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Abstract

DL (Deep Learning) is getting popular in various fields to implement artificial intelligence that resembles
human learning and cognition. DL based on complicate structure of the ANN (Artificial Neural Network)
requires computing power and computation cost. Variety of DL models with improved performance have
been developed with powerful computer specification. The main purpose of this paper is to detect buildings
from aerial images and evaluate performance of Mask R-CNN (Region-based Convolutional Neural Network)
developed by FAIR (Facebook AI Research) team recently. Mask R-CNN is a R-CNN that is evaluated to be
one of the best ANN models in terms of performance for semantic segmentation with pixel-level accuracy.
The performance of the DL models is determined by training ability as well as architecture of the ANN. In
this paper, we characteristics of the Mask R-CNN with various types of the images and evaluate possibility of
the generalization which is the ultimate goal of the DL. As for future study, it is expected that reliability and
generalization of DL will be improved by using a variety of spatial information data for training of the DL
models.
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e} IR F ol AT Al2g Ak @ e A
o] tago] HAINL ARG Thelrt Fe) A Hol
choFgt Holof| A 91X 5(Al: Artificial Intelligence)2] 414
2 Y5 QAIFAIAY(ANN: Artificial Neural Network)o]| .4
3t H2d(DL: Deep Learning)ol| o3t Ao} 7] gt
s AT 9]

o, 2|2 9] A= 1943 McCulloch and Pitts7} #2135t o]
ZIE = (binary classifier) S ¢t neuron 2Eo]¢ic) 19579
= Rosenblatt7} neuron 282 7 A18}o] X| =8k (supervised
learning)& $]3} perceptron &118]&-S 7Sl tH( Hertz et
al., 1991; McCulloch, and Pitts, 1943; Rosenblatt, 1958).

ANNO| F322Q1 3 @ 5h= 9% 1}(backpropagation)
of gt 917-= 1960\t 26| A|2F=|o 19861 9] Rumelhart
7} t}& A7 multi-layer network)S ¢J3t GAu} )=

< A\As}sIHRumelhart ef al., 1986). T2 Al <2
Th= 20009 FHEEE 2A 20 2 AJRE DLE 7]te] &L
91ck 53] AL 9 7FE|]A Fopo] oA ANN Zieyzlel
ILSVRC (ImageNet Large Scale Visual Recognition Challenge)
o) A= DL 95k A1 o] AR = (classification) A%
< Bkl $-5 BdlS AAste] B @ F-&(classification
error rate) & HHESH 9.1 AL Holliz RF8 ozt

FE A E _4 T]X](locahzatlon) o 43|k (object detection)

BL

2t} ANN2 “computational brain modeling”

o 1

1 HE5 58 523 _5}0}1 E}(Russakovsky etal. 2015)

FAE o83t *121 “J5 2]2]5 ANN 7]5ke] DL 7%=
= A giiFe] =it qlem, ofof uf

2} ANN A58 F<351 ﬁ;} =31 QJtk(Audebert et al., 2018;

Ball et al., 2017).

U] FAPYE Fofo A DL ¥ dF-&2+=, Oh (2010)=
IS PITIE A18 715N UBIYE g
= (MLP: Multi-Layer Perceptron) 417343} GIS
’E.—O_E -","— J3}F3L] Choe and Yom (2017)2 7]AF to]g

S ARHOR MLP A7 welo] 28s)o] 4
o135k X FH LS =451 A1LE A¢kstich Chung and
Lee (2017)= %g(voxel) |2 H3lsl g2z EHOIH =F

GNSS (Global Navigation Satellite System) A% x]¢1.2 2}2
FAT 7PERE 78S HolH(1, 71 5 H 5=
5)E RNN (Recurrent Neural Network) 7]512] LSTM (Long
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Short-Term Memory) Galg]&0| A8} &7]Zel 734
Zo0] 7153t BEe Aorslyt). Baek and Yom (2018)2 &
3 dlolElE AR5t A4 A& $18l CNN (Convolution
Neural Network) 7]51+2] DeMoN (Depth and Motion Network)

S o8t Al sheroll Sfgh s ARIET WS vlmstol
/\J]E FARSE 21HE 1814t Lee and Yom (2018)-2 ™A]
HPI(MD)E] 4] 2 AR kol o3t Hlojel o] a3
S 9fRk A A7 e] A58t S 918l Python 7]4E]
gho|Bajz|e} 7Rk FA R L EAAE B-85}o] 49
RFgAR S0 A1 715 uho] ZLEAN| 2 A7) o} 7l
Fob kS etk

FSpldel DL s Softe] Sarol ol ek
E3) 2o thast gAlEsE 1l H2ur) Yo|w ) =
2Ju|#] Bsk(semantic segmentation) W T2} FH5E EﬁH]Z‘]
oF¢l GAto|dl(scene understanding) 5 ¢17Fe] Q125 LS =
st Ate WAslar gltk(Tokarczyk et al., 2015). ] Lyo}
7} ALS] 28 Hokol ZFeul A Ao} ) 7]5-2 Saret
22 0) B3 AIAY mElS Aulale] QAo BHE] AFSFS o
|8}l A3} image captioning(FE+= scene description)s™
TR FRE AL Qlom, o] & fleliil= A5 Q1Alo]| &5k 7
o] o]u) 4 Hato] w4 Ao|ch(Shaikh, 2018; You ef al., 2016;
Xu et al., 2015). EZF 7 Fofoll A= 2D /ol ofEst
£ AIRHAR] a5 Hgol| A 3D 37 dlolE] (RGB-D : Red
Green Blue - Depth) ©j|o]E]: 338+ 5 AN} depth AR 2 A%
do|€], LiDAR (Light Detection and Ranging) d]°]€|, DSM
)2 B3lA 0 @ 5123} 2= 9l DL g sfke] Tat A5}
HZAK o7 Y| QIth(Campos-Taberner et al., 2016, Vo
et al.,2016).

3219l DL ¢4-2+=, Marmanis ef al. (2016)-> Long, et
al. 2015)0] o) BAM o= A g A% 24 CNN (deep
FCN)E 7dto g &AW thgtof 4] 7jikst VGG (Visual
Geometry Group) - 16 222 2|4l &AM} DSMS- 1
435)0] 3Zej Akl ou)d BRE 4=3)3}9t) Hazirbas ef al.
(2016) ol A A3t depth A H9}F S 56HA Fdw
&S ¢J5k DL 242l FuseNet2 A|Qt5FATh Audebert et al.
(2018)2 FFE flal Lol et ot ok
2 Y e EAE o]-83F A A 4(NDVD@}F LIDAR
tlojE= *3*3‘55& gtet A D nDSM)S DL & 3}
52 Y3t o5 AlE AW (multi-modal deep network)-2- A
oFs}Sict —‘58] CNN7|HE] SegNet HEl 2 SH5A]7]= early
fusion ¥ 1} ResNet (Residual Neural Network) &l 2 dh<%

A]7]7)%= late fusion WL B 1 EA51Tk
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ISPRS (International Society ofr Photogrammetry and Remote
Sensing)->- 2018'd DL S8 50f| ARISat AAHALS 4
©.2 BV Hope] A DL Bt tlpo] =58
917k} Kemker et al. (20182 THE B A MSI) ] H-57
£ 913F CNN Zdl-&- A|Qtsk4l o, synthetic MSIE A8/d 510
848 5ot A1) APdSHs 2(pre-trained modelo] 4
A MSIZ QJeiat i3 Znle] JSHms wajsloick Ax] Ar
OB oG53 TSI oAl synthetic F/JO.2 52 )
=0 2 ko] a7k Tiee] 94} 8153} annotation
tlolElE eAl S 4= lom, ok Al A S =Y &
kAl AASEL ATt Paoletti ef al. (2018)-2 MSIECH W=7}
2R B2 2oARE Gt ERE 913 3D ONN 222 7))
HFsto] F7H oAb B SAlol =38kt

CNN2 2 Gt 2 AA|1Aof| Z-8-=]A]9k, Wang
et al. (2018)2 HAGAY] registrationS 93+ FAASH
(image matching)2 =343 4= Qli= CNN 2elZ A9kl o
], GAPIGlo| Wo] AF83}= SIFT (Scale Invariant Feature
Transform)o]] &gt Ao} Ao S v|w 24515t} Zhang
et al. (2018)% o] 0|25 A M-S FIAIPI]
Qg =20 2 CNN 2dl8 283519 0w, Xing ef al. (2018)
2 MSI9] A EE FAFAZ] pan-sharpening FAHS AAI517]
$Jt DL 2229l DML (Deep Metric Learning)-2 A|QF5FC

WS h QLR Kang ef al. (018)& AellA] &)
T =AA] ] street view GO 2EE e T 2 7
(OFuE, 8], 8, 37, 4918 78 D Ak B
% Gl P AISH ol Sisl A3 DL male 7]
of 7=l CNN 2dle] AlexNet, VGG-16 2 ResNet-2- A5}
o, VGG-16 o] Feh= 7} o= 422 AAsk:

E3] Deng et al. (20182 £ = Foj 4] 2185} Mask R-CNN
o] F7bo] H= 7Nk CNN (R-CNN)S o]-&sto] th:
23 oA WA DA ATLE Sakick 1 9o
ASRPS (American Society for Photogrammetry and Remote
Sensing)ol] W3 ¥]= DL =1t A&2 0 2 Z7slal otk &
3] IEEE (Institute of Electrical and Electronics Engineers)2]
AL ZFEEI, QA A4EAL sAlEY H ShaAl
5 5 DLHel Bahransaction)oll 4 el = E-L Hofr}
sk oS S Qlok B AtollA] AlAsh= Hhet
FdE o8t R A 2Ee CNNE Hej=2
Ao, FFof= FHE ofuzt thefRt AR Hlol
o] £:57} 8 ook Wk,

L
=
Pt UsHe BAS 412 4 9l 29| DL Bl

r

WSl SHEA171AL S8 Hleiale W Bt AR 3
eefo] e, ofe] AJRYRLeE A Aok jitk e B R AP
Sh& el (pre-trained model) 2] Z 0|8k (transfer learning)2
] F=F8laLA} 8= AAHE ¥ o UvhH, DL ghga
& 37 SHE Ao, T2 22 Ale] HHs A
Jo}. 224t S50l A& HlolEl2} A glofE Atol
g H 52 EA4o] githd, Al 220 A9k AP
Bl S 283 4= QML Yt Aihs BAEA] oheth
& ZA9] ofu|A Zeh gAE 917t CNN 7]k
74T S04 2017\ d0]] FAIR (Facebook Al Research)2]
He et al. (2017)] 2J3}) 7eHs] Mask R-CNNE o]-&3}o] A
EEAANE EA515L) 05 98] https:/www.crowdai.org/
challenges/mapping-challenge/dataset_filesol|l 4] A|55l= A}
ks WS AFEST sk DL malolH Skl A
St ool 715k81 Wstel 3 wskE MAI7A] DL Al

o] 53k FAS RS B3 DLY| % B0l
B9 AL GAA7| 3 A5 PS] $-§-ofoll DLS

AR 02 B5l] $I5 thEAA PolEE BaH o of
e
[e]

5t 4= Q= FS AHehe: Aekstick
2. ANNZ} DL

ANN 7I'g-2 2308 7F g E7] o] 791 19401 Zof AIQHE
o) Wriat A1 AR FE 45 9 LT Edole] 3
A wpah AREA V)40 B HHO R Al A Slat
DLo Tt gh& <ie} sipo] ki) Aael s ek 2
o= AP Fofoll A e Q1541743 DL Tk A+t-5o|
Y2 )37 QIth(Audebert et al., 2018; Ball et al., 2017, Campos-
Taberner et al., 2016, Marmanis et al., 2016).

DLZ ¢J3F ANN &l 7jh-2- 9]&}| A]<= architecture 2242+
sh714 5 2 A Aol A7 TEiE ARk oz 5t
%53} 7120l Bast el dole] 5 sk salo] B
& o8] hyper-parameter=2] 2-&(tuning) 52 2ol @2 Al
3} 743lo] 275tk o]} o] DLe| -2 IS Ho
st clabeh 08 £A5S olgald Side 4 ok DL
ol 714 2513 of2l e 3] T P1at chaket ool
o AFED YOr2 54 BHo] HlEs 7lE A S
customizedt 4= o} JEE toolS2] AAT) I =] 9lo]
DL&| 3t} gHg-o] -golsith 53] 2& 4291 Python 7]RE
O 2 s o] Al]t glo] ARk 4= Qltk. Python 2fo]He|e]
2 A F=+= t]3#2]Q] DL tool-2 Keras, PyTorch, TensorFlow,
Theano, Caffe-2 5¢] 1th(Ball et al., 2017).
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21 &4& ANN (CNN)

Mask R-CNN-2 440 oJu|d &3 257, AAEA] 9 <l
218 93 ZlkEl DL Rdlo]ck(Krizhevsky, 2012). UHE2I¢]
ANNL- A A Z(FCL: Fully Connected Layer) 0.2 -4
Elo] 1214 Feje] glofelTt Ygo] 7Haslrh(Fig. 1 7). ¥
Hol| G/ Ao 1A Hof Aol Ak dh7|gle = o]
FojA 32+ wjGol = 2 JAFS FCLo|| YJeisteH 13}Ye
2 HIA|F o} BT} o] A TR T} SAIE|e] gAto mx
H YR8 BESHA ER S 255 4= glon g FF20| H|E
SFolct. o] BAE a1 A5k A3l A2 57 EAS &+
A3k A &2 ghg5o] 7Hagk CNNo| A= $Ich(Simard et al,
2003).

TN
| Forward propagabon
(inference) [~LOutput l.

Loss function

Input Layer

Hidden layers

Fig. 1. Learning process in general ANN

2 28170 212) 2ol
7H qlom, e asa s TS %’%‘H T A7E 23
wo} ol Also] JAE A 2-S A HElSo] ILSVRCS}:
2 A7 3jollA] rEE] T QJtk(Russakovsky ef al.,
2015; Pang et al., 2018). 1989H]| LeCun et al., (1989)f 2]3]]
SHAT QX o & de] defrl 222 A-83HE CNN HEigl
LeNeto] 7ar]9ich, LeNet mele. gHa3t Q14HS 2-astol 5
AJwl(feature map)-= A3 3}+= “convolution ' (YRF ANNS| 2
Yol S, SAUS HE 202 WSS Shat actvation

2, HlolEl 27|& 0171 #1381 “pooling T7O 2 FLAJH T 71
21 £8= HE 2 FCLE TLAE]9] class scoreS A|Al5}o]
pooling pooling Class  Class Score
activation activation - label  (probability
convolution convolution
14 111
S R
= “E .
o m X Class A —s Py
. ™
mput | | N égir s T4 AR *
image _Hg..- §=;_ 4
== “@e 2 =3 .
= 1= =
T SR
Coavalinten Wagirs Fully connecsed leyer  Classification

Fig. 2. Architecture of generic CNN model
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A& B3k oo CNN 252 LeNet®] o}7]E]A]

el Fhek CNNEJ o7 |8)A = Fig. 201 4] Hoseat gk,
CNN& H5te 559 A4 A8t 71s-2 ot

2tk

(D Convolution(3H35) = Yeid JA}
Iy st 5

AYJ3He). Convolution QAR AFx]E]of| A AL-&-5}

I 2 Eq. ()& AH&3h:

A
ZH
=1
=

ZE|(*E+= kernel)

]| convolutionS

—1 k-1

(I®w),]*2 ZZ Wi n,e ®

m=0n=0c=

1+m jt+mn, c) (1)

where / and w are input image and filter, respectively. i and
j are image size, and k; and k; are filter size, and C denotes
number of channel (or band) of the input image.

CNN2J ZE]A 4= (filter coefficient)= LWF ANNL] 7}5=X]o]]
SE]o, ek o 2 Ry|ghe SR Hofsla STy
ol 4] R0 2 ro]E Fth Convolutiong 4=3)51H Fig.
3 Qe dlEe oA Bl Avle) vl set
50| 24slo] SRS 277} Aopnz ey
Fo- 718 RAEH) o) A4 HUES 002 A

zero padding S ~ag 51t}

Jhn

fr & oo
m\l

5
=)
(=)

Wi3

iml i—nz irrn o o e o

Filter

Input image Feature map

convolytion

Fig. 3. Zero padding

@ Activation(Z/d3}) - 329 I EPE %EEH
3+ 3} = A gEh4=(activation =t =
slo] EAW O] RS £2e 24T FHI S ‘11‘&3}‘11, A
L 233} AHLo| the 20 2 HG3it) A= AlAT o] AFE

Fig. 4. ReLU function
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Sl=EAlg S e H]Aiz‘sﬂo]o-]o}: sy, 7701 A3} sk
+ sigmoid (logistic function), tanh (hyperbolic tangent), ReLU
(Rectified Linear Unit) 5 o]c}. tfj2.9] CNN 2dlof A= Fig.
49} 2R3 RelU o5 AE-31H Eq. Q)2 E3E T

¢(z) =max(0, z) ¥)]

where z is input value, and ¢ (z) is activation function.

® Pooling & EAMO] 37|15 &Fol= ZOo 24 277} 2}
OFA|H, @32 G| §Ao] & H2E 1 o] a&F o,
DL} 2A132] 2 Hoverfitting)& 2 <= 3= 3do] 3l
Tk Fig. SoflA] Hof= ZIA tif22] CNNojjAf=2x2 =17]
Eshte] holz EmS Batsla, vt o Wisko 2 2 R2a)
A gL 2 A o) F 3}?1 A& stride=2) & Fof] &3
47l 9] = dof| sl <t ghaverage), 2|k (max) F= 845
O] Alo] Fofl thgt Zﬂ wrH(L2-norm)S- 8= o] qict
(Eq. (3), Eq. @) and Eq. (5)). Pooling2- 7} 525 118{3A] ko
™, Z& max pooling WS AR-8-5ich

average pooling: avg(fij) € Ry ©)]
max pooling: max(fij) € Ry @
L2-norm pooling: sqrt(Yfi?) € Ry Q)

where f; denotes each element of feature map, and Ry
represents partitioned region where corresponding feature

elements belong to.

Pooling size: (2x2)

—p Stride: 2

max max
(a) | by

=

max pooling ""‘:‘J" ?‘:’“

Pocling image

Stnde: 2 |

e p—

Feature map

Fig. 5. Resizing feature map by max pooling

@ Fully connected Z(FCL): Pooling S04 & &84 4k
S 25 SHAEE 7)Y e 84T AR ddE
QAT FE2A FCL 302 Y 4t H5A1E Tt
of At ghe 2 e & Z42he) S0 it 2-E)
2 558 S

CNN =Rdlo] 220l EAS convolution 29| 4=, g

o] &= gl 7], @43} ko
of uijE Fefell SJsiA AE ek B3t U 29 4l
W mUE 5t glolE|e] 4} ok 438o] elE hyper-
parameter(backpropagation ¥, epoch, iteration, S+&5E
5ol wh=t @4—“%2 = ek FZols v l PR
A5 ololol = ERE ARo] 913 W /1A B 5 of
wae] 7k S A8t gl
whe} ol HEehs Adskr] Sl
73 G olQlofl A Szl o
new, unseen or future image)= Al
b 2318 Prhste] WeHE B

ZE UI poolmg H]—N—r __.__

o

J
o

rl:
on F
=)
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ne
ol-

B
lm i
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o
olN
> ]
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N
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52
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E
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™
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=)
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1o

Z
o
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=
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[
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x
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%1« o
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Kl
o=
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kd

Ir
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pricd
ku r
dr of
3
T
=
é
il
1o
4o
2
I
Ir
of
2
Dl
i)
ox
ﬂ
Ir

N
ﬂllo K

=l
o
N
rlr [%.
N
o 4o
Codn &
N
Nk
32
lo e
e
N o
olr 03
o
o
5
lo
%
s
o
i
rr
Jw

® Sliding window: Z4A|7} ZAE 4= Q= B E T 7)o 2hA
J<(search window)-S A5}l % Ao tfa] B+
23l HhA 0 2 EbAlElof 3 o
A4Io] o] 225701 M & Holc]
® Region proposal: H]|E8-24]9] sliding window
g o2, mE TAle] dhel Sk 9 A
At 7HsAo] & Aelo] thallA] Bah WAl o 24
A5 48 A S Sl
FIs) 4 AN ALor ik v
sliding window A2 QA FAFo| A F-oH K (conjugate point)
2 Ao 2 g ¢ nE HAS A0 7 It
oA T ol cearch windowy 2] 301714 S RHarea
based image matching) W} -F-AFSIC} ESE region proposal
HERLO ol Atof| A iAo H 7hsAo] =& Y =

ﬂl

Eo|H(interest points), = -FHd T 1 ZA(candidate pixel) 2
Zo1L BE Ao A851x] il SR AdlofAnt G4
H& 35k T ALSITHSchenk, 1999).

R-CNN-2- 2013U0]] Girshick7} %S Ajokselon], 20154
]| “Fast R-CNN”, 3} 2015¢9]] “Faster R-CNN"S & ¥4 ]

%w

o
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of %o} 5ol FAEIlck
71 BRe] BAES 2

R-CNNo| 7]
B2} Ao} B
ThsotEs FAEU

o
of K
N
N
o
N
ri
rO
[\
S
3
[
2
rr

2 o

Lo
r{l‘ >
12 F{%
Ho o
BE
2T}
m (
£y
i ox
w &
= J:‘zﬁ
=

)
X oo

2.21 R-CNN

FEolA AAES st FEdhe S ©ed] @
&& EF0he R dol=7F =t R-CNN2 2013
FAIROJIA] 7idstsl o, AA)7F 24 7Hedo] =
AA3517] $J3} region proposal(FE+= bounding box) B
8131 9lck 2 27} At delol ALzES §As
& Agata glov], ol Qelg Blaly] glsA Asx g
(selective search) ¥a12]Z0| A|QF=E]QItHGirshick et al., 2016).

Selective search= GAre] Mz 9l 8H7|7F = EAJo] SA}
3 A WASE 2B Wolck ol 78] A
3 719 % alutel efel % region growing) 7} |43t Aol
t}. Selective search 23}-E CNN i@lof| 153} ) A-8-gH
CNN &&-2- 20124 ILSVRCO|A $-53F AlexNetol| 7|55t
Al wElo|ch(Krizhevsk, 2015; Garcia-Garcia, et al., 2017)
ofw, 2AA|7} EASt= L UE= bounding box2] 917
HEHEE A1) el AR S

=2

of
218w
o o

E r
&
oX of

e dle

2
=

2.2.2 Fast R—-CNN

20159 Microsofto]| 4] 723l Fast R-CNN2- 2 dlo] o] 20]
ofnjaiz 2% 71 RCNNS| 3 418 F4HAIZ] 2elo]
o} Bkl Al7bo) ol 4R EE shew WIS Bit
alo] 20} HBHES TP o] Sla) R-CNNoJA 74
A7E EABH= 99Q] H= bounding boxE 2] sl
she stro) HlER A sl s Aok 2
ot} A= A7 Y122 ZAAE ol P/ bounding boxs>
AXE 4= Qe ]9} Zo] FE5 bounding boxE-S 7iEZ|
0 7 5A)7]= tjAlef RolPool (Region of Interest Pooling)
71H& =9J5}19] bounding box AH-E el Qsle] A
) S4vozie oY oele FEske] poolingdh WY
olct. 1 E 2 Fast R-CNN-2 CNN, classifier?} bounding
box regressorE: THe] Y2922 743k S5 815 A oint
training framework)©]c}. o] =22 bounding boxE =dlof ¢
25h= RONN e} shsoll 4 REH= AZHS TS 4 ol
A8 o] QITH(Girshick, 2015).

ERF R-CNN}| oh2 2 ARs]] % diilel 25 =

230l softmax ¢h=5 wiA[ste] S EFshedl A
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Skl Qltf. softmax ¥+ Eq. (6)o-= FHEW, |43k
(exponential function)E A5t JHES Hfstele] &
232 & normalized exponential functiono|2}al = Stc}, ¢
2 2h2 03} 1Abo]9] gho 2 HSHE ATFShEIT Zeigse
0] 10] =8 5} F4o]ch 53] softmax Feo] ofzt 4
THBH Softmax"= "ZfgES sfahey el ejo)xj Seky
Q1 oy A A5 A ASHA] gholte o 59 FaFS Al
7= 7ol qick

K 5 B (6)
Me
where z is input value, and K denotes number of inputs.

2.2.3 Faster R—-CNN

Faster R-CNN-& Fast R-CNN9] &= 3FAMA7]7] Q3]
AlQkelk w2 4] 2015F0]| Microsoftofl A 7Hiket o 32421
e Q17 Azholck o1 mee) Fast R-CNNOA] A}
&3} bounding box 4141 e AI7bo] Wo] £RE|H of
£ 70418k ®F24121 RPN (Region Proposal Network)2- @l U
3ol ERole] SR8 BS AN AT 27
3 AAEA 7H5 A AR Qe )R A 0 % FOL 7%
= 7103 9l RPNE) 94 €Jghe il Alztae) 7)
A 8] A& FA]3}+= bounding box?] region proposal(*E+=
anchor box)2] $13|} 24| ZAJo] that %91 Hofsto] of
W ofelo] 27} EAJet SHgo] £oA AYTT = RPN
< sliding window & 4785}0] B4 A& o SAIZIHA A
A7t 2L 7HsAdo] =2 91X, & bounding box7} A8/4dE
$-H 2o anchor boxs & eIt QoFA o 2 s,
convolution®] 2J3]] A% EAI] sliding windowS 2]
3o anchor X9 HEE F4 0 2 oJ8] 3719 bounding
boxE 2751l Z12}2] bounding boxel th3) -4 = 91E Al
AVSITHRen et al., 2017).

T1# 2 2 Faster R-CNN 2 @loj| A= anchor®] &jglto] ufj-$-
Faelth, et o] mile] AHS YAF Ei 54 ohal 7]
eh|=E A4 Bt glom, Bele) 27)% WA oot
% 5u 2 B40|c) Fig 694] Hojl 2AE 374 2]
(128x128, 256x256 ! 512x512)9} 37]12] H]-&(1:1, 2:1 2! 1:2)2]
anchor boxE-2 AFAe] A2Jstar & 97119 anchor boxE-2 4
L35}+o] AAS TS Fig. 72 anchor box A& HojFEal

sk
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Fig. 6. Anchor boxes for object detection
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Fig. 7. Demonstration of nine possible anchor boxes

2.2.4 Mask R—-CNN

Mask R-CNN-2 20170 Facebook Al Bo] 7ut3t DL
mElR A 23 P/dS maskingsh= ®Ho] 4olar, o
Al S 7] £2sl7] 918l Faster R-CNNS 2H 7l
Ak melolt), % A E BAjste] ARe] Jele Holah
bounding box®] ¢JZ|# oz} bounding boxtfel] EA|5}
= 28 B 27 Jekepl Zgals Ho] BHolt
Mask R-CNNE] 7l S} eAl Aflsehe 2]
spbo 2 Rjokel melof), o] mEle] Faster R-CNNOJ A
Z} 55 ZWA|of] i3] class labeld} bounding box& &Z31A]
9k Mask R-CNN-2 object maskS A/435}1= 214 0] 715
SIth(He et al., 2017).

Object maskof| 4] &&= ZH2 class?} bounding boxo|H
O] & 53}l Fast R-CNNX:T} Husal 214 9] §-2ho] F&5h=
A5FS str) 182 2 Fast R-CNNI} Faster R-CNNoj| A= 4=
st ZHE WA TS 2L A Bk o] 919
Mask R-CNNofli= Z}7te] #}o] 2i7o] sfekol x| Tt
S binary mask S A415Hs TH4jo] #7hEig o, m 4] 4
a3t YR & £E317] 98] RolAlignE A5+t RolAlign
L Fast R-CNN2] RolPool 7|HH-2- 7| A15}ke] o] $)x]of ¥
ASHE 2718 2D MR EIIEE A g ato] 271 7ol

Ch(Parthasarathy, 2017). Fig. 82 Mask R-CNN 2@9] L2 &
H0j31 ek

=1

| Output Instance segmentation

Fig. 8. Mask R-CNN model architecture

0]9} Zro] CNN-& R-CNN, Fast R-CNN, Faster R-CNN 1
2]31 Mask R-CNN©. 2 ZI5lo} A Fig. 9of|4] Hojqs= ofA]
A9 Thee GRSl AA D ©A, Jn)A e e g
0 o) TS SASHEA A A T 4 o)
+ A= ddstar glck

GRASS,
TREE, SKY

(Source:cseweb.ucsd.edu/classes/sp18/cse252C-a/CSE252C
_20180509.pdf)
Fig. 9. Progress of CNN: From object detection to instance
segmentation
3. Al
& 5= Python Keras #fo|Hefe]E 7Hko= 4
Mask R-CNN =&} 850l ARgRE /ol thefel #ishs 2
AAA a2 FE0I St 3t dlolEol thet #bAl
3t Y-8-2 “Mapping Challenge: Building Missing Maps with

T i

Machine Learning” (www.crowdai.org/challenges/ mapping-
challenge)ol] Ao 910w, B 1At A8 Q14T
o] 3EA|SF annotation ©l|0]E](label B|0]E] == ground truth) S
ABSHaL Qe (Fig. 10 32). 8Hs Hlo]e] 41300 x 300
9] 280,7417112] RGB 4kt o]of t)-2-5}+= annotation & 2 -
gElo] Qlom, A8 G B2 3] 6031771 AR
3oL 9Ick. Annotation Hoeli= 2], ek 9 ool
= £]3t captioningS F&F}7| ) F=3t wfo]A R AT
E 9] glo]g Aol COCO (Common Object in Context) P12
A8 9lek
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(b) Annotation data
Fig. 10. Examples of RGB image and corresponding

annotation data

g oA st

Fg L8 1S 7 A T3
=

O] PAkE HojFeal glom, ESF shyofl o] b2 M=
A9 grdellA e FRsIlTh Aol E9E I
ofe] AAE0] A=} AU Floll Sl AAl= ol =4
Xﬂ°ﬂ Ofaf) F&2 0 7 FAe]= o7t WA, 3P 0]
Q7 EET] E35] dUAAIS A (true orthoimage)S A&
N e P R
ot ArhE A 5 9l Aol Ak
cherg gelo] Aol BE 7K IAS AHgstol 4%
& saslglon], e 27102 AR IS0 sk
Ax 2okE RAstch 94 27 9 ke WA, 4 B
(partition) 2} 812417} 22 7|5}t wish& ojon, et 812

of wiskE WAAI17) $13) ) 9 o

ZH] ¥}, 942 RGB
v geA] g AR ok EEe] o] 25 H7tete] 2 3%
ol tiet BaHE Akt ofet o] G4kl wigt a4rt 2
ol mA= FEFa FAsh= 22 DL K] Al=1gat W8
el Ta AR E B8 5 glow AR B Y
ATl Lol & A& AAE 4= At
VS AT B Fig. 120014 KojF== 2™ 1l A
4 RRo] sl ek oo} e el B et
W, H A BE AR olAE 4= 9)o v FREH] Ao
A G Hg5te] Wl A empty pixel)o] TAYSHA] ofe s

A4 Apeieke el 7] 919}

476

_L
rle
vl
!
é
L
o_>|:.
i mlo
ui

USEX|

BRI 2 QA7 7)) W
$42 coret 2wl B4}

& 7]8t5rA el 5
Hejeict. gxE A

URkA 0 2 358 dlo|E|(validation data) %! /\l?‘é‘% gjo]E
"é



Evaluation of Building Detection from Aerial Images Using Region-based Convolutional Neural Network for Deep Learning

(a) Original (b) Reduction

ey

() 90° rotation

Fig. 14. Building detection with geometrically transformed images

(c) Enlargement (d) Partition

(f) 45" rotation w/o padding (g) 45° rotation with padding
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(i) Residential houses (ii) Apartments

(@) Residential area (Seoul, Korea)
Area A

. . . Area B
(b) Residential area (Ocean City, MD)

(C) Urban area (Ocean City, MD)
Fig. 16. Building detection from unseen images
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