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A2 AA EE 714 L A7 5F

A1RE AA A 2 28 7le

A &2 (Object Detection)@t & (Segmentation)< FHFEl H[Z EoFo|
A AYAQ] TAZ, gt olm Ay HH oA AAE AEstal 93]S
otel & QI = Shoh(Wang X, 2016). %+ E2{d(Deep Learning) 7]&9]
HHog ol 2ol Aot aaAo] A FENLH, © Y2 AE

=
2 s BAG BEe FUSHE WY 5 oheRd wel Lot 9ot

Classification—based ~ ®#H¥}  Regression—based fos o
Classification—based ¢112]52 HA Region Proposal ©Ao|4 Region of
Interest (RODE A 5, ZF ddof thste] Convolution Neural Network
(CNN)E 5ol AA9] 575 EFocte Yotk o] Wi Hw2 Hsist
H27F 7V stARE, ZF ROy "Mk o] #HbeF Muf(forward pass)E 98
of stHz Axtgo]l =i £Lrh L9 Thglo] ok tiEAQ Rd=E+
R-CNN(Girshick et al., 2014)°] lom o]& R-CNN(Ren et al., 2015),
Faster R-CNN2 2 7J4%3lct. Regression—based ¥1E]|&S ROI & ¢
AE A=retal, gF ¥ Aito= HA| om|x|ofA A St HA S}
£ Ao AS?t izl A4t £rb w2, AAZE 2o Aetsirt o
You Only Look Once (YOLO)+= olu|A|& g Wof *fz|sto
755k stal, Single Shot MultiBox Detector (SSD)+= ThFet
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Ao tisl] el &sh= Zolth, TR £&F oln|AE FET 4 oy FHo
AAE B¢ 22 F9e=2 dAsty 2 AAE g e
Fully Convolutional Network (FCN), th# <QIZg-tiy FXE 28It
U-Net, 55t iAo F312 AlF JRE HESH= DeeplabV3+ &
AUTE WFH QIARA Foke AAE FEohs AFelo] AA gx|et H9t
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Al 2 @ Segment Anything Model (SAM)

SAM<2 2023 Meta AlofA] Hxet W8 AA 2 md=z A
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) 4 & ot JH= FAAH
ot SAM2 o5 TAOA oFe FHS] HEE3F TFIE(ambiguous
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ol olR|A2REE AAH EHFSE FEITE ViTe EHAZH(transformer)
o] Zo], &A% Y F=(hidden dimension), 1231 A mtu|g 4o w
2t ViT-B (Base), ViT-L (Large), ViT-H (Huge) o2 FEHAC}
(Dosovitskiy et al., 2020). [# 2-1]& °]& Q9Fsto] 74411]3 Ho ]E’r. ViT&
oju|zE 4H 3-7]—4 1z 2t § E

= 2E5] ok 4 qlom ZA /\P H AL
B Eﬂﬁﬁi E‘%@ T At ZRIE JIFHE AMAE et e
EE sparse = dense W2 ARESte] dHlEE =8 Spare WHol=
A, A AL A Al MR FAEE, Ha FA AR 4= oA &
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&sto] om| S WE Rttt Dense ol nhAa §F 7= A HT o=
& (convolution) A4S Sl spatial feature2 W2 o]n|z] Qu||a}
Hue Aol 5ol dAjge g oAz adE oux QT g
LE dHda ZAste] £ maa s ALY EfARY VN fx=2
W self-attention}t cross—attention HIAYSES &off oln|2|e} ZTFIZE Tt

J/detct, Eet @ mpag A

O oX

HE A9 weksty Awdt 4795 A
obd, Dynamic Mask Prediction o2 shte] TEIE ofs] o7
Mo} mpAaE FAOl Y 4 Sk ol oA ARSI SAMo| Hogh
LZEIE dis] otsHcle << 4 7] "l2eld o|#A AdSH nrA
H+= probability map T+ ©]F ufA=(binary mask) JEHZ YERITE
H AA G2t A FE2L BHoZ SAMES Fgst= v gl
5] ZP=E|1 Q. Carraro et al. (2023)2 5 EofolA SAMES &8&
sto] Botx ZE mpAgE BASH A, Mazurowski et al. (2023)& 9
g G EAfA SAMPJ dieled ZEZE Y A= Briste] =AY
oAt Yang et al. (2024)7t Giannakis et al.
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= Tt Osco et al. (2023)2 8=
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A SHAIE AASHAT, Wu and Osco (2023)= 37t dlolg AHEE 9
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(18] 2-1] SAM9] F+x
[3E 2-1] Vision Transformer (ViT) H]x
aa | A% | AT Age & | gepe e
= (Layers) | (Hidden size D) | (params) e
| e A &k
ViT-B 12 768 86M =71 A
ViT-L 24 1024 307M +3e AF
o g
33T O O,
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Geo—SAML Zhao et al.,(2023)0] ®E3F @ZAA QGIS 2319102
SAMEZ 7|Hto = it Z[2]33t ou|x]& &

gty IS 5 US4
AP} Geo-SAME SAME| 71& T8 QGIS 83 B HHsfste] 7
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sto} Al ow vEtd Aol
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AR Y ok ol AdE AL HBte 2 7= F9 AREARY
¥8, & IZEZEE o AAtezr FEdo] TJheoith ZERIZES
Foreground point (FG), Background point (BG), 7 ”ﬂ(BBox) Al 7HA]
F@ol Alsdt. FG= doke 949& Uede Holi, BGe dshA] ¥+
Fd9S Ut Foloh oixgre® BBoxt= A9 AAIE Aljtsh= A
dArelnt. 914 @9 B okt A 7L Q7] wiEell dHolut A
BAFE RS ol 4 Utk whepbA AAE ARRAE AR 24T ¢ 9l
o

™ 2Bt RHolA W7 7Hs s
Geo-SAM-2 2|3zl Ty ARt Qe Ho]A(GUI: Graphical User
Interface) & Al55te] QGIS 304 A AHEE 4 =S AA = E
¢ TEDE 7Nk AAZE B 7)15e Boll Ao e HAELE =
d 4 ok SHARF SAMO] x4 g WHef shte] AAgr e 4 Gl
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5 5
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QGIS®] 3+ 24 7153 SAMO] A 7 7|5 AEe Geo-SAM
< Wt et HolHE Hu a&xor g & s Feth &
A 2540 715 Ay 4 SEE fiet AUlelEZF U FolH, o

AgAl U 37 AR B4 Hofold gt 7FsAel sejwa gtk
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Fole F HRle Addste stelBEg = WP (Hybrid Method) &
SAMAY Adigh dlolel= AFA otsd HEE &8 ogs AAE
21 AFor Fodhe 7leo] FEYA Utk ShATE B3Rt FEu A

AAe] digt Aofe A7 Qlo], fine-tuning® 2 A5S JNASI=

s

K<l
ATE AW Folh [E 2-20& oled Al 7Hx wgel EAL uws

[# 2-2] 24 g2 5 F= YW 8l

SAM (Segment

By 3= oy
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ArcGIS  Features Plans Map Scene Help Q search & Signin

ArcGIS pretrained models

> Arctic Seal Detection
In this topic

> Building Feotprint Extraction -
Africa

License requirements

Mo

ails

and download the mode|

> Building Footprint Extraction -
Australia Release notes
> Building Footprint Extraction -
China
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[=2 3-119] g9 #2& 7I¥Fe R Wavelet o]9|2] &8 XPsHAL
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7’}16>

Wsap = Wavelet Trans form (s, )
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3) Fine—tuning 4§
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Truth
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ABSTRACT

Object Extraction from Fused Optical and SAR Satellite
Imagery Using the Segment Anything Model (SAM)

Lee, Ha—Young
Major in Convergence Security
Dept. of Convergence Security

The Graduate School

Hansung University

In April 2023, Meta Al introduced the Segment Anything Model
(SAM), a large—scale image segmentation model capable of zero—shot
learning. Since then, segmentation technologies have gained attention
across various fields. In remote sensing, extracting water bodies from
satellite images has become an important research topic due to its
applications in environmental monitoring, disaster management, water
resource assessment, and urban or agricultural planning. This study
applies SAM to high—resolution satellite images by fusing KOMPSAT-3
optical images with KOMPSAT-5 Synthetic Aperture Radar (SAR) data
to extract water bodies. Optical images offer color information but are
affected by atmospheric conditions such as clouds, while SAR images are
robust to weather but contain noise and lack detailed textures. To

overcome these limitations, a wavelet—based image fusion method was

_52_



used to combine the complementary characteristics of both image types.
SAM was applied to both the optical and fused images, and performance
was evaluated wusing river maps from the National Geographic
Information Institute (NGII) and OpenStreetMap (OSM) water data.
Accuracy was measured with mean Intersection over Union (mloU) and
Weighted ToU (WIoU), showing improved results for the fused images.
Although SAM performs well in general object segmentation, its baseline
version is limited when detecting complex and irregular water shapes. To
enhance its performance, fine—tuning was conducted wusing the
GLH-Water dataset, supplemented by domestic water body images
collected from Google Street View (GSV). The fine—tuned model achieved
better accuracy in segmenting diverse and small-scale water features.
These results demonstrate that water body detection in high—resolution
satellite imagery can be improved through image fusion and SAM
fine-tuning. The proposed method can be practically applied in fields that
require reliable spatial information, such as disaster response and water
resource management, by enabling stable segmentation of water bodies

under various geographic and environmental conditions.

(Key words] KOMPSAT-3, KOMPSAT-5, Segment Anything Model,

Water Body, Wavelet—based Image Fusion, Fine—tuning
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