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1 5 7

Ak, Z BRI . ANRIES T
H SRR RSN E R, PR K7 a8k
TN E R K, TEEBEIR RS RGNS
516 (Zheng %5, 2017; FE2%40E %, 20205 X
B AR, 20205 RS 4F, 2021; R4 SF AR,
2022) . fEMCKEANG, HFIRBMER RGN FH R
B B2 VAL, AU BY TR AR S R AR SS
R M EEWILE, W HEE MM ESRRBE
Tl 0 St 4R L PSR AR TS G AR 4, 20205 #E
Sekk &5, 20205 BEH B &, 2020).

MK F RS RG D AR,
W MK BN (Burn/Fire severity ), 3 %K

S BHE: 2020-05-13; FRENAS: 2020-09-01

N TS A )5 047 2 B PPl (Keeley, 2009).
XA 5 5 EOOR BEAS AR A A G VERA B PP 25 2R, (B
JE i BAE S KB T . Wy A E], AR RIAE R
RUBE S Bl N [R) 20 TF e PFAfi i, JHE 3803 A0 X 5 A1
CEMIE %, 2016), K, T i@ B iy rAh
T, BN R K B R DAL I 9 0 TR e Ty
4] (Loboda 2, 2013; Zheng%, 2016) .

BE T2 B B AR K BB VEAR O vk AL
L2085 B K (Veraverbeke 25, 2012) Fl47) B
% (De Santis Al Chuvieco, 2009). Hir, HT %
0 ] U A D A 1Y 28 B AR B O IH — R R R 95 B
NBR (Normalized Burn Ratio) , %4851 58 J& 5k
TR G AR O T aa kDX ER 5 PR A O R Y
L LLAMBBOFI A LT AN B (Chen 55, 2011). 7E
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NBR $5 £ Hefify b, oS Ak ok B0 S SO 35 1Y
AL JEHERAIE, Key A1 Benson (2006) F| Ak k
R E R EBGAR, AT 2R R 220 A
— AR5 ANBR (delia Normalized Burn Ratio) ,
TR T AR RN EE B 5 BT Al s O T AR
R T R A DX O T B B VA 4 R 5
Wi, Miller Al Thode (2007) i — 5 ¥4 B AR X 22 43
H— 1L RABEFE 4L RANBR (Relative delta Normalized
Burn Ratio) , F T80 MIHBIRI A EE ;. 7E B IE A
b, Parks 55 (2014) NJE L ALAE RANBR $8£0H AL
T, AR T AT AR B E EL RBR  (Relativized
Burn Ratio) .

VER B — AR e bR, iR IRk
T AR KB ) &R . W0 Lentile 55
(2006) e T H R B EAE R U A 5 AR iy T Ak
5 Quintano 5§ (2015) FEVGHEAVGALEB AT — Ak
Kb, BIFGET A N A [ ) ] B ) b 3R B 6 A
FEMCK B BEVEAL J7 H AR RE s Zheng 55 (2016) Fl
JHEE5E RIAE B FE XX EVI (Enhanced Vegetation Index )
FHL R IR B 25 G T — Ao g bR, IR L
FHT 2L VAR Tk K i ZL B PPAR RIS v

TEY) BAS R A WSS 7 1T, Chuvieco 55 (2006)
254 T Prospect Fll Kuusk 4 S HIARL, K T4
[F] 20 185 48 20T A 4 e 2 00 D63 e O RR A, DA
Y Ry bRk U RERIESEPEAR 1) 2K 5 5 De Santis F1
Chuvieco (2007 F12009) WIE PG Pt 4 Hh S X s —
TR S BURE S S VPAl X 4 S A2 i A5 A A
2595 0] U AR A F A B R AT T B X N 23 A
I iE— 20 M 45 & Prospect 1 GeoSail 8 S & f s A
VAL T b it DX =3 bR K R B3 25 [R5 AT

FHAN, FEIEZHAER (Patterson A1 Yool, 1998) .
Z T EIER A R (Quintano 55, 2013)
SR A (Zheng 55, 2018) g T
PRI 8 B VAR ARG

SEHL AT RIS (A0 CBIAEEL) & LA Al iy 4
SR A, (H S & TARER 2AE T R
NS Y IIRIEE] . JEHAE AR IR A LR Y
W PEAS v, 2 ok XA B AT REAF AR “RFE” AN
CEAE” OIRAS s J3AMeR TOME AP T R S b A
LT R BB 1 bR K B RE TP A I RCPE R, BRI
T RE B ARTER K FUEE VA o i) B U0 (Zheng
45, 2020),

BEXT bR XA K ZLE R AE VEAL SR A

B DX 35K 1 o sk 8 e Ml R AR R A, e
W LR B AE G M K BB DAL B B Ak . (U2,
SIZ b ] e R0 Z R VA 38 RS R AR K X,
T B ELAT AN R PGS R

Hur, AHCHIBTFEEE (Pan 28, 2011; Matasci
45 2015; Yan %, 2018), iTRE B el
PR [] [X 3, 22 [6) A ABL AR AR AR i O 4R, IR AT
B P A R I e I A P, 5B
3 58 3k o DX ) S b R A B, fEIE R R ) Bk
(SRl I, R AR B B PEAR A AL, ok R
F20204F3 A 30 H &A= B9 PU)1VE E 95 1 BRI K
FUBE IR AR AL L DU R it Kk X B PR AR 38
R, fEatwP e e K.

2 WER XI5 5 dE

2.1 WRKXIE

wE s, EEE bR XY 2020 4F 3 H
30 H & A= AE D148 st L PG 2 i ek DX BRI A9 95 1
ARk . H 3 ALK, U AR X S84 22 20 H
ToREK , TBIE N 5%—10%, KA &S H S
ik31.2°C, W T—8%., ZIX IR T b [ ) I
PO R R A, BREM R s, AR
MEHEE, 2 TR MEE, F42H,
IR KIS 19 X, 1 K TR 10 km®,

TE I 3 [ v PE R Y Mule 1 Bear KA Ky
JRIX I (Zheng %5, 2016), FEILTFLIFHE.
(1) 59515 E AL, Mule Al Bear #4437
FAbkskh X, H 33phh ot k X R s e
¥E T e (2) 591l RSB AL,
Mule F1 Bear 15 Jk [X 3 fit) = B Fh 1 J& T 5 BA G 5
g5k (3) Mule F1 Bear i1k X 38 & T 5 J5 1L
A, T L AR DX 8 A e EE A R T R
o L b A X3, AR AT B A X A R T RS
F )R o PR DX R A AR A LA T 2 1
JIim o
22 KMAEHE

TEMCK KAz DUG TF R S b Ay, e 3 T i sk
B AR EN FE P S T R A 1 SE A S 9 A 4K
P K IR T 52 [E] National Park Service 1 US Geological

Survey 5% B ) JFSP (Joint Fire Science Program) il
H . Mule Fll Bear Bk X 35 i 52 b 8 £ 504l AR HR
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MOH, 11040 FEH (322), FESEHb A i f

Burn Index) Jy ik

FTPEAl, CBIH 0—3 Z [6] 1Y%

22{f  (Key Fll Benson, 2006; FREH] %5, 2013),
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Fig. 1  Study area and locations
1 MARIERSEFE
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*2 IDEEREEMIHIFETHE
Table 2 Remotely sensed data and field survey data

2 A CBIAA
Mk 8x S Ny 5 - — - -
S ] eI Mk EARAR WAk RERES Szl I A I ] Bt
Mule 2002-07-11 TM/MODIS 2001-09-21 2003-09-27 2003-09-08 % 2003-09-11 55
Bear 2002-06-27 TM/MODIS 2002-06-13 2003-05-13 2003-05-28 % 2003-05-30 55
Pl 2020-03-30 ETM+/MODIS 2020-03-21 2020-05-08 — —

K2 CBISHLH AR
Fig. 2 Field work for CBI data

2.3 EEREE

nF 278, KT VCEL Bear A1 Mule A 1) 52
Mo AR ], 2EHK 2003 4F 5 H 13 H H12003 4F 9 H
27 H i 5% /¥ Landsat 5 Thematic Mapper (TM) %(#
(https : //earthexplorer. usgs. gov/[ 2020-05-08] ) , 1E
R IR DI K A S B SRR s AR b, R
2001 4£9 4 21 H 12002 4F 6 4 13 H i 58 i T™M 5%
1% (https://earthexplorer. usgs. gov/[ 2020-05-08 ] )
Vi D IR DX IobR R AR iR R SR

BEXF E AR (RIYT IBRAROR ), 3l e L
202043 H 21 HF120204F 5 H 8 Hid 5i ) Landsat 7
Enhanced Thematic Mapper (ETM+) #(#& (https://
earthexplorer.usgs.gov/[ 2020-05-08 ] ), 1E Rk kA&
AR AR K R A A R R AR . AN B 1 B
Landsat 7 ETM+H i “Hdi 554 227 ARsgmi 3] H
PRI, BOTCHT % TR R 2 A i 2 5 [l
RHL 202047 4 7 6 H il Bg A s Ky > = GF-1 3%
JEHE  (http : //www.cresda.com/CN/[ 2020-05-08 ] ) ,
LI T IR 27 ) Rk S B DAk S B DAk 25 2R
HORE HEEAT

FREP Landsat 5 TM F1 Landsat 7 ETM+%4 4 4
KR T USGS EarthExplorer 1Y C1 Level 177,
C 58 M T RS R IE M LA IE SR AR B, 5 22 B T

AbPRTAE . B GEE bR . KRR IE AN Y AF Y 7R
ENVI 5.1V 5E R

L7 i 3R B S TM/ETMA+5E AR 5 355 10 1] 34
1 km ZpHF 19 MODOS /™ i ifis , T FL I 3 M
TR R B P OR AR BT . R L 1%
ALt . HORMEF WAL BAE ENVI 5.1 S2HF T
A MCTK (MODIS Conversion Toolkit) T.H fJ
eI o

TE b ok 3 JE B A AL B Ay BE Al B, A
ArcGIS 10.2 #X {F Spatial Analyst Tools ' Y Extract
Multi Values to Points B8, F2HU 5 CBI SEHH A7 %K
I AFT A7 B o O TEAA

3 BURE VA AL

S B DR . RAUIRGE - R BH A
A RIR W2, 5 X 5 E AR DX IR HAY 1 J%
BB E TS 2R, HHEA %=
SR, R IR DA AR X0 28 SRS RO A
FFE) ZASB RS B, A8 3k S8 R A 2
s A (Al rp R XA H AR DCEURE A BAT AR B
o)A, BERS SEIVPAL B AL AT AL N ] (Matasci 55,
2015; Yan %%, 2018),

31 EBFIHE

ETOHEMI (Matasci 4, 2015; Zheng
4, 2020), AMFFEIEREGE FTE RS 2 2] 9 SSTCA
(Semi—Supervised Transfer Component Analysis) .
PEATIRIX S H A DX B AO0 I r 28 e . %
VLM PanSE (2011) $@i, HAEEAJFHEML T4
4t 1) PCA  (Principal Components Analysis) 7%t |
HHEHR RO E LT 34084 (Pan 45, 2011;
Matasci %, 2015; Yan 5, 2018):

31,1 BAr1:E/NEREX A0 B AR KI5 A
=5

223 SSTCA 7848 J5 . 5 DI H AR DX A AR
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iGN, B R AR ARREE )7 22 Ok

PR IX ORI AR DX AR 001 15 22 S R o o
F8HR MMD (Maximum Mean Discrepancy) AT
(Pan %%, 2011; YanZE, 2018):

2

MMD(X, X,,) = (D

1 < 1 &
ZZ{(D(XS‘) - TEFZ@(XT,)

A, XA DCREA Y IR BOGTE B3, X,
g H AR DI A 9 128 OGBS R, @O
ZLSSTCA kM M T e, n PR IX SAE A
Bk, g, R HARKIRAEARCR , ||« | A R 1A%
z5 1] (Hilbert Space) yE%U.
PR e, 2L (1) AIekS 2k (Pan 4%,
2011):
MMD(X,, X,.) = tr((KWW'K)L) = tr(W'KLKW) (2)
Kb, KASEAAZHERE, LR K 048 75
T WIS S AR B FERIAE R, WOAUE
W Wi
TR B E OGS B B A TR R, LU
TGS R PPA AR A 1y 2 o], 7 S KA EE 1Y
T B BRI Z I E AT (Matasci
& 2015; Yan 2%, 2018):
I 'S e o e ot
ng + ng, izl(xi - X )(Xj - X )= 3)
W'KHKW
Kb, HRPhOHRE, HAER
H=1,., - 1 (n +n,)e R& w0 (4)
£ial (2) M (3), HAR IR HARPRAL
min, (W' KLKW ) + uir(W'W) )
st.  W'KHKW =1,
b, o (WW) HTERZHRITRENERE, u
FHT IR B bR s b AR #05 RE A2 AR B AL

312 HiR2:EETHRAERN FTEXEBHEEAER
B 47 385t

U5 DX 38 1) Py S A A 3 1 S b A A L
I 3 6 552l R £ 7 R 0 AR e R, AR T
Ja S BUEEPPAR B R 22 > o % B AR o] DA b 3R
RA (Pan 55, 2011):

Tr(H(KWW'K)HK;,) = Tr(W'KHK;,HKW ) (6)
A, Ky, =vK,, + (1 - y)I, K, ~HT 9214
R BIMAZAE R sy 800 T S A
R B R T 2 2 TR A E A

S =

313 B#3:&RBE
X7

Ll AR, JROGIE 2 6] Hp R S AT AR AR
g s v AEEAR Z ) R B ik . iz H s a]

VIGEmHE R (Matasci 558, 2015):
1

== I8 A BB B K/ Y AR Xt

2

mZMHX -x | =
! w (7)
(ng + ny, ) tr(W'K(D - M)KW)
S Ta

At DRI D, = S M, s MO

e, Hopryoo R ATk
oo Lo (=d;.20”) x5, H A LRI
: 0 HoAth
gi b, KX (5. (6) 1 (7) HITHA)E,
2435 SSTCA B2 > SRk 1) H AR sR B 2
min, (W' KLKW ) + uir(W'W) +
A
(ng + ny, )
s.t. W'KHK,, HKW =1,
FEXT AR (9), FIEE Rk I H el K -
A=(K(L+ ALK +ul)'KHK,,HK  (10)
THRILRAE S 8 B, IE AT m A RRAE AR X
(R REAE ) 2 2H OGS AR 4y FR AR R W

3.2 ZIEIE LR

T SSTCA I8 2 WAL [ W, ) TR X
BN E bR DX O T e By IR IR R R, T
BRI ZAHRE . RS, TR XA AR
P, M am H AR (SVR) (Cherkassky
FfIMa, 2004; Zheng %, 2018). SSTCA 5 SVR
RS A A B RE PP A SVR-SSTCA

min gl [+ e S £)

s.t. ‘Ys,i - f(X5,w",b) ‘ <e

K, o | AR I, £ RME AR, &

R I, CORIET RO TR B e i
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FE 3K S8BT R A AR B 4 R B A e, PR IX
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SRR AR Bl
3.3 #ERSIMEEETMN

AT, SSTCA 53k i i ¥4 JH] MATLAB %X
) “a domain adaptation toolbox” T. H. 4 5 #i
(https://www.github.com/viggin/domain—adaptation—
toolbox/[2019-12-09] ) , SVR 5 % W] i i 94 JH
MATLAB 4 {4y “LIBSVM toolbox” T HA 5231
(https : //www.csie.ntu.edu.tw/~cjlin/libsvm/index.html/
[2018-08-06])

BEXSSSTCA Bk, e BB E M EE BB 3
Fiim e Hod, EXESEm A AL, He IR
B, A H AR X (RIS I BRbR k) BEHLE L
10N FEA, JF7E GF-1 8 B R Lk L, &%
Quintano 5 (2013) A4 2 A AR E (A0 3

R =K

K3 AR H AL
Fig. 3 Visual inspection of field plots

Legend

A, Sk 7 % 5 A58 7R B0 B P Ak 245 R 0E A7 0
AN, He IR R R AR bR o, X 4% B 45
K, eIt K XN A ST R 50N FE s, 362504
ISUEREAS , FHF 15325 B PP-Ak 45 2R f TR v KB G -

R T 5 EL T B 45 56 R A A5 T SVR AR AR
BIPEAG 25 Db 15 0 — % Le o i, 3 T O 1k
DU U B S S 3, R R DX 3 1 S b A R A
FIFEE T 3T ANDVI, dLST. dNBR #5402 5 8] )

&+

), EEMBENLREAS 2EAT H AR

AT SSTCA Fk 2 XA .
®3 SSTCAHZESHRIEE
Table 3 Parameters of SSTCA

2 BHE Y SRR

1 (Pan %£,2011;
Matasci %,2015)

LR AR RS

o K5 Iy A LA

Linear (Pan 55,2011;

K A (2) AR KRR Matasci %5 ,2015)
A K (8) AR RS AL 100 (Pan %:,2011;

Matasci %5,2015)

0.5 (Pan %§,2011;

b4 F(6) I DX SR A Matasci . 2015)

m AR J RPAE A ek B SRl
A (9 hRy A5 S AR E 2 U/R

ik
GF-153214(R: Band 4, G: Band 3, B: Band 1)

00.751.5 3 4.5 6
L 1 1 1 1  km

e . N

- u A

PERLFT SVR BERY o 5545 18 By 28 s R o
(Chen %5, 2011; Zheng 5%, 2016):

dNDVI = NDVI ;. — NDVI__ . (13)
dLST = LST,, . — LST,,, 4. (14)
dNBR = NBRpre - fire NBRposl = fire (15)

A, AR Pre—fire £ 3 M K & Az B0 6 35 45 £
B, N5 Post—fire fCERM I L AT HIIEIETE 2L
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4.1 SHMhL

WE 4 frR, SSTCA Bk Hh i S BHUE F -
m=8 Ml 1=0.01, X i i Kappa {8 fiz 5 4 0.692.
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Fig. 4 Parameter optimization of SSTCA

AR () SE AL RN R 4 TR . FEJIT e
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HK A SVR (RMSE=0.59) ; 754 2 it 25 56 1] 9 455
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Table 4 Optimized parameters of different models

SCA () A paR 2 i)
ZH" dANDVI  dLST  dNBR &4 SVR SSTCA-SVR
a  -5.7432 -3.9002 -3.5515 C  97.0059  97.0059
b 6.14  6.7279 5.0181 & 0.3789 0.3789
c 1.2824  0.8767 0.9666 m — 8
R 0.25 0.49 0.40 A — 0.01
RMSE 091 0.75 0.82 RMSE 0.59 0.37

* ANDVI.dLST F1 ANBR #8 £3589k FH — 70 R IR SEA T4, T 1R
IHFERIE R CBI = a X (x)* + b X x + ¢ (PIEI/NT0.05), Hifa,
b e Rk 3T B
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Fig. 5 Scatter plot matrix of original spectral feature space across source and target domains
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Fig. 6 Scatter plot matrix of projected feature space across source and target domains
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TEZURE S G AL G 4y bR R FEAE T (Miller #1
Thode, 2007), N T 5 Key # Benson (2006) iy
BB S ANV, A brifE . KA L
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(1.25<CBI<1.75) . H-1m 484 (1.75<CBI<2.25) |
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Fig. 7 Mapped results of burn severity levels using different models
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Table 5 Accuracy assessment of burn severity levels using different models
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Table 6 Quantitative statistics of burn severity levels

using different models
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Abstract: In recent years, forest fires occur frequently around the world, which severely damage the structure and function of the forest
ecosystem. The initial assessment of burn severity could provide a quantitative basis for rapid implementations of post-fire restoration
measures. In the last decades, remote sensing-based models have become an appropriate choice to assess burn severity, which generally
require a certain amount of field survey data. However, this requirement could not be sufficiently satisfied in the first moments after fire,
since the field survey work would cost a substantial amount of time and labor. The absence of field survey data in the initial assessment of
burn severity would largely limit the efficient application of remote sensing technologies. In this study, a transfer learning algorithm (i.e.,
SSTCA, semi-supervised Transfer Component Analysis) was employed to propose an initial assessment model of burn severity to improve
the time-efficiency of traditional remote sensing-based models. Firstly, the SSTCA algorithm was applied to project a series of new features
from original spectral features of remotely sensed data. Based on these projected features, a Support Vector Regression (SVR) model was
then trained using historical field survey data from source areas (i.e., Bear fire on June 27, 2002 and Mule fire on July 11, 2002). Thereafter,
the SSTCA-SVR model was transferred to the initial assessment of burn severity of a target area (i.e., Lushan fire on March 30, 2020).
Finally, the performance of this proposed model was quantitatively compared with those of some traditional models (i.e., dINDVI-, dLST-,
dNBR-, and SVR-based models). Results showed that original spectral features of remote sensing images over source and target areas were
quite different. After the SSTCA projection, projected features of source and target samples have a similar distribution pattern in the new
features-based space. Meanwhile, in the initial assessment of burn severity, ANDVI- and dNBR-based models have overestimated burn
severity levels with low accuracies (i.e., overall accuracy was from 20.80% to 24.80% and Kappa value was between 0.01 and 0.06).
Compared with them, the dLST-based model has a better performance with an overall accuracy of 34.80% and a Kappa value of 0.19.
Although SVR-based model has shown a promising performance with an overall accuracy of 58.00% and a Kappa value of 0.48, this model
has overestimated the burn severity levels in some regions of burned areas. The assessment results of burn severity levels using SSTCA-
SVR model has the best performance with an overall accuracy of 71.20% and a Kappa value of 0.64. We conclude that the application of a
transferring learning algorithm would be helpful for building an assessment model of burn severity with a good transferring ability. In this
way, more accurate results could be obtained in the initial assessment of burn severity, and the response of post-fire management might be
accelerated after forest fires.

Key words: burn severity, transfer learning, initial assessment, Landsat, forest fire, Lushan
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