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& 247k W& S0 71 5 s AeR 7diEh

Ol

Abstract: This study aimed to develop a model for the classification of wildfire severity in an area of 1,337 ha
in Hongseong-gun, Chungcheongnam-do, that was affected by fires in 2023. Various models were generated using
maximum likelihood classification (MLC), random forest (RF), and support vector machine (SVM) methods, and the
best one was selected based on classification performance. Wildfire severity was classified into crown fire, heat
damage, and surface fire. Field surveys provided essential ground truth data, and imagery derived from a Sentinel-2A
Multi-Spectral Instrument was used as input data. Model accuracy was verified by comparing the outputs with an
existing 10x10m high-resolution wildfire severity map, using the Overall Accuracy (OA), Cohen's Kappa (Kappa),
User Accuracy (UA), and Producer Accuracy values. Among the tested models, the MLC-based model showed the
highest performance (OA: 73.4%, Kappa: 0.54), followed by those based on RF (OA: 71.9%, Kappa: 0.50), non-linear
kernel SVM (OA: 67.0%, Kappa: 0.45), and linear kernel SVM (OA: 65.3%, Kappa: 0.43). The models' classification
performance varied by damage type, with lower accuracy being observed for heat damage (PA: 20~55%, UA: 30~
40%) compared to crown fire (PA: 70~85%, UA: 55~80%) and surface fire (PA: 65~85%, UA: 80~90%). In
conclusion, the MLC-based model showed the best overall performance in classifying wildfire severity. This approach
is expected to assist in future efforts aiming to classify wildfire damage and estimate greenhouse gas emissions
derived from burned areas.
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Figure 1. (a) Location of South Korea; (b) Location of Chungcheongnam-do; (c¢) Location of study areas.
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Figure 2. Conceptual diagram for developing wildfire severity classification model.
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~0.40 “fair (22 2, 0.0~0.202 “slight (2F71), 0.0 ]
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Table 1. The characteristics of Sentinel-2A data used in this study from ESA.

Band number Central wavelength(nm) Bandwidth(nm) Spatial Resolution(m)
1 442.7 21 60
2 492.4 66 10
3 559.8 36 10
4 664.6 31 10
5 704.1 15 20
6 740.5 15 20
7 782.8 20 20
8 832.8 106 10
8a 864.7 21 20
9 945.1 20 60
11 1613.7 91 20
12 2202.4 175 20
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Table 2. Mean and standard deviation of spectral reflectance according to wildfire severity classes applied in training dataset.

Band 1 Band 2 Band 3 Band 4 Band 5 Band 6

c Fi Mean(%) 14.2 14.4 15.3 16.5 17.4 18.1
rown Fire

S.D.(%) 0.3 0.4 0.5 0.7 1.0 1.3

Heat D Mean(%) 14.4 15.0 16.6 18.4 19.9 22.0
eat Damage

g S.D.(%) 0.5 0.7 1.0 1.3 1.7 2.7

Surface Fi Mean(%) 14.9 15.4 17.4 18.9 21.0 242
urface Fire

S.D.(%) 0.9 1.1 1.6 2.5 2.3 3.1

Band 7 Band 8 Band 8a Band 9 Band 11 Band 12

c Fi Mean(%) 19.0 19.5 20.0 22.4 24.8 24.6
rown Fire

S.D.(%) 1.6 1.6 1.8 2.9 1.3 1.3

Heat D Mean(%) 23.4 25.8 25.1 24.8 26.8 24.0
eat Damage

& S.D.(%) 3.2 3.9 3.6 2.7 2.0 2.9

Surface Fi Mean(%) 25.5 27.3 27.1 26.2 29.2 25.7
urface Fire

S.D.(%) 33 4.1 34 3.2 3.8 4.4

Note : S.D. is Standard Deviation

Table 3. Areas of wildfire severity classes applied in verification dataset.

Wildfire severity Crown fire(ha)

Heat damage(ha) Surface fire(ha)

Verification Areas 299.8

257.7 836.0

q
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2,

RFe] 7ol ojAb2guRe] )% 55, 2t oAb A
7o Hdf 4o 122 FHASAES wf 66.0%2] 7HE 2
“Train Accuracy’S YEFH O™, o] 2¢O Z “Test Set’ S
SEAZ] AT} 73.6%9] ‘Test Accuracy’ & YERHTE SVM
o] A% #AdF4 ‘Linear= 2&-7ol digt #idye =4
2 52 935}l 86.4%92 714 =2 “Train Accuracy’ &
Heon, o] 2§07 ‘Test Set’ & &H5A171 A1} 80.6%
9] “Test Accuracy’E UEFHTE SVME vjAE AHIgh
RBEE 0 R g dde 2ue 1, 24 44 %
EL 0.000012 ZH3lo] 89.2%2] 7} =& ‘Train
Accuracy’ S HOom, o] 23O & ‘Test Set’ S dh5A71
A1} 83.3%2] ‘Test Accuracy’S LEFHCH

sl delgeie AT s 2 HE
3t 2] ‘Test Accuracy’ S H|usto] Uyt 453 F
7kt A3}, SVMO| BlA g Ad gk ‘RBF7F 7H 95
lom, oo}k SVME] AE A 4 ‘Linear’ @} RF <=
o2 w2 YNtel AeS Btk ®3, 77 29| ‘Train
Accuracy’ @} ‘Test Accuracy’ 2] x}o]7} oF 8% o|U|& Ko
A FE Ao 7HsAdol A7l E ei(Bishop, 2006).
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ol g 2EE2 AhEvsiA|
A

e el sa et A st

MLC= =2t} 3| 2(-3.8%) 2t A3} 73} 2](-8.8%)°l]
A FpaFA e, de) we)i2|(+32.9%) = i
EJ91T). RF= ket 281 2(+33.3%)= 54 =L, o
3l =]l ](-34.2%) 9} 2| E3} 1|3 2|(-1.4%) | A TraFH
E|91c}. SVMe] Hg 7' d 4> ‘Linear’ o] 3¢ 4238} 1]
B AI(+35.4%)2F A3l 3| 2](+38.6%)= e = AL A]
3o} T 2](-24.6%)= TG E Lo, SVMe] HAd
% 743 ‘RBF = Falf 2|8 2](+67.6%) N A T
oL et 2] (-10.919%)2F 2|32} 73 2](-17.0%) ]

A13HE A45 (2024)

Al S =Sk =3} gsz| et daf s Ao A=
dupeh T, o] yehd B, 2|33} 13|
A= e oA dpaFrgdo] yehd oS Helrk ®
gk, dafl wefAloA EF7E 7P wWol WSt

ndo) 3 e vlashH 0AS] 49 MLCE 73.4%,
RFE= 71.9%, SVME] A3 AYES ‘Linear’= 65.3%,
SVMe] H|A3 AYgr ‘RBF = 67.0%E UEtWHoH,
Kappa 7#|$=2] 7% MLC= 0.54, RF= 0.50, SVM 2] A8
A3t ‘Linear'= 0.43, SVM 2] H|AE #dg4= ‘RBF
+ 0452 2= 20| ‘moderate (57+9]) 2] T U7t @A
of 43t OAL} KappaAl4=+= MLC, RF, SVM] 1|43
795k ‘RBF’, SVM] 418 793 ‘Linear’ 0.2
=2 AYEE YUERTH(Table 5).

Heat Damage
Surface Fire

[] Boundary

SVM(Linear)
Il Crown Fire
I Heat Damage

Surface Fire

v SVM(RBF)
Il Crown Fire

Surface Fire

Figure S. Hongseong wildfire severity classification map applied by machine learning algorithm models. (a) MLC
model; (b) RF model; (¢c) SVM Linear kernel function ’Linear’ model; (d) SVM Non-linear kernel function ’RBF’

model.
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Table 4. Areas of wildfire severity classes applied in machine leaming models and change ratio applied in verification dataset.

Wildfire severity

Model
Crown fire(ha) Heat damage(ha) Surface fire(ha)
MLC 288.4(-3.8%) 342.4(+32.9%) 762.8(-8.8%)
RF 399.6(+33.3%) 169.7(-34.2%) 824.2(-1.4%)
SVM(Linear) 405.9(+35.4%) 357.1(+38.6%) 630.5(-24.6%)
SVM(RBF) 267.7(-10.91%) 431.8(+67.6%) 694.0(-17.0%)

Table 5. Confusion matrix and classification accuracy applied in machine leaming models. Values of the confusion matrix are ratios

relative to the total number of pixels. (OA: Overall accuracy, Kappa :

Cohen’s Kappa).

Reference Data

Wildfire severity classes Crown Fire(%) Danll_[e:g(%) Surface Fire(%)
MLC Crown Fire 15.0 3.7 2.0
Prediction Heat Damage 4.9 10.0 9.6
Surface Fire 1.5 4.8 48.4
OA(%): 73.4 Kappa: 0.54
Reference Data
Wildfire severity classes Crown Fire(%) Dan‘;ﬁ:;(%) Surface Fire(%)
RF Crown Fire 16.2 4.9 8.0
Prediction Heat Damage 3.5 9.5 12.6
Surface Fire 1.8 4.0 39.5
OA(%): 71.9 Kappa: 0.50
Model Reference Data
Wildfire severity classes Crown Fire(%) Heat Surface Fire(%)
Damage(%)
(Si}l’xr) Crown Fire 15.0 32 1.0
Prediction Heat Damage 4.4 9.8 16.8
Surface Fire 2.1 5.5 42.2
OA(%): 65.3 Kappa: 0.43
Reference Data
Wildfire severity classes Crown Fire(%) Heat Surface Fire(%)
Damage(%)
(%l\é[) Crown Fire 17.7 6.8 42
Prediction Heat Damage 2.1 42 5.8
Surface Fire 1.7 7.5 50.0
OA(%): 67.0 Kappa: 0.45

R T E R e e EEE
BrAe] 918l mAled SmelEUs TEE ny 4
Al et uliste] A% AolZ BASIAC.

WA, B oA MLCE= OA 73.4%, Kappa 74> 0.54
N GEANE 4SS BT MLCS $83 4
E53EE o2 = Won et al.(2014b), Shin et al.(2019)
o] 9Jth. Won et al.(2014b)S OA 73.9%, Kappa 7|4
679 A5-S Uehy uq Shin et al.(2019)< OA 81.0%,
Kappa A1 0.769] %S Lrebch. 2 Aol 4] At
MLC 74F AESIG Y 5 B9S 1T vl
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thgog H ¢ilofA RF= OA 71.9%, Kappa A<=
0509] A& Wit RS BET ARG BER A7
+ Collisn et al.(2020), Wu et al.(2024) 5-°| Qlt}. Collisn
et al.(2020)> OA 88.1%, Kappa #|4= 0.859] A5 L}E}
o, Wu et al.(2024)2 OA 76.0%, Kappa A5 0.38<]
g btk 2 AToA LS RE /] Ao
48 B& 2dl2 Collisn et al.(2020)¢] B3] OA= 16.2%,
Kappa A<= 035 ko, Wu et al.(2024)9} v ushd
OAE 4.1% & vhH, Kappa A4+ 0.12 =& 3=
UERHTE Collisn et al.(2020)2 H A3 HT} F7EAIE
7} =2 30m<] Landsat?] 914 GAS &850 91}, Nor-
malized Differenced Vegetation Index (NDVI), Normalised
Difference Water Index (NDWI), Modified Soil Adjusted
Vegetation Index (MSAVI) 5 ThoFst E343X|45 g4
olf2 AHgstel A Aol7l WA oR WerHch
Wu et al.(2024)2 2 Ao} 22 Sentinel-2A S &-8-3141
o}, AET A3AJo] 9= Normalized Burned Ratio
(NBR)S 3H58|0]E 2 ALg310] 4% Hol7} tehd A
o gekEth AEused £7 mue shavolH =

HFAFE EE8h= Zlo] A Fell A I

2 Aol A SVM ] HatA13l 452 OA
66.1%, Kappa 741 0442 B Yt SVMS 2831 AT
3163 BF <3l= Youn and Jeong(2020), Zikiou et
al.(2024) 5©] Qltt Youn and Jeong(2020)2> OA 82.7%,
Kappa A|4> 0.6329] A5S el o, Zikiou et al.(2024)
2 OA 87.3%, Kappa A4~ 0919 A5 Uelyith &
Atoll A 7Rt SVM 718 AR slRE i 2P+
APl IS ol OAE 16.6~21.2%, Kappa A5
= 0.19~047 7} 2E& £=xE vEWTh Youn and
Jeong(2020)2 = 712} 2 Sentinel-2A S 835130
U, AHE T s M3t 2 11243} differenced NBR (ANBR)
£ F&goE R ARSSle] Ao B et SRAE A

o2 ghehEle) Zikiou et al(2024)0] A= E 7o} 7re
Sentinel-2A % TH85HAAT, Shelolel 2 AHETt Ak
do] 3= NDVI, NBR 52 Sh5Ho|H= AMESH 45
Apo|7k vehd Aoz wetE: thEvjs) a5 vk
g AbE Aol e EEASE ShatlolEE 4
ke A 2do| As ol 719 4= Sl Aem w
St E3E SVMS BlAE #Adds ‘RBFPE OA
67.0%, Kappa A4 0452 uYelhgi, A8 Adgdse
‘Linear’+= OA 65.3%, Kappa A5~ 0432 UElgTh SVM
o] v|AE AYd=¢l ‘RBF’ = A3 #H93r4=9¢] ‘Linear’
B 5L RoES nglow, ol tdo] AuaTe} A

A13Y A435 (2024)

Z)3l= 73 gFo]ti(Yekkehkhany et al.,
Guido, 2016; Feizizadeh et al., 2017).

H oJTLof| 4 RF+= SVMXT} ‘Train Accuracy(RF: 66.0%,
SVM(Linear): 86.4%, SVM(RBF): 89.2%) 2} ‘Test Accu-
racy(RF: 73.6%, SVM(Linear): 80.6%, SVM(RBF): 83.3%)’
= AtjAo g WekoL}, OA(Overall Accuracy, RF: 71.9%,
SVM(Linear): 65.3%, SVM(RBF): 67.0%)2} Kappa A4
(RF: 0.50, SVM(Linear): 0.43, SVM(RBF): 0.45)%= t] =
otk o] &3l RF7F SVMET Aubd oz ¢ F4%F
oo BASS IS 4 Utk RF= SVMET Ho]¥
o] o|=of Eut ol that AFe o] FHold EA4do] vk
B AutE gEth(Liu et al., 2013). £3F, RF2] “Train
Accuracy’©]] B|3}] ‘Test Accuracy’7} AtAo R =2
& RE7} djolg) wele shesr) skl o lvksie
FHE P A A5 AR Yehieh. 2
2u}, ‘Test Accuracy’7} Atz o g =2 ZHill RF7}
‘Test data’ 2] 545 93] & WIs 7Fed = e
™, o] ‘Test data’e]] A3t At %= Ut} RF=
WS &-83f ‘Train data’e] 574 sjdof =5} <
EolA) o 722 B BATS WAT 5 AN
“Train data’@} ‘Test data> 7+2] H3& xjo|u} AMEZg] HEFo]
Aol ¥ vHE 7 e sfoF gti(Breiman,
2001). §FH, SVM-& ‘Train Accuracy’©f H]3}] ‘Test Accu-
racy’ 7} A o ® @1, F Aol shEtehe B
Hlth o] SVMo] d& 1A EHS el 715Alo] Q)
& Aoz ke wehd, RF7F SVMEL o e 4%
o welnk BkE & ek

Z|L, Artificial Intelligence (Al) 7|&9] Ao
J @ Boosting 7| Z33 1A
of wal, 6% Ymetn Heket 27 AnE
7FsAo] dE]ar tkLee et al., 2022). £3], Boostin
Ue o2 o /1% Aiksiel AT o2
AT 4 glol thabet Hopollx] BEE T 9
ARTSSE BR ATNNE S48 45S 2
A7} B 1% It Al-Bashiti and Naser, 2022; Wu
2024). G Aol AL olF A4 WSS
9 e AshEel o AU BR A9E 92 4
Aoz 7|tj=t}. RFQF SVMO| 0474%0] Fa3t
2 285 A, ‘:‘EWOM Boosting 7|2t 22
F QI B o] AP HRelA J1E mae
& ZEse o Faw ARe T Aol

AR E GO e 45 BAF AT UAS PAL
o3} s x]ol A 22t 67.1% (+8.8)2F 75.8% (+4.3)5
wolon, A ®s 1A= 86.2% (1.7)2} 75.0% (7.2)
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2 "ok v daf gafiRlE= 36.1% (+3.3)F 45.4%
(ﬂ:13.0)——] v @& BeFsl A3 S H Y rK(Table 6).
o= ddf x| 2] oF 63.9%7} L 7= S 0111, =
djojEl e} Bl S wf OF 454%= SHIEA] ERE AL
2 A% 4= itk °§_6H DA 2 g &= 4%‘ 3 AA
83} 9= oF 16.3%, A|3E3t 72| = OF 49.6% =
LFER O, Lh%"—zé AR A x3}; g x]o A= oF
6.3%7} =3t FA| 2, oF 18.7%7}F dafl HaA R 22
FE 2 tHTable 5). o]5 3l =3t gajz|et Gal 73|
Zl 7] eRFRTE Ga FaR|et x|xs}; TR 712
7 HiHsHA AR o o= Qlrt ol#fg A
HHCA HEARE ZpoloflA] 71Q1eE Ao R EAHT A4
o7, ystel daf gax] 1k RiARE: zpolof| Hls) s
oF |33} wlafj#] 7t HhARE: 2to]7t & FSiEkA] vERd

O

58 me A

557
o] 8 fler vlofHnh 7} e AHE s3]
A QL 2ol S EHRlsh7] 918l Dunn t 7S AA]
ik 1 Axl, W= 1, 3, 6, 7, 8a, 112 503}, da, A%
shzkel zpo)7F 5% ool FAMLRE FosHA b
Elgch dhd, W= 2, 4, 5, 8, 9, 12 S=33tel g 7F
Aol = frogilon, Aot A|#3} I Aol frolshA] ¢
L Aoz YEhytth(Figure 6). Gafjot A E3}t 7F HALS:
Zpol 7} eslA] ¢k Wi=ER 3| F uslfd 7o
QEF7F Eol A A or AekE: S A e
dafiel 23} wsA] ol 4

_?Loﬂt

YEUEE 74A3 9) o
B3 A3 o] Aol fRo] BAE BAG T
%2 AT olefdt TREE WA EHS HS B35
A wEo] Asiet A\ Ea} WhfP he] HaA HES
o7l sH= 9102 AH8WE 7HsAo] SThWon et al,

Table 6. User accuracy (UA) and Producer accuracy (PA) according to wildfire severity classes applied in machine leaming models.

Wildfire Severtiy

0, 0,
classes Models UA(%) PA(%)
MLC 72.7 69.9
. RF 61.7 82.2
Crown Fire .
SVM(Linear) 55.7 75.5
SVM(RBF) 78.1 69.7
MLC 40.7 54.1
RF 34.7 22.9
Heat Damage .
SVM(Linear) 37.3 51.6
SVM(RBF) 31.6 53.0
MLC 88.4 80.6
. RF 84.5 83.3
Surface Fire .
SVM(Linear) 87.3 65.8
SVM(RBF) 84.8 70.4
3 ECrown Fire  ®Heat Damage Surface Fire
b . B .
30 c b b b b
c b ] b 1 . . b
—~ 25 b E
e\_c, b b [ ] a a
8 20 c 4 a I a 1
g b b I a [
S5 | 2t f = 2 ' ;
=
Q
= 10
5
0
Band1 Band2 Band3 Band4 Band3 Band6é Band7 Band8 Band8 Band9 Bandll Band 12

Figure 6. Spectral reflectance of each band for different wildfire severity classes applied in the training dataset. Bars
and letters indicate the standard deviations of spectral reflectance and the statistical differences in spectral reflectance

of each band for different wildfire severity classes
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2014a; Shin et al., 2019)
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