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A Study on the Development of Coastline Extraction
and Monitoring System Using KOMPSAT-3 Imagery Based

on Machine Learning

Gu, Bon Yup

Department of Ocean Energy and Resources Engineering
Graduate School of Maritime Industry

of Korea Maritime and Ocean University

Abstract

This paper describes the development of a shoreline extraction and
change monitoring system aimed at providing coastal-environment

information using high-resolution KOMPSAT series satellite images.

For the satellite-image-based shoreline automatic extraction, the
machine-learning-based object extraction algorithm was developed, and to
utilize the developed algorithm for services, the OpenCV-based monitoring
system was developed. In addition, to verify the accuracy of the extracted
shoreline information, the reliability of the developed algorithm was
verified by comparing the proposed system with the existing diverse image
object extraction methods and manually digitized results. First, to develop
the high-resolution-image-based shoreline automatic extraction algorithm,

the artificial-neural-network-(ANN)-based machine learning technique was

_ix_
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used. For the application of this technique, training sample data extracted
in advance from KOMPSAT images were created, and the clustering
technology was applied to the data. The water and land were divided into
binary categories to extract vector-format shorelines. Thus, data with more
precise accuracy compared to the existing NDVI-based shoreline data
extraction technique can be extracted, and the final vector-format data
were calculated, making it possible to maximize their use as quantitative
data. That is, the final output was calculated in terms of the type of
standardized data in the geographical information category, thus securing
the diverse uses of the analysis results. In addition, to develop a
monitoring system for its effective utilization, instead of using the existing
commercial software, an  OpenCV-based system was implemented for
extracting, comparing, and analyzing shoreline data. As a result, the system
can be used in diverse platform environments, and in particular, the
multiple-time image-based data comparison and analysis function makes it
possible to conduct quantitative analysis and to monitor shoreline change
trends. Thus, the system is believed to be usable as an effective tool for
analyzing coastal- environment changes. Coastal-environment changes occur
more slowly and are wider in scope compared to land environment and
weather changes, making it difficult to define their occurrence time as
well as to quantify the coastal damage, if any. The main purpose of
analyzing the satellite-image-based global observation information is to
monitor the change trends from the macro perspective. Given this purpose,
the proposed shoreline data extraction algorithm and the monitoring system
using such algorithm are deemed to be suitable as tools for analyzing the
coastal-environment change data.

KEY WORDS: Machine Learning, KOMPSAT-3 Imagery, Monitoring System,

Coastline Extraction
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Fig. 1 Plural segmenfs (left) created by applying mean-shift segmentation
to satellite images (right) (Di et al., 2003)
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Fig. 3 Outcome (right) of the application of the aerial photo (left)
and mean-shift segmentation (Liu et al., 2009)
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Fig. 4 Edges extracted using the edge extraction technique (Liu et al., 2009)
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Fig. 5 Process of determining the shoreline height based on LiDAR DSM
using the slope-based method (Choung, 2009; Liu et al., 2009)
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using the mean-shift segmentation technology (Lee, 2012)
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Fig. 8 3D shoreline based on satellite images and aerial LiDR data obtained
using the mean-shift segmentation technology (Choung et al., 2013)
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AZE A, otge A (D& o]&3ste] NDWI F74s Aot

(McFeeters, 1996; Xu, 2006).

;}Zﬂ S FEE UFoE it A= AFA=E
|

AN)

O

nj

o i

o>

Green— 2R (1)

NDWI= Green+ >R

Al (Do Al Green& Green ®MIEZE ¢on|sla, NIRES NIR(Near Infra-Red)
MEE om|dtt. Green ¥ Red MEE o] &3l AA S NDWI G4 Fig.

9ol A I & SUTh
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i — High: 1.0

Low: -0.5

Fig. 9 NDWI images produced using the green/NIR band
(Jeong Yun-jae, 2015b)

=
Aol FE= A FHH LR ofFE gl -lel

g
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3.1.2 A2 WA =(NDVIL: Normalized Difference Vegetation Index)

NDVI= A& A A ] o] &5 & AR F(vegetation index) 24 4
S FAsE TR Y A =Red band) ¢t A AW E(NIR band)E
o]-&3la] A|Ze 4 glthUensen, 2006). NDVIE ofgfe] 2] ()5 o] &3}
Azt 4= AUensen, 2006).

Band4 — Band3 )
Band4 + Band3

NDVI=

21 (2)ol A Band 32 94949 Red I=E o)msla, Band 4= A4S
9_

o] NR =S oful@th. NDVI G4re] Bae A 104 -1 Afole) e
AT, Quka o2 NDVI G464 NDVI |45 488 o] zgsis &,
So AREANAE S5 H1, vt BY SolHE 00 s &

o Ar

7HA W, =4 EA A= 1o 7}77}0 &=7F " Uensen, 2006).

!
Fig. 102 o}g]& 25(KOMPSAT-2) @49 tsid =g o83t A=t
gk NDVI g4< HoE
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% Croplands on
h Forest
9

Cropla
on pla}ﬁ \
|, areas |

wes. ’Hig:0.8
. Low:- 1
Fig. 10 NDVI images (right) produced using the multiple spectral bands
of Arirang 2 (KOMPSAT-2) satellite images (left)

(Jeong Yun-jae, 2015a)
Fig. 10914 BE& Hie} o], NDVI @34 & A9 -19 77k 32
#= 7M. EY H dE AHoAe 00 77k #s 7= ¥, =

KN
AHol A= -1oll 77k W2 @e 7Hves AAde o 5 Ao
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3.1.3 A A<E& 7]*d(Edge Detection Technique)

GdolA A (Edge)= & SAsts AA AN e &8dE 2
Rt dibH o s Gl cA” FE BII7E B2 Feld w2 @2
2, B oot ¥z Wets A EAste FES 7HEAW. A3 oA

A

T
G4 el Ade AA AAboundary)E 7HElVlE ZOREA, B
(shape), WFA(direction= AT = Ae T A8 BRI AU

(Gonzalez and Woods, 2007).

rr

durx o7 oA HE 7|H(Edge Detection Technique)2 G gl Al ol Ao
AFste A4S FHe AAolH, A AF 7IHS A Wl ot Sobel
oz FZ 7|, Prewitt o| X =% 7|H, Roberts A F= 7|H T th3t
ZIWMEol EASAT, d¥tA e g Canny oA A= 7S o] &3t IFo
ERY F=T AV M =2 BEEE AL

Canny °|# AZ 7| A U oA A= 718 5 7 5o £&

AFE vl Foke 7ZI¥olth &S 7 & Folh A B G A

=43 AdE BEE dAE Al

4 Canny oA A= 7IM<S Al o)z AAE AT 2FYH6lur) #
d= P37 o] AP FFol g HES T A 1t°l ZE AAg
t}. o] Ao A Canny Edge Detectione 7}1-$-A]¢
o AAG O AAHED) #E T3 dAE AEITE o] FAAA HES
53] A7 ZFko] A7 "ok dukstd ol A= 93] A =(ntensity)7F F

e
C)
)
[l
%
E
'1
1m
o
OFO
ol
ol

AstA Wotes FECoE AHod 4 7] "otk wekA ¢k Maximum
2 Minimum 278 & 2HE ¢ 9o dulxd o g F 7R E A Extremadt
TR

_20_

Collection @ kmou



Zo| dis) 2z vES s, I ol g f(x, y)
s %X}i 7HAl= HEE }1171 ]
g W gH(@Z7DE UEE ]
I TS 78 5 7] "Eelth 1A JJEWEP*«] ﬂal z
o 3 =

i
me Mg N

&_4
o

dth heoE PP T

tangentE o83l 4%

. =
o ZLoll Bk oA A7) B 2 8 de R TR

oh=-2 Non-maximum suppression @74 2, o]+ Local maximag 493}
Aot S-S AdEste HAAGAA oAATF olYARt HEH= B9t
th. ol BlurE 53 &% Edgeol oJsf &AYst=tl, thA] Sharpdt oA £
W3ale] Jocal Maxima: 9713 UM AE 2% AAsE Y-S 3Pdoh
O % kY U 5o WFOE oA HFre dA A o2 AEE
o BGET a7 39S u BostuA = dAno 8 wek = =
#He 7 gAo] Jud &g gale Non-Maximumo 2 FE3te] A 9=

g FAo] 71 AtkH Maximumo 2 FEE o] ox 2 A=

=

23 Double thresholding 3 AX|A H ) o] #AHL Axd3d] Fold
= wolze9t AAl JAAE FEEr] 9% FAPolnt P AL WHoEE
dA T 27HE o83t Low AR olsk= A, High dA#RES 7IEo=
T8k ol Atk o] A S AX W™ High o3¢ Z(AA olA)et Low
o} High Apele] gko] &Al vk ofzf 1o 55 HH A3 Mo A&
High °]3t2 E&A3E o x|oj, gk 34 H-2 High o] do=z g3k o
Al o]t

Ao & Lowel High Abelo] gholl tis] kAl AA| oAR A=sE F
B3 vwsty RS Bgaith gukr oz o] HAoA] AA x| AA
o] oA ¥ oAE A#Ao] HolXtta Adste wol2E EF3HA
AAZT AZdo] HAYE cA = AAl dA=Z HEHC. Canny oA HE

rl

_2‘]_

Collection @ kmou



71E ol &3ty BT Yo BRRE FEI oA 2F2 A= Fig 119

Fig. 11 Edge group (right) extracted from a high-resolution image (left)
using the Canny edge detector (Choung, 2015)

Fig. 11014 RE mle} Zo], Canny oA AZE7]E o] &3] uafA=
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3.1.4 ©|A3} 7] Y(Thresholding Technique)

A 14 o]W3HGlobal fixed thresholding)s UAHS AFo g AAHs}
7] 938 7Mooz o]2Ao g o]l wWE B (dassification) S 01%
oS H2FANAFE UAFS optimal thresholdetx HEY. =
StUE IASIAS W ARG ofF& A H&H o]RG ‘%‘J% oA
A A Z+& optimal thresholdg}al dhc}. 3FA| 9 o]
, Aol A dAZRS Tk WS A s
gk TRt ARl d=dH, 7HE AE AR WHoE Otzw’
method”} SITHN. Otsu, 1979). Otsue] o]z s} WHLS AA

o] JAESE F Y22 EFSIGEES W T ZFY¥2 19 intra-calss
o
=

Ol
flo
i
b
&
Tﬁ
r[r

varianceE #H 43} = HU S st dAIGS &= ol s ot
A FAAA YARET ofF JAEL] HES o, W] HIFES ],
BAS 512, olRgp e FJAESo] HIES g, B HAE x2, EAES

22 2+ 3t W intra class 4k3} inter class #4He 27 o] 4] (3)

o] g5he] A4t

o <

ntra class variance = ac 12+ fa22 3)
intra class variance = a3 (,u = ,u2)2

Intra class variance®] &4 3}9} Inter class varianceE Hu3} Al7]= AL
FY3A T Inter class varianceE Hust A7)+ Zo] &&Folth. =, Ostu
o] olxl3} daElFe dAZS 0FE 25571A vpH 7t 2 (3)o] HuslH

PAZE St & olXErt = A97F Atk 8 Folo] A SHE <
2 o, 2Ho® QI3 Zpol7} 1 ofojt} o] 7% 3shuke] threshold
HOog oyt EvlestH A A nity & thresholdE AH&sh= 7HH
thresholding 71¥eo] Heslth o]lz3k Wy F syrt A 71H o]z 3}
(Locally adaptive thresholding) 71'*H o]t} o] WH-& PH ZALE o] &3t
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zrol| o3 HrlE AASY. I AR 2EIRY E2U 25 B 3
=y

o]+ global thresholdingx® R < JATH A8 F4 #A-o| A= local
adaptive thresholdinge] A8 Zeoltt. 18y o 4 of] A
Ao Br|E AR Hwo A4ae 63 AL threshold 3

2
913, o threshold H ol thal ol7sE +AF Ao AN + vk

T_EL

o] ¢Jo| = Hysteresis thresholding 7I® o] ATt o] 7IHS AAGe] 25
7 ws W, 7 A ghol Aolrt gledE Bt o3t Al
o0& S22 ERE o A&t oIt o3t 2R/ E ﬁii}ﬁ}ﬂ <
H ke F=x3sh= A oty Canny edgegl= AZE7]
A A hysteresis thresholdingS S8 FA o] oz o}
gt o] WS o] oA HE HAoA EFAG HAo] Yo A,

9 Zae) X B4 B ARHE Aol

ol ol] FFoR Q) ntEA ERFHA v Aert doh 189S
FeS AAGY] 93] AFgstE WA g 7]W o2, Gaussian Filteringo] lth.
Gaussian Filtering& <34+¢] = st 7&8 < Qe A BR
= 5
zketr] wEel A
™ol &= Mean Filter
Aol A Aol 7} ot

=
=
PR BEE 43 @
olo

£
B
=

ZA 9, Gaussian 3o w=

sl B3 %79 Aol AXNT AANCZA, AHGEE ol gl
S FESHE 16 ALY 0 oA AW AL T o fE
A8 Eolth. 4 HY Y] BFWCSE ol §ake] AZT NDWI Ex

NDVI 9o 25H sitde FEstaia & A4 15394 54 J4 1

9] Inter-class ¥ Intra-class® varianceE o]&3ste F Al 15E 2%

oot o
r_}[_‘

ol
i

= AAE %, ol Ao E BFoE 4 Ut Choung and Jo(2015)+=
A% o3t 71 o &5 Landsat A4S o 85k Az NDWI 94
— 24 —
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19" 33'E 1257 34 E

1% 33E 129° 34 E 125° 334E 120° 3¥E 129" 3VE 129° WE

- [ water

I : land
Fig. 12 Shoreline data extracted from NDWI images using the binarization
technique (Jeong Yun-jae, 2015b (bottom); Choung & Jo, 2015 (top))

nheh o] ol1g} FME o 8T A5 A FOEHY
W EHolgs AN & 4 itk ey NDVINDWI
24 2F% 54 FA 25 BA @ oFoz Ad oxg

N
T
[o

4 olgstel B 4 1§ 54 FU IFS 25E F 5 e A
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3.1.5 HAIE Y (71 A E<5) 71 Machine Learning Technique)
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HAZ Y AFA Y T Eok=z, HAFEHI}F g5 F UEF st &
s 2 7les MEsts Eoks Yrlsiy, Aol ot HAE S
(Unsupervised clustering)® A% &<(Supervised clustering) W}Ho = 1
o Ax=gES mlE Abgo] it 94 dHolE o AMERHS 3 F, 1
st Aotk BIAE g2 AEE HAHol fle 7IHeE A Ji]dol
Ro-= WMAFA Fthe Aol AN, ANE AXSFo]| Hls| LF/It
Boe= dHol Ao

AeY AW % k-means 28 2EYk-FF 77
o) = 2ezEe A4S kFhe Ak,
HolEl7} Bxd Bad 2H2H 02 AT Aol A4 kRS A

188 k7o —’LEVEH ZA3 A dolE A
e 2ol 2Ho

o
r 1

N,
A
N
2o
ok
= O
)
i1
fin)
o
o,
s

\d
N

oX

o

N
N
_\l

4
o
N
2

549 1 Aol aene BEAHE BGHG A WA 26
SopA | dolHse] Wage AZe Foxge FHow Fi, nxXy
o2 guHFel FYLH FA WA} Y AFoR £ WA F
AAsh A WA BAE BERL T ARGM) Ads FIes A
AFE ovldt

| 2HE 5o FPxHE AHRGETE, oF

k-means &F7|Ho
k-meansE RE73F 7]H<l ISODATA EF7IHS AL&A7F A AT F82H
o 5 Xt HAZMA F8HE K FH2EHES AT A
zZkol7b btk E82H U UF BAY A7 Ay ¥R ke d 2
H2HES BEEH, Ui AAY ofF & ST/ HolHE £t
oA 2 "o ISODATAS F#2EHE9 A AL tex 2
ol9] M4 seed pointE Zt 8] 2E 9 centroid2A =x7|3}stH, zZ+ A
of 7b& 7i7hE E212H 9 centroidol] MEZS wjAITh 18la W3
HAEQ centroidg ThAl Al4tslH, A% shfe] ME S 2EHE WA
713 REEE = 7F G E9 first partell A ¥HES] HojgrRT &
A ste GAIR Solztth E3F F22E7) § &5t ME F

_Q
o
(2
Mg 1% ¥°

l

(il

flo

rl

H

: EI:
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THO A2 o AEZS J7H Y 2EHe HrisiH, 2938 AEF 94
71%th E=3 S 2E 9 7t seed point o] 2u) o] ol Ay RHEEE S
7 ety ool W AR8E Ay, 1%A gdow ¥y A4 glo]
oS FAHg oz Jojztth F centroid 7He] A”l7} 8" F8] ¥ centroid
Atele] HA ARt AH F ZY2HE WEse AR S AL

centroidg ol &AIZITh oldd AAHS ZF vHE AAH A 3§t %Eiiﬂ

W] Ao uE REESt olF Fe]2~ElY] ) seed point o] Awt
ojsto] A}t whEol 7t Fdtd tFo AAS Fdsta, 1¥HA ¥od
oo #A Fflel 1 vy AARES FAIT FH2EY BYE 2AS)
= Jdgug*FH2H EFAAE s FY2HE 2y, gled ¢
=+ AAS st SY2H Yo AEES F JAFeE UE H, 449
UHozx FH2H9 centroidE A4tk AAE 4 centroidite] A7}
388 e 2~8 9 centorid Aol A& AgBET AU oW Ao &
H2EHE ol F Ao FELHE UFa, %A oW FEHE &
g3tA] genh vAg o o]y d o] s E&d Ho Sgvg ¥vhEHA
U w9 g8 & FeaE o] WSy dAskA] o -1
22 dom 2L seed point=2A F&] ~E S centroidE 31 AZ
Asts SAZ Eopzt).

Fosa

flo
R=)

o] AL k-meansshi 2e ALEAL BRSHIA = FH2H S
RaZE Bagol FeaHe 88 s Ay BF WX, FH2H ¢
Ael, S& b5 Ao WE 5 5 AuHE FHE 270 Fozl 2

H2E o Aol B89 JTe Bl Ushe Arel FeaHE Fuad

g 4 Anke Aol Yok

B

A% stFel Hate HAlEd 7Y T UM 9t JeE dedHe
Maximum Likelihood Classifer(MLC) 71'H-2 914 @4 EF/ol TF &ol=
=24 oln &1 e BHEE o8&t ZF FHzd g &4 2 FE
N 7 B33 G o Hags A & AdHoz Aoyl gEYS
£ B3l A7 a7 4 FH o S 2 gES ALtEHA "k 1
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= 7H¢ & #E(Likelihood, MRl BF)E 7= Szl 9445 &

gatAl ot

HHos HAEES 83 LA™Y e o&stes s HAMEES 7t
Yo 44 W HAERIAE Y 24YSoldta EdE, 9 @l %o
2 oy e S0l Aok A 2495 et 07w @s AW,
7l o)dold v5 AQ%elztar FEH. v AFHS HAdE 2de &
g 5 o= Aol Ao @A ol AT &3} B2 A=
dol /iEFolm, H W ZokollA ofF Zits] 2t thEAR] d=2s

=
Wolw el umsl T2 Wz ok

v}
ol
N
17
o
o
ofo
ob
£
K
é{l
ox
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do
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oft
o
o
A
ofd
o
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128°27'25"E 128°27'30"E 128°27'25"'E 128°27'30"E

33'55'50"N  33°5550"N

3355'45"N  33°55"45"N |
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(m) N (m)
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O O
Rock

e

Fig. 13 Analysis of land use situation by applying the machine learning
technique to high-resolution satellite images (Choung & Jo, 2017)

Fig. 13014 He npel Zo], MY 7|HS asds Aol A&
& A Axde EA olg e HRE 5 9= Mo A = F
Aol AN A7 kel xS Fetst=H vk,
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3.1.6 2Z2X "¥ YMorphological Fitlering)
stAQl BAA vigtRy FoekE HS o)
st, BE2A FEHEHLS 94 Hel EAlsts 54 AAY FHE 1A
FdA e 71HE 2ou gt} (Gonzalez and Woods, 2008).
RERA dEYS d8dde] A% vtxg J4d OF Y 23aA, o
&, WA, A3 ARE T OEFS AakEs o) &ete TR, A F
= AASIAY, FEolA AAY BEFE VEste £EE ASdEY BE
22 Y g HA2d e wel 32](Erosion), = #(Dilation), & ¥(Opening)

g 23] (Closing) A4to2 FRET

73 ZH(Dilation) A4k A
e 58 A9 27 =
EA49] £ & JAES Hote= &
S 7HE @9 dEAE g v Zon, 1) o4 AR o
Aol AT A, vtaze] 7hed Ao I s Fdste 9%

lo
H o
g
i

olE Tl € A2 FF el A= A2 AAES AAs=T £
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S FiC
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30 15
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33%55'10"N

(m) N
- i
|:| Land & i
Fig. 14 Process of extracting precise shoreline data by applying morphology
filtering to binarized images produced using high-resolution satellite images

(Choung & Jo, 2017)
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7S 7 ] AsFE dagEs MEsta ol HE3 A=H
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Extraction(ASE)& 1]+, ¢t As5E 2 EUEE Alx=q 74 AlA 2
ZEZEEY] NES A

Vectorizing 7|9t CV a5 7B 98] F4A e golBeggE 833
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Fig. 17 Clustering outline for the vectorizing (CV) algorithm

Edge A% 7]%F SED ¢agl& /MEe T3l 1494 A4E 7vteg &3 %
A& FE3F9 3 NDVI, NDWI, Otsu fAIF & s Woz 394 9
T, StaARE ol&ste EF} S FEE AT A FE2E S5
Edge A= 7IHS Tl E A8FGNA 3L B g3t 234z <
3 EEQS A HE HE 59 B 235 xFSERE o2 HE VIHE
Z83t7] A FA7HE AT ot B AFAE Ay 7R I3
71 F $EA45(NDWI ; Normalized Difference Water Index) 94 FZ3}
3 F29 I H3Z ol UAZKThreshold)g o] &3] G4 o]X3S F3P3h

E YEF 2L =4AYL AAS Edge AE 7IHES 83 Shoreline Edge
Detection(SED) ¢12l& /Lstdth. F&AT I = 714, 89 dA#%
(Threshold), @7 ©1zI3s} 7| 59 AA BAd 1HT 3% §A e =
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Thresholding
by Otsu’ method
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tgxg
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. \
N 2
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Fig. 18 Shoreline edge detection (SED) algorithm outline

CVe} SED ¢adFY @S &3 AES ¢agls /Ids 53l CV, SEDE
¢ AsFES ?‘3}9511 A F= dugES A=EHAA AT
g F A s B ATlA 7ﬂ%5&
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Fig. 20 Executlon screen of the proposed shoreline mapping prototype
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Fig. 21 Process of inputting the Arirang satellite image band in the
shoreline mapping prototype

sk sy ZZEEQol of@ YIS 4 WMEE HE dHTon
Fig. 22014 R wpel Zo] A¥E2 ofgd AP IES WA mg ==
ERjoll A gl < o

it mi ZEEERCM dHE ot F AP
ol-&ste] Azt NDVIH 1+ 8 A7) 3 NDWICH &A1) S 7] t&gi Otsu
7IMe AEst HFHoR AYT2 oy AN T2 RE oW} G
Azt Ak olst FAdelA skt AL SXE YEla, AL g4

_42_

Collection @ kmou



AL

Fig. 23 Binarized image produced from the shoreline mapping prototype
based on the inputted Arirang satellite images
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Fig. 24 Borderline detected in the shoreline mapping prototype based on
the produced binarized images
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Fig. 25 Raster-format shoreline data extracted
from the shoreline mapping prototype

Fig. 25914 Rt wieh gol, sl vy T2EEle F3) FEF o9

o \H= T =R 1__}\\__
e MusE 7HY A28 A P02 AT AT HEHOD ALY
9 ZEHde Folol o2H EAs M WE oo HtuGp o

oz WH3lsH).

- 44 -

Collection @ kmou



SPSD8ANRS

e as T

Fig. 26 Vector-format shoreline data finally extracted uéing the shoreline
mapping prototype
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Fig. 28 Process of loading Arirang satellite images from the Korean
Peninsula coastal- environment precise management integrated system
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Fig. 30 Process of expanding and reducing the test-bed area through the
mini-map of the integrated system
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Fig. 31 Process of applying the ANN technique to Arirang satellite images

based on the training sample file
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Fig. 32 Water-land cluster created by applying the ANN teéhrﬁque to
Arirang satellite images
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Fig. 33 Process of [;roducing vector-format shoreline data using the
integrated system
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Fig. 36 Vector-format shoreline shape fﬂe obtamed usmg the QGIS software
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Fig. 38 SHP comparison window loaded from the integrated system to
implement the shoreline change monitoring function
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Fig. 40 Three screens created by inputting the two shoreline data
extracted from multiple-time Arirang satellite images using
the SHP comparison window

Fig. 41 Outcome of the average travel distance of the two shoreline data
automatically calculated using the shoreline change monitoring function

B AzdoM s A% 4] A e ol &t F st B olF
AdE ALeAn. B AlzES S8 ALtE T st B ols ARe

_54_



Collection @ kmou

_55_



Al 4 7 s —’F% 2 A RYUEY A2ES 283
_]

41 A= AFE AT FAE& A AF

2 ATE Tl NEE Sk mi Al2Hle 7]
Ao aftAel AAE FEsta At W3 #A RUHPS A3 2 Al
S o] g3te] kst Ao KOMPSAT 914 %974< 7IHto g &td& =3t
nom, ARE AFS AT dags A& AHS =Nk Zolrh A
Instantaneous shoreline(&24 3l
HEk b7 AY FARE FElR

|

off
fah)
olN
o
Ho
o
v
o2
%
re
r o

o]
QFA1)3} Tide-coordinated shoreline(Z45 1L
A4S Test-bed= A A3+ ).

rf

Fig. 42 Result of the application of the shoreline extraction algorithm to
the eastern coastal areas to verify its accuracy
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