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Abstract: This study conducted multi-sensor image classification by utilizing Google Earth Engine (GEE)

CAS500-1. The study area focused on the Goryeong County region in Gyeongsangbuk-do, and the satellite
imagery was acquired in early January 2023. The results of this study showed that the highest classified
result (94.51%) in overall accuracy and Kappa coefficient (0.9342) were achieved when applying CAS500-1,
Sentinel-1, Sentinel-2 imagery, and NDVI data. The NDVI data is believed to complement the CAS500-1
imagery, improving classification accuracy. This study confirmed that applying multi-sensor data can
improve classification accuracy, and the high-resolution characteristics of CAS500-1 imagery are expected
to enable more detailed analyses within GEE.
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A Faet JHE o Aol T2 1Y AE o] A (application
programming interface, API)E &9 F+2Z A|5-3ttt. o] 3 A=
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[e]
3 BdE &-&5to] 109 o9 A7 Wsks BAstAL 3 91
AFAGE LR EREE ARste A7 2 3L
onj 22 A% U Y B FH 08 AHH F o= R AL

&2 F71oto] Landsat-837} Sentinel-2 G4 H-E A 2835+ 23,
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25 AlZH(Lee et al, 2023) A+ 5014 GEE EHEONA Al 5-5h=
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Table 1. Data used for RF scheme in GEE

Data sensor Data type Acquisition date Source Resolution

CAS500-1 (Level-1G) R, G, B, and NIR 2023-01-01, 2023-01-06 NGII Bundled Image Set 2m

Sentinel-1 VV and VH (GRD) 2023-01-07 GEE API 10m

Sentinel-2 R,G, B, and NIR 2023-01-02 GEE API 10m
(Surface Reflectance)

CAS500-1 R, G, B, and NIR ™ -

(User-Friendly Image) Cfees Rellsina) 2023-01-01, 2023-01-06 NGII Bundled Image Set 2m

NDVI Computed by CAS500-1 2023-01-01, 2023-01-06 GEE AP 2m
Surface Reflectance

NIR: near-infrared, NGII: National Geographic Information Institute.

o] A+-9] &2 2 GEEOJ A AJ5-5F= Sentinel-1, Sentinel-2 $]43 91 JAF =0 U7} 2023 19 1Y EE 1€ 79714 9] 15 o]
335} 4 synthetic aperture radar (SAR) /3 B/ 2.2} 817 CAS500-1 2 A9 Yx|ol= A Ho]t}. 0]9} 22 A7 A X o} tokst &
Y& EE GEEYl| 55 T AR E 2ot thF AN AP EER HPAE BFT 5 Utk Ho] o] A Yo] AFAGo = AYH F8
© GEES| RF YT2}32 HE310] LUCFATE A PG 2Rl olRolch. o] AToIA AF§3 2Hz Table 19] H IS,

Z-&51= Aol t}. T3t GEEO| A AlAsE AA| S overall accuracy
(OA) %t Kappa Al<=2] A4t gk o] &t Ao AvE &4t
.
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o0 2 ohg 7} B-A4H9) A]jo] Y HeHElo] 917, g Hol
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2 9F 177 km20] TH(Fig. 1). ©] A -2 Sentinel-1, Sentinel-2, CAS500-1

A 35.78423, O
128.30301

‘,_l /4
> 1

35.65203,

128.30301
0 2 4 km
[

Fig. 1. The study area with geographic location on the base map of
OpenStreetMap.
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GEEOA] A5-3F=
GAL radiometric calibration geometric correction, thermal noise
S AAE e AR
AaE FAF et 94894 w4 =] o] B (analysis ready
data, ARD) G 4] 0 & ¥H3]3} 7 o] th(Mullissa et al., 2021). Sentinle-2
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5 71" %l /& 35 (ensemble
S5 bagging, boosting, stacking
5 O 402 THE 4 UeF. GERE 012 1) B4 ol
MES TR A0k, 4 S tis HE e S oha ARl 7
o| RS &L BRoAL FEolo] 2 0|5 maTHE
bagging ®W4& 7|80 2 3 RF Y118 &2 A|l5-3Hct(https:/develo
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Fig. 2. Workflow in GEE: Sentinel-1 and Sentinel-2 images in GEE, as external data sources such as CAS500-1 image sets and NDVI using surface

reflectance (SR) products of CAS500-1.
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Table 2. Confusion matrix of classification results: CAS500-1 and Sentinel-2 (Unit: %)

Truth
Water Road Grass Forest Urban Sand Bare
Water 86.58 6.66 0 0 333 0 333
Road 333 73.26 9.99 0 16.65 16.65 0
Grass 0 6.66 83.25 0 9.99 6.66 0
Classified Forest 333 0 0 100 0 0 0
Urban 0 13.32 0 0 66.60 0 0
Sand 0 0 6.66 0 333 76.59 0
Bare 6.66 0 0 0 0 0 96.57
. Water Zone
B Rroad
Grass Zone
. Forest
 Urban Area
" Sand Area
Bare Zone

Fig. 3. Classification results by GEE random forest scheme using multiple image sets: (a) CAS500-1 and Sentinel-2, (b) CAS500-1 and Sentinel-1,
and (c) Sentinel-1 and Sentinel-2.
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Table 3. Confusion matrix of classification results: CAS500-1 and Sentinel-1 (Unit; %)

Truth
Water Road Grass Forest Urban Sand Bare
Water 93.24 13.32 0 0 0 6.66 0
Road 3.33 69.93 9.99 0 6.66 16.65 0
Grass 0 9.99 89.91 0 0 13.32 0
Classified Forest 333 0 0 100 0 0 0
Urban 0 3.33 0 0 89.91 3.33 0
Sand 0 333 9.99 0 3.33 59.94 0
Bare 0 0 0 0 0 0 100
Table 4. Confusion matrix of classification results: Sentinel-1 and Sentinel-2 (Unit: %)
Truth
Water Road Grass Forest Urban Sand Bare
Water 89.91 3.33 0 0 0 3.33 3.33
Road 6.66 73.26 13.32 0 3.33 3.33 0
Grass 0 3.33 83.25 0 0 9.99 0
Classified Forest 0 0 0 96.57 333 0 333
Urban 0 16.65 0 3.33 89.91 0 0
Sand 3.33 3.33 3.33 0 0 83.25 0
Bare 0 0 0 0 3.33 0 93.24
(73.26%)7} F2 A =& YEFHTH(Tables 3 and 4). $HH A 714] 7 B A A 9E, CAS500-137} Sentinel-12 A 2] -2 W= Sentinel-17}
9 25 AL 9657%014 100%0] 0] 2 71 £ ATES  Sentinel25 A3 F A SAR GAL o1 88 A9 27 0A
B} 9} Kappa A|5=9] Zko] 86.1905%, 0.83892} 87.1429%, 0.8500°. = X}
kol A 742 90 st A B7 F3w ATHE, CAS500-1 % o]7F ZA] eFt. o] Ax}] oul= A A o sl CAS500-1 F
A3} Sentinel-2 A 285 297} Z47F 83.3333%2} 0.8056 0.8 77} Sentinel-1 YA H o} Zo] ARGE= 74 Sentinel-2 G/
71 A L2 BEH O] (Fig. 4a), Sentinel-1 SAR B3} Sentinel-2 F4} 7Y H.9} Sentinel-1 A EE 283 A}e} xfo] 7} 22 grt= A

< 483 A7} 0A S 33} Kappa A|5= 3] 212 87.1429%9)
0.8500°0.2 714 w2 Aot & H A T}(Fig. 4¢). ©] 2} 70| CAS500-1

T O—1

7 Sentinel-29] F3t G/t o] &5 A& e FHA o2 H2 FE

100 -
95

I Overall Accuracy
[] Kappa Coefficient

90 87.1429

86.1905 0.8500
833333

0.8389
I 0.8056 I
’ (@ (b) ©

Fig. 4. Overall accuracy and Kappa coefficient regarding classification
results using multiple image sets: (a) CAS500-1 and Sentinel-2, (b)
CAS500-1 and Sentinel-1, and (c) Sentinel-1 and Sentinel-2.
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< 9Ju|gtcta & 4= Qiek

Al 7HA] o] 9] v AlA &
9T}, Table 5% CAS500-1, Sentinel-1, Sentinel-2 G4}
B2 A37}9] confusion matrix©] 17, Table 62 0] A 7}A] GAA H o
NDVIE Z7}slo] B535F A1}19] confusion matrix©]Th. CAS500-1,
Sentinel-1, Sentinel-2 YA HE A-&39t B7 A 72 A X H(100%),
FRA QT YA (96.57%), 578/ EA 9 (93.24%) =2 & LT
7} =A) YR TH Table 5). $HH CAS500-1, Sentinel-1, Sentinel-2 GA}
G H oI NDVIE F7F5t0] 285t &7 A= 77A S, 54 /7%
A, AR A 3} Y Al = B 100%2] S H K Table 6).
Fig. 62 o] &5 ZA}o] t3t OAQ} Kappa A5 2 LERH H o
A4+ Aol T}, CAS500-1, Sentinel-1, Sentinel-2 A H-S 223t
A 7}(Fig. 52)= 89.5238%%2} 0.8778 ©]th(Fig. 6a). $HH, CAS500-1,
Sentinel-1, Sentinel-2 G/ H.2} NDVI At =& #-8-3F A 7}(Fig. 5b)
2 AA BT 2 Kappa A5 ko] ZH2F 94.51229%2} 0.93420]

SFBE=2
484 BR

Z3}+= Fig. 50 AAI5k
2 QA EE A8
I
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Table 5. Confusion matrix of classification results: CAS500-1, Sentinel-1, and Sentinel-2 (Unit: %)

Truth

Water Road Grass Forest Urban Sand Bare
Water 96.57 333 0 0 333 6.66 0
Road 0 76.59 6.66 0 9.99 6.66 0
Grass 0 333 93.24 0 0 9.99 0

Classified Forest 333 0 0 100 0 0 333
Urban 0 9.99 0 0 86.58 0 0
Sand 0 6.66 0 76.59 0

Bare 0 0 0 0 96.57

Table 6. Confusion matrix of classification results: CAS500-1, Sentinel-1, Sentinel-2, and NDVI (Unit: %)

Truth
Water Road Grass Forest Urban Sand Bare
Water 100 0 0 0 0 333 0
Road 0 89.91 0 0 333 6.66 0
Grass 0 333 100 0 0 6.66 0
Classified Forest 0 0 0 100 0 0 0
Urban 0 333 0 0 89.91 333 0
Sand 0 0 0 0 0 79.92 0
Bare 0 0 0 0 100

(Fig. 6b), o] Tt o] Ao A &3t 5744 AL Fol A 7M. 5 ARNAIEERH AFE3E NDVI AR S A6l 49 S
el 7} EOFA = AL CAS500-1 25 JAYT} AR} 11518 212 79] A}
o] A9 ANz= thF AIA FAE AHshe B4 7 71 94 B E Vot Yol 73}t G ¥ (reinforcement effect) 7} 283t A
ARE g A0 vlotel BHb0R AUEAIANE A oz AzEc:
2 0 2= S1GITh. TR CAS500-1 AR 9} 7] L84} 54 4

. Water Zone

B Road

Grass Zone

(@) (b)
Fig. 5. Classification results by GEE random forest scheme using multiple image sets. (a) CAS500-1, Sentinel-1, and Sentinel-2. (b) CAS500-1,
Sentinel-1, Sentinel-2, and NDVI.
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Il overall Accuracy

100 Kappa Coefficient 1.0
4.

95 PASREE nosan
~ 89.5238
& 90 4 0.8778 0.9
t
§ 85 5
S o
P 08 3
- 0
> 75 - 8
S 3
g 7 07 B
< ]
<L 65 - 3
©
g 60 - 0.6
o

55

50 0.5

(a) (b)

Fig. 6. Overall accuracy and Kappa coefficient regarding classification
results using multiple image sets. (a) CAS500-1, Sentinel-1, and Sentinel-2.
(b) CAS500-1, Sentinel-1, Sentinel-2, and NDVI.
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GEEC]A] Zﬂj—‘é}h 338 9 SAR 914 937 2 LU

3 Y4 BHS 2402 GEEQ| RF Y1252 483}

Rl

£ GEESIA A
g YAztoE

o) 83 sk ol 25 Al PR Bk ohle
NDVI 58 Zo| Tei3te] ofe 74| A2 g 4gI 4B S 4

e,

T AY ANE JSeT 7P =4 U2 9= CAS500-1,
Sentinel-1, Sentinel-2 A H 9} NDVI A= & -85t A7E OA
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