processes to ensure consistency of map generalization quality.
However, few studies have been conducted on quantitatively revealed
research cases and demonstration cases of how human intervention
affects the quality of map generalization. Attempts to suggest ways
to utilize are also insufficient. There are also insufficient attempts to
suggest ways to supplement existing regulations through analysis of
the generalized results of maps.

In this study, the difference in the quality of generalization caused
by human intervention is quantified by applying the machine learning
method, and furthermore, it is intended to suggest a method for
improving the quality of the generalized map by utilizing it. For this,
a machine learning model that predicts whether buildings and roads
can be selected/deleted when scaled-down from 1:5,000 digital maps

to 1:25,000 digital maps is created. Then the predicted rate of
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predicting whether to select buildings and road objects for each six
different map makers were measured. By analyzing the difference
between the measured prediction rate and its pattern, it is revealed
that there is a significant difference in the editing method between
map makers. Another experiment proposes a method for creating a
machine learning model for urban centers and non-urban areas, and
setting the appropriate machine learning algorithm settings according
to each region’s characteristics.

In order to evaluate the performance of the learning model, the
prediction rate was measured for buildings and roads for each of the
four algorithms, DT, k-NN, SVM, and ANN, used in the learning
model. In addition, the predicted rate was measured by applying the
generated models to six experimental areas, and the difference
between the predicted rates was statistically significant through the
Kruskal Wallis test.

In this process, since the difference in accuracy may occur
depending on the characteristics of the target region, the accuracy of
different regions edited by the same producer was measured and the
statistical characteristics were analyzed to determine how much the
regional characteristics influenced the differences between producers.
As a result, in the case of buildings, the difference in accuracy by
region was not statistically significant, but in the case of roads, there
was a significant difference in some regions. However, the difference
by each producer was greater than the difference by region, and this

can be interpreted that the difference by producer was also dominant
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for road objects. As a result of qualitative (visual) analysis, it was
found that the differences were revealed for each producer in the
selection and deletion of lane objects, such as roads, in small
buildings in urban areas in buildings.

In addition, in order to find a way to utilize the machine learning
technique in the generalization of maps, a machine learning model
was generated for urban and non—urban areas respectively, and the
prediction rate was measured. As a result through the machine
learning technique, it was possible to check the properties that have
a major iInfluence in the selection and deletion of objects and the
settings required for the object selection, and through this, the
machine learning algorithm complements the reduced editing rules in
the generalization of the map. And it has been shown that it is
possible to make basic use of object selection and deletion through
machine learning techniques for each feature.

Machine learning techniques can be applied not only to quantify
deviations between map makers, but also to automate the
generalization of maps. The method proposed in this study also
suggests the possibility of automating selection and deletion in the
generalization of maps without human intervention through a learning

model that has learned from existing map data.

keywords : digital map, machine learning, map generalization,
multi-scale database, updating maps
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