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2. Bee Swarm Plot

Bee Swarm Plot> SHAPOA 713 de] AREE|= feature—level AT 9]
Azrstz A4 dlolg el el 7 SA0] SHAP 7 Ao Bejz HAste]
el o] AukAlel Faret §F Wke vehdtti(Molnar, 2022).

o] %2 Summary Ploto]2tale &2|H djEdor EA A Fo5%
gl T2 GF BFS HolZL). yEe] B FAT AFOR 4
oA skl &A= Hdstal xFolle sid 549 SHAP 3= yehdoh Zt

A2 sl AlEe Qvist Ho A4y 549 AA o4 ge] s W

&
~

lfe



o] SHAPELS 7HAE4] Ee

g 7

o] 7oj=

o
j= |

w2 gl

<

L
__oE
—_—

oy
or

QA7 49l

FHe 7RI REeF #2 E] 7o) RdoA 245 ARGHM,

3. Dependency Plot

Dependence Plot2 E4 E49] AA 4= Fh(feature value)oll what

T e EFoltt(Molnar, 2022).

o] SHAP #& Yehia H

A3 5

©
—

N

—

wjr

==
1jo

ol

ol

<

ol

ol
or

"r
N

¢

ol

oy
o

o], NIR¥%} #2 574 =S| ol

A& =

S o] SHAP ghol

o]
AR

i

<

o &8sttt

=
—

3t

11



4. Waterfall Plot

Waterfall Plot2 SHAP ZF 7]¥te] 7id

S|
S

A=
==

A7 (Local Explanation)& A-8ste= A28t o]t (Molnar,
AT ste] oS0l ofgA FAEA=AE dAHC R YERH
At0] g FXE olsfist=dl AHE-HTE. Waterfall Plot2 = H 9]

(local instance)o] st =4
2022).
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M e AZe] g Agelnz nd A i AT AR dfAlel A
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A3E T A= 2 B

A 13 EXIEAE(Land Use Land Cover, LULC)

LULCE AxEHe] E94, A9 547 EX o8 FHig vetde 9
4 BRIt 7 BUEY, TAAE, 59 9 2 T, AA &
S TR BopoA E-gxl= 2 Zoltt Land Cover:= A, AA, EQF
T e Exo] AdA A E 94\:16}111 Land Use: w737, TAIAY, 4t
A ol RIZE] AR AAA Ee] mE EA o8 FHE HEhHTHCai
et al, 2019). LULCE Ax® WHeE A7|Ho= Hrid & e 7INAs=
715 Astet A o, $E5A B4 5 A 9 sk oarE A o84
Fom, YA W A9 1
SHH(Wang et al., 2023). [17 3-1]12 SHFIHHEA H| ~ofA] &
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A2A A7 AdH A7 A=

2 °F 145.37km’ °|tt.
=

A 2RA oL, AL 24, 4R, DA & Bgole 27
| 5 %73

(grassland)®t =, & 2HE ZHuiz] 5

X3 BE Veg. Zonel =z Foste] EFSIGTt. Water Zone2 ohd, A5
%7, e 5L 2@t 9 OoH, Bare Zoned %X, 5, A 53} Zo]
Aol A9l glal A|JEHo] =EH QS ou|gtrh. T3t Forest= A
ZHAE ZISH, roade IEER, FE, A= 28 dE, 529 &2
AR H 2L 2ot WEg7bA] gttt o]Q]of FRof ARERE oAl ZHA] &
= 29 E@HZ] O 21992 "HI g Unclassified Zonel 2 % 2]5F4tt,

3
il
£
>
rlr
.{

=
2
)
o4
QL

L EANEAR B8 35 9 A4EE
(httpsI//egis.me.go.kr/bbs/landcover.do)% Zas) AAsk T

AFA A2 ool [ 3-2]9F [1F 3-3]olA &I o glow, A
o AF&3F o8¢l Sentinel-1, Sentinel-2, KOMPSAT-3A, KOMPSAT-5,
Landsat 8 GAF 59 &9 Azt nx: 2022d 592 37 xpo|ipr] k=
of Aol ARERF Amel diet HY EH W SidE T HeolH HH+=
(3 3-1]el A2star.

GEEO||A| Al&-5t= Sentinel-1 ground range detected (GRD) SAR g4+
<2 radiometric calibration geometric correction, thermal noise removal,
multilooking?} terrain correction 52 A2 HAHS AR ArE =
A Akt YAt B4 FH] flo]E (Analysis Ready Data: ARD) @4]©
2 HEE ZAoltt(Mullissa et al., 2021). Sentinel-29} Landsat 8 5+34Ho]
S 7 WEo] AT A A4 AHgaidrt

Y= g4l KOMPSAT-3A9t KOMPSAT-5 $14 dle

L =
A 53T F, GEEYl asset 7% olate] JRE ST AT g A

_
)
o

_14_



of gtA 7t HAE HA(clipping) Bt 4 A7 AL st
F71Ho82  SAR  9AFSl  KOMPSAT-5 HoJElE=  SNAPS  ©0]-&5}o]

Calibrate, Speckle filtering, Multilooking, Terrain Correction 5 HAAEE
A=g T g,

126.630963, 126.783831
35695626 ,35.695626
N
126.630963, [ study Area
35.600977 126.783831, [ sentinel-1
35.600977 D Sentinel-2
] KOMPSAT-3A
= 2 ] xoMPSAT-5
D Landsat8

[ 3-2] §148 dloleld d+A19
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(18 3-3] Id7AY
2 3-1] 9 A=
Data sensor Data tpye Acq;;iletwn Source Resolution
Sentinel—1 \YAYA 2022-05-05 GEE API 10m
Sentinel-2 | ™ GNI% and | 022-05-17 GEE API 10m
KOMPSAT-3 | R, G, B, and .
A NIR 2022-05-01 KARI 2.8m
KOMPSAT-5 VH 2022-05-02 KARI Im
Landsat8 | N GI’\H% and | 022-05-04 | GEE AP 30m
Computed by
NDVI Sentinel-2
(Sentinel-2) Surface 2022-05-17 GEE API 10m
Reflectance
Computed by
NDVI Sentinel-2
(Landsat 8) Surface 2022-05-04 GEE API 30m
Reflectance
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A3d A7 B

—4le 2 ATl a3 A= A AT
o=z At Aoty AN F-AWFE FA  Sentinel-1,
Landsat 83 oA E /¢l KOMPSAT-3A, KOMPSAT-5
A4S o8t AL, Sentinel-29F Landsat 89 2| ERIALE HloJE]E o] 85t
NDVIE A3 ALkt [ 3-5]94 &l 4= ek &
F Wde=E= Water Zone, Bare Zone, Road,
Unclassified & 6702 28|22 AAstct. ZF SeAnttt 200709 st =}
22 50719 AHEF AmE AAS] AA s A== 12000, AE A=Re=
300712 FAstRen [9 3-6]o AASHAH. & Li2E2=2E GEE

(719 3
= H=HH

=

Sentinel—-2

A~

He= oy g s T

T

Forest, Veg. Zone,

ol && 7hsstal 7€ AdAFENM B2 AEE AST RF dales
2 olg stgonl, (17 3-T104 AT HeL AT & Uk 4 A=
o gl wet & Al 7HA] deow stat. 72 Al dis] E&% 8%
=5 B &, A4 A g Kappa Alg9] gtol &2 Al 7HA A9l
s SHAPZ|H-& &3t XAI A3+E SRIst3it
KOMPSAT3A KOMPSAT-5 SAR
| =
1 Google Earth Engine !
Registration Sentlnel 1 SAR
Mosaicking GRD
Clipping
Resamplllrg wa Sentmel 2
Surface
- H'H A4 Reflectance
Reference Points
for Model Training and
Accuracy Check
— ﬂ A‘@}x J@x 3
Landsat 8
l'l Surface
|Il Random Forest Reflectance
Accuracy Assessment
SHAP )

(19 3-4] 97 8%
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A Wo¥o ok

[(1™ 3-5] (a) Sentinel-2 NDVI A4t A},
(b) Landsat 8 NDVI A Ax}

(19 3-6] 3h% AR R BF AR
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Returns

Usage
ee.Classifier.smileRandomForest(number0fTrees, variablesPerSplit, minLeafPopulation, bag Classifier
Fraction, maxNodes, seed)
Argument Type Details
numberofTrees Integer The number of decision trees to create.
The number of variables per split.
variablesPerSplit Integer; default: nulf If unspecified, uses the square root of the
number of variables.
minLeaf Population Integer; default: 1 Only SR [oEe \.NhOSE training set
contains at least this many points.
bagFraction Float, default: 0.5 The fraction of input to bag per tree.
maxNodes Integer, default: null The maximum number of Ieaf.nc?des in each tree.
T If unspecified, defaults to no limit.

(1™ 3-7] GEEolA &8 & 9le RF <&
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Al 4% EXNE 2F F3 @ SHAP 23

A1R2 EXANE ZF 2%

o] AFoM= Al 742 gl Wizt RF ¢ile|ES o83t 7 A4S
Zgstgtt, A WA= Sentinel-1,  Sentinel-2, KOMPSAT-3A,
KOMPSAT-5, Landsat 8 12|31 Sentinel-2 H|o|H & NDVIE AAHE dA4
RS Ag3e Aot F WAL Sentinel-1, Sentinel-2, KOMPSAT-3A,
Landsat 8 12]11 Sentinel-29} Lansat8 H|o]E]2 NDVIE AAtet HL Al
HAale 5 WA H9o] KOMPSAT-534S F71t 7-$-olct.

A WAt = HA Feo] HMA A=t Kappa AlsE 242 89%, 0.87
7 89.33%, 0.87= F WA Ao HA ALyt A WA HeHG
0.33% =2 A< 2lstit. 1211 AA| A=t Kappa A< kol 7t
& =2 AL 91%9 0.89=2 Al WA HFel Aoz Zld 4 QIS

Al 72 AS] gt ExmE B2 Avtel Fl-Scores 7t

o]

i_4

% glek.
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Bare Zone

Veg. Zone

= . Road
2 i E P \ . Unclassified

[Z18 4-1] Sentinel-1, Sentinel-2, KOMPSAT-3A, KOMPSAT-5,
Landsat 8 and NDVI(Sentinel-2) EX|oj& HB& Ay}

=2

[3 4-1] Sentinel-1, Sentinel-2, KOMPSAT-3A, KOMPSAT-5
, Landsat 8 and NDVI(Sentinel-2) F1-Score

vz(/gfer Forest ;2;2 ;;gl'e Road | Unclassified SFci);e

Water Zone 86 6 2 6 0 0 0.860
Forest 2 96 0 2 0 0 0.950
Bare Zone 4 0 86 6 2 0 0.846
Veg. Zone 2 0 6 92 0 0 0.860
Road 6 0 4 4 86 0 0.905
Unclassified 0 0 8 4 2 86 0.925




. Water Zone
= . Forest
5

Bare Zone

Veg. Zone

R : i 0 o
5 ¥ 25 el : 5
e “i' ag ? bl ugal i \a . Unclassified

[19 4-2] Sentinel-1, Sentinel-2, KOMPSAT-3A, Landsat 8 and
NDVI(Sentinel-2, Landsat 8) EX|uE R& A}

[3 4-2] Sentinel-1, Sentinel-2, KOMPSAT-3A, Landsat 8 and
NDVI(Sentinel-2, Landsat 8) F1-Score

\)ggltleer Forest IZSiIrqee ;cfﬁ;e Road | Unclassified SFc;e

Water Zone | 88 4 2 6 0 0 0.871
Forest 2 94 0 4 0 0 0.949
Bare Zone 6 0 88 4 2 0 0.846
Veg. Zone 2 0 6 92 0 0 0.868
Road 4 0 4 4 88 0 0.907
Unclassified 0 0 8 2 4 86 0.925
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e o ? ; - Water Zone
= A I 03 o i ey . Forest
3 S {3 Nk ] -l P L2
" - i o} Bare Zone

Veg. Zone

. Road

| X | . g, Gy I anzl \». . Unclassified

[ 4-3] Sentinel-1, Sentinel-2, KOMPSAT-3A, KOMPSAT-5,
Landsat 8 and NDVI(Sentinel-2, Landsat 8) EX|u& Bz A}

[3 4-3] Sentinel-1, Sentinel-2, KOMPSAT-3A, KOMPSAT-5 Landsat
8 and NDVI(Sentinel-2, Landsat 8) F1-Score

\)ggltleer Forest IZSiIrqee ;(fﬁ;e Road | Unclassified SFcz);e

Water Zone 90 4 2 4 0 0 0.891
Forest 2 96 0 2 0 0 0.960
Bare Zone 2 0 92 4 2 0 0.885
Veg. Zone 2 0 8 90 0 0 0.865
Road 6 0 2 4 88 0 0.917
Unclassified 0 0 4 4 2 90 0.947
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Classification Accuracy and Kappa

B Accuracy Kappa
95 0.95
89.33 Al 0.89
89.00 2 X
_ 90 0.87 0.87 0.90
§ 85 0.85
o
£ 80 080 &
o
T
c 7]
£ 75 0.75
= 2
£ 70 070 %
8 2
< 65 065 3
E
g 60 0.60
55 0.55
50 0.50

S1, 52, K3A, L8, K5 and NDVI(S2) S1, S2. K3A, L8, and NDVI{(S2 and L8) 51, 52, K3A, K5, L8, and NDVI(S2 and L8)

[Z19 4-4] Al 7HA] Aot dA A== 9 Kappa A5

Al 2 A Stacked Summary Bar Plot A%}

Stack Summary Bar Plot®] -l 7V 932
M2 AEEE vdstlth [O9 4-5], [O9 4-6], [O2F 4-7] Al 7] 73
¢ RE dY Am F TS wel 71d A9 v A A" Amot
KOMPSAT-3A%] B HHE=, Sentinel-29] B W=, Sentinel-22] R HIE,
KOMPSAT-3A9] R fiE o2 FASH YetEth ol 919 Y 7HA9
M =7} Water Zone, Veg. Zone, Bare Zones 2L IF AHERHO] ztol&
Taotetl S8 g oba siAE o gk 53] KOMPSAT-3A9] B
MEE Al Lol 2% 7FF &8 SHAP 2 7IAB2 ZF Ze29] zlo]
of 7H¢ gsHA ¥Rt & 4 Uth

dieje Al 7E2] AfolA 7R ddFe 7IAA] 2 dE Ame eAdE
KOMPSAT-5¢] VV HiE Landsat 8¢ G Hi=¢} REHIE=CI

At ol= FHeold SAR g4gel Fet Al sl ARt AFEH ApolE

52

o] & g2 Am

M



Argsh=tl AZE Aol sjAE 4 glem, Landsat 82 WA= A9 o4
7t 30m= HwZA @F7] wgo] FAAE wdsk=t At AR FE7E o
£ 914 dlolgEel vlsl #5317 wlwol#tal & 4 Uth

TERF AAAQ = o] A A Hles EI%e o B HESE G Y=
H|Z0] Water Zoned} Foresto Al =7 vehtar, R ¥i=<¢} NIR HIE=9] H]

Z°] Roado|lA AdiAer &2 A el 4 Uth

o | s
or -
o e
NDVI_S2 -
K3_Nir -
s I
L8_Nir -
52 G
18 G mmm Water Zone
- EEN Forest
L8 R Bare Zone
Veg. Zone
K5_WW E Road

s Unclassified

' T T T T T
0.00 . 0.10 0.15 0.20 0.25
mean(|SHAP|) (average impact on model output magnitude)

[1™ 4-5] Stack Summary Bar Plot: Sentinel-1, Sentinel-2,
KOMPSAT-3A, KOMPSAT-5, Landsat 8 and NDVI(Sentinel-2)
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o3 EEm 00

K2R

NDVI_52

K3 G
K3_Nir

NOVI_LE

s T
s N

S2_Nir

52_G

Water Zane

LB_Nir -
NN Forest
L2 R Bare Zone
- Vg, Fane
G = Foad

mm Unclassified

T T T T T
0.05 0.10 0.15 0.20 0.25
mean{|SHAP|) (average impact on model output magnitude)

[1™ 4-6] Stack Summary Bar Plot: Sentinel-1, Sentinel-2, KOMPSAT-3A,
Landsat 8 and NDVI(Sentinel-2, Landsat 8)

NDVI_S2
K3_Nir
NDVI_L8
S2_Nir

L8_B

mm Water Zone

L8_R mEm Forest
L8_G Bare Zone
Veg. Zone

K5_VV = Road

= Unclassified

b T T T T
0.00 . 0.10 0.15 0.20 0.25
mean(|SHAP|) (average impact on model output magnitude)

[71™ 4-7] Stack Summary Bar Plot: Sentinel-1, Sentinel-2,
KOMPSAT-3A, KOMPSAT-5 Landsat 8 and NDVI(Sentinel-2, Landsat 8)
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4-8] Bee Swarm Plot: Sentinel-1, Sentinel-2, KOMPSAT-3A,
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4-9] Bee Swarm Plot: Sentinel-1, Sentinel-2, KOMPSAT-3A,
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ABSTRACT

Land Cover Classification by Machine Learning in
Google Earth Engine with KOMPSAT-3/5 Satellite
Imagery and SHAP-Based Results Analysis

Lee, Jeong—Hee
Major in Convergence Security
Dept. of Convergence Security

The Graduate School

Hansung University

Recently, research utilizing machine learning algorithms provided
within the Google Earth Engine(GEE) platform has increased substantially.
In this study, low to medium satellite resolution satellite data provided by
GEE  through the application programming interface (AP) and
high—resolution satellite data not directly provided by GEE. Sentinel-2,
KOMPSAT-3A, and Landsat 8, which are optical images that provide
spectral information, and Sentinel-1 and KOMPSAT-5 data, which are
radar—based SAR images that are not affected by clouds or atmospheric
conditions, were used together. In addition, NDVI (Normalized Difference
Vegetation Index) calculated using surface reflectance data Sentinel-2 and

Landsat—8 was added, and land use/land cover (LULC) classification was
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performed using the Random Forest algorithm. The resulting LULC
classification was evaluated by comparing the overall accuracy and Kappa
coefficient, while the F1-Score was employed as a complementary
performance metric. The SHAP method was then applied to interpret the
classification model. As an explainable machine learning technique, SHAP
is particularly suitable for analyzing complex models that incorporate
numerous input variables and multiple target classes, and it can be more
effective than deep learning approaches that primarily focus on
single-object extraction. Based on the classification outcomes, SHAP
analysis was conducted to identify the most influential features for each
land—cover type, demonstrating its usefulness in understanding the
contribution of multi-sensor inputs. This study highlights that explainable
machine learning techniques, such as SHAP, can serve as powerful tools
for interpreting and monitoring surface environmental conditions,
particularly when working with multi-sensor high—resolution satellite

imagery.

(Key words] KOMPSAT-3A, KOMPSAT-5, Google Earth Engine,

SHAP, Image classification, Random Forest
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