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Abstract: The single spatiotemporal fusion method or the use of a single medium spatial resolution image (such as
Landsat image) and MODIS image spatiotemporal fusion have shortcomings, this paper proposes a comprehensive
use of the classic Spatial and Temporal Adaptive Reflectance Fusion Model algorithm and the surface reflectance
space-time fusion algorithm based on the temporal phase change model of the components within the ground fea-
ture, combined with various sensor images with better spatial resolution (<30 m), based on the principle of "time

closest and spatial resolution priority" to traditional single medium spatial resolution image prediction period (such
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as Landsat image is 16 days ) to segmented independent prediction, and optimize the combination of the prediction
results of the two methods to obtain more accurate day-to-day medium spatial resolution prediction images. Based
on the results obtained from the above method, it can be applied to forest fire monitoring scenarios. Taking the 3-30
forest fire in Muli County, Liangshan City, Sichuan Province as an example, comprehensively utilize MODO9GA ,
Landsat8 OLI, Sentinel-2, GF-1 WFV remote sensing image data for experimental research, and extract fire index
factors (Burning area index and normalized burning index) based on the daily medium spatial resolution images—
obtained from predictions, and analyzed the evolution of forest fires. The results show that: a) The comprehensive

utilization of various types of medium and high spatial resolution remote sensing images can solve the problems of

ther research.

long prediction period and low accuracy of traditional single medium spatial resolution images , and can obtain more
and practical significance; c¢)The results of Normalized Burn Ratio are more sensitive and effective when analyzing

accurate daily medium spatial resolution prediction images; b) The two algorithms have their own limitations in dif-

ferent types of remote sensing data fusion applications, the combined use of the two methods has theoretical value

fire evolution trend based on spatiotemporal fusion images. The study believes that the remote sensing dynamic mon-

5l
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itoring of forest fires based on spatiotemporal fusion technology is feasible and has the value and significance of fur-

Reflectance Fusion Model (STARFM ) ; components within the ground feature

Key words: forest fire; remote sensing dynamic monitoring; spatiotemporal fusion ; Spatial and Temporal Adaptive
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Fig. 1  Location of the study area
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Table 1 ~ Experimental data

H J i i ah H Js i R
201943117 H MODO9GA 20194416 H MOD09GA
201943118 H Landsat8 OLI 2019441 7H MOD09GA
201943121 H MODO9GA .Sentinel-2 20194419 H MOD09GA
20194:3 122 H MODO9GA .GF-1 20194411 H MODO9GA \GF-1
201943125 H MODO9GA .GF-1 201944713 H MODO09GA
201943 126 H MODO9GA \Sentinel-2 .GF-1 201944717 H MODO9GA
20194E3 H27H MODO9GA 201944 H 19 H Landsat8 OLI
20194:3J130H MODO9GA \GF-1 201944 20 H MODO9GA \GF-1
201943131 H Sentinel-2
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Table 2 The characteristics and use bands of various types of remote sensing data

WK s/ =YW FAR)idEa LR W B BURAR 4= G SR ZAW ] 22 S B 7R £A ) N 25

(R) (pm/nm) (pm/nm) (pm/nm) (pm/nm) (pm/nm) (pm/nm)
Landsat8 OLI 30 16 0.630-0.680 0.525-0.600 0.450-0.515  0.845-0.885 1.560-1.660 2.100-2.300
MODO09GA 500 1 0.620-0.670  0.545-0.565 0.459-0.479  0.841-0.876 1.628-1.652 2.105-2.155
Sentinel-2 10 10 0.650-0.680 0.543-0.578 0.458-0.523  0.855-0.875 1.565-1.655 2.100-2.280
GF-1 WFV 16 4 0.630-0.690 0.520-0.590 0.450-0.520  0.770-0.890 7 Jc
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Fig. 2 Flowchart of the research
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Fig. 3 Flow chart of Spatiotemporal fusion algorithm of land surface reflectance based

on temporal phase change model of components in surface features

BT ) DA 2L Pt R A P TR 4y 3 S S5 A 23 il 5 Bk = AR R U IR A
ZEEREL

pre_Sentinel_T1 = mean(MODO9GA_T1 — MODO9GA_TO0) + Sentinel _TO (5)
PR T -
MODO9GA_T1
inel_T1 = ———) X nel_Tl 6
pre_Sentinel_ mean ( MODO9CA_TO ) X Sentinel_TO (6)
AR AT

(MODO9GA_T1 — MODO9GA_TO0)
MODO9GA_TO

K, MOD09GA_TO FRIRTE TO B ZIMIK 73 B3 18 3G (5 1) b 3R S 5 308, MODO9GA_T1 3R/RHE T1 I ZIMIK
I3 HEFRIE B AR MR S 2R AE, Sentinel _TO F /7€ TO B ZI 1) Hh 155 43 B 5638 I8 (8 M 3R S 5 2R (8L, pre_Sen-
tinel _T1 %75 TN A 30 A T'1 s 220 1 v w8 20 9 536008 R 15 b 3R S ST 3R AHL , mean F/R X BT AT (R (L34

AR YR FE AL = b SC T A B A0 A Ko B — 2R TR v B ) 43 R AR SR X T 22 TR B ) S it
MIAT 2 B8 2.1 5“2 A sk ms”  HL St FRAR L, (HJETE “ R ZE 30 m” 43R
2.3 NRIEHRBEFNA

TERRAR AT W o 1 8 SR AR, o B %o fe P PR R B 233 A5 B 075 30 ) AR B 1 53k e 1 B8 50
IH—fb R 5
231 BABRHEIRAEEL

WRBERI AT 20 (Burn Area Index(BAI) ) f& R F AR I 21 €4 1 Bt (Red ) FIT 2T A1 BE (NVIR) e 388 5 A8 LA

) X Sentinel_TO + Sentinel_TO (7)

pre_Sentinel_T1 = mean (



1 BRI , 55 < T I 28 5 BR B BRbR R i S sl 2 s 271

J B A B, Bl i K G K LA UG AR 5055 AR XA BATELELBOR o 13 X R
1

BAI = (8)
(0.1 = Red)* + (0.06 — NIR)

16 ENVI5.3 R G180t T B %45 “Burn Area Index” B A] 3401 5T X MA B I AR5 5k
232 H—bIARFEEL

T — Ak B 48 8 (Normalized Burn Ratio (NBR) )23 T it 21 4B B (NIR ) #1421 40k Bt 2 (SWIR2) K
R R T ) I DX, BRI X3 NBRAEL LN TR A S 0 T
(NIR - SWIR2)
(NIR + SWIR2)

% “Normalized Burn Ratio” B AJ 330 28 X U — Ak MR BEFE 2

NBR = (9)

1E ENVIS.3 s R DS S0 T Lk

3 ShSie

3.1 BLEHERSA
FIF STARFM 557 F1 3L 9y P 20 43 B A 22 AR 4SS 78U 1) b 3¢ 5 S 258 B 25 il 5 3809 49 ) % MODO9GA 5
Landsat8 OLI,Sentinel-2 & GF-1 WFV #1725 il . M3 P EnG 45 0 (W2 3) B 1l 5 1Y 52 4% 5 ml A H:Ath,
I IR ARARAT 1 [R] B 20 i 5 AR 0 A T BT H L 20 AR YR S 36 J9T SR ) Bk 2 il 5 B0 RS B2, 9 %k R
iﬁu):é@km?aﬁl%L TTHEUMT. W 4723 A 22 H GF-13%125 MODO9GA s AL H 3 H 21 H GF-1

A%, 35 Sentinel -2 5214 %} H , K 552 3 H 18 H Landsat8 OLI 5

2 4% 5 MODO9GA 5242 1 3 H 26 H Landsat8

A%, 315 Sentinel -2 52 AR X, B 6 2 3 A 26 H Sentinel-2 52144 5 MODO9GA 524 7l 3 A 30 H Senti-

nel-2 314 , 75 GF-15%

CARKT L

R3 EARMEERMESER

Table 3 Fusion results based on the two algorithms
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Fig. 4 Use GF-1 and MODIS images on March 22 to predict GF-1 image on March 21 and compare with Sentinel-2 images
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Fig.5 Use Landsat and MODIS images on March 18 to predict Landsat image on March 26 and compare with Sentinel-2 images
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Fig. 6 Use Sentinel-2 and MODIS images on March 26 to predict Sentinel-2 image on March 30 and compare with GF~1 images
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Table 4  Correlation coefficients of different fusion methods in each band

GF-1 Landsat8 GF-1 Landsat8
W (R7S Sentinel-2 W Bk Sentinel-2
WFV OLI WFV OLI
STARFM 0.82282 0.322121 0.8433 STARFM 0.69427 0.488156  0.779996
FEE TR 0.999934  0.991624  0.997054 ZAERR 0.999925  0.994409  0.997216
Blue A A5 7R 0.725759 0.95292 0.983889 Green L E TR 0.924479  0.942685  0.964037
AR R A Ak A p
0.929607 0976202  0.993188 ] 0.980698  0.991081  0.985483
Y |
STARFM 0.6209 0.890898  0.807921 STARFM 0.72999 0.942022  0.751936
ZE{EER 0.999895  0.995933  0.997652 PR 0.999703  0.995629  0.982426
Red LR 0.96795 0.958517  0.979053 NIR oA R 0.939944  0.974016  0.874922
Ak A di Ak A p
0.989078  0.992736  0.991653 0.986721  0.999345  0.953731
STARFM \ 0.968821  0.785769 STARFM \ 0.927021  0.815941
ZE{H AT \ 0.999614  0.996526 AT \ 0.997105 0.99742
SWIR1 HEAE AR 7Y \ 0.973796  0.937981 SWIR2 HEAE AR Y \ 0.966437  0.937335
AR b R A Al A ps
" \ 0.99962 0.976966 » \ 0.991687 0976187
= i =4

T P AR EE T Hu ) 2 53 AR AL Y 22 (E AR, L (EASE R A QR I T W 21 4 I A A8 A 1) PR RRY , 8 A SR QR T T 1 )
LTI AT AE AL A AE AL A AT



274 H %R K F 2 Wl 3%

WEV RTINS AR 5 2) Xt F 2R 6 B, STARFM A3 Hu 49y 21 43 s AR A8 AL 1) FUAELASS U X6 Sentinel -2 114 1
SRR, 22 (E AR GF-1 WEV B TIN5 R S5, A8 A SRAR R X Landsat8 OLI 4 500 &4 88475 3) X 41
U B, STARFM | Ji b 4 21 43 B A A8 b 1) 25 B R TR | L AR AR 760 A A% b 8B Y 43 31 X Landsat8 OLI, GF-1
WFV ,Sentinel-2 F Landsat8 OLI f*) T 80 S d5e 1 5 4) X T VT 21 AMB B, DU AP 3801 B4 000 4650 S i 1) 15 SRR 5
1% 7351 M Landsat8 OLI.GF-1 WFV Landsat8 OLI.Landsat8 OLI;5) Xt T8 I 21 4 1 F1 2, 4 Fp 353 7F Landsat
OLI -y UM RO B4 A5 o %ot F4R B 2 b K G 48 s B 7 e R g B, T e P 22 (B AR agE 4 7 ) , e JL A gk Bt
Yid F , HROJR AR AR AR R | i 5 HUAE AR A STARFM A5
32 NRTEUEFESHR

XiF 2 i 2 il S T AR A R TR A, AR BT B A (3% H Hp 85 245 18] 4 BER T R4S, 208 i % 35
WFZ G K RAGHRH F, T GF-1 WFV AR o P £ 1AM B, OGS H — AR B8 55, LA “Bsf ] Fe 4B
T B2 25 ] 43 BRI 587 S JE U S BUAF 4 45 111 Landsat8 OLI/Sentinel -2 T SAAGE M B T %35 8k, &0t
TR, AN 7 B2 I R AT A A L 3 A B[] R e T AR B Ak 1 8 TR SR Ak R R AR T LR
15 09 3 A4 ) B4 UE — AR SRR B

(a) KR & AR BAL (b) KR A bt BAI (e) KR ZHJF BAT
7 KREZERTH . HE R AR PR IR AL

Fig. 7 Burn Area Index before, during and after the fire
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Fig. 8 Normalized Burn Ratio before, during and after the fire
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