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A UREN T 5T B AL ThAEA B LALR R, R
PR A= B[R] B E 3, 7 b 36 Al B DI 2R IR
e RO PR SE PR LAT S 8000 i (X)) e,
2024) . SRR T ARMSEON I B0 )2 5 5 240k
PE, Stk apiEbe s . G E S S IR AL, Y
S 3 627 R AR S 30 AR AR S A BT A5 X 5 1l 5
PEA B (] R, 65 2845 M 3 1 SAR M LiDAR 4
A, kg LA 20 1 FR AR = i 4 i B P A - 2
BRI 2% 2 B R RIS i M S92 REE 71, 7
o7 PR AR FRAE AR AL B ML R, E RS
i B IO T R A ) R
324 KEREFHRHSLHE

BB AR AR LK B R 2 | 23 W] 7 252
HIDLIAE R R RS EO™ B = i T E R
T S ARE 2 G A A L AR R DT E Y
T oEmt . Blandb st K% Yang 55 (2023) i ZRAK
S R B L ISR A MO R L AR
R 45 205 BB R &5 Aok, I Th
FE R AR AGB Al T (1 BEHL AR AR BSR4 T RS
4 53 FR 32 F0 23 (] 22 0 TP R AR PR AGB L& [A] 9%
K2 Xiao 55 (2023) i FH % 22 A8 4 A5 I 55 43 2
(CCDC) #¥:, J3Hr 1990 4E—2020 4E 4 Landsat %1
Pt O AR AR TS T ARARAE RS,
HilAE T 2020 4 H [ 4l MO 23 1] 73 A Rical 4%
3.3 kMg

ST AR R N o = 4 R S B R ik
(ST ARSI, &5 A e A B HU 1T DL - 2 ROER AR
5o 2 TOUTHS 1) v B RIS D) B A AR ARG H S 88, adk g
FMARARE BURE | AGB R Ak B S5 A G 2 i S 5L
Fie ST AR FEBL A WA S, 7 R B8 5% D o AT ) 43
Sk I S A4 B A5 R T R ST AR A

331 Z&BESIERE

2LV ST A LB R T 431 48 5 5008 by it A7
WL, 3 I AR M A AL AY S AR XU B
2 B ARAL A [R) 22 A% 45 T 2T DA B AN [R] 199 57
AR lanh £ TR T ML
PRARAL, 5 A0 0 T2 AR A 2 18] 23 Bk R 20 5

0.65m f10.8 m, J5MAFTMRTEIE =5 D2
PR TR RESTARAHAL, IEAL. 5 18] 43 38R 5 51
H2.0m, 3.5m/2.5m, it T 7RG R U
DSM 255 B R Z B4 . MLEHOEE i5 DEM Al
SR b B A, R LA PR ) A ) DK R A e
EREESH BB %, 2021; MOCE 4,
2022; KR 45, 2024) . FALRFEABLYT B AR Xk
PEAT A2 O[] R R LA S B ST (AU, ] 4 e
B T TR R A A LR BUR AR (1 25 18] 4y
BEARIRH] 0.8 m, LTI AT LA 245 B 1] ) g
ST ARSEAR, S5 A PLEIEOG TR IR R I = RS
¥, WU TFAEARME EESE (NidF, 2018),
FEMTZS SEAR S T T, P E R TR TR =
2R SRR A HL (AMS=3000), A] DL$4 %% 7F 18
FAfLZs -6 b, SR T 0.1 m 23 6] 43 B (1 ST AR
A%, ] LU T $2 B DSM H DEM I £ I 25 bk 2
G

3.3.2 EMEILERG

T P AR AIL T AR FH O 00 s A0 Ao 52 1) 7 X3k
VUi i e R R, 3 ok % B DG P R A R A
=, WAENEE LA RS ETREL . 2R
WARVCHCS | e R B EICEAE . T IRE
o) B BEAEVC AL AE (Sha 55, 2023) . Rl
A DG PR 303 30 e R 308 14 10 PR %) AR AL A 00 B A T
] 44 5, VCFCHERR AR 4 Jm % B UL RETE
A I NK R 2, BRER; e REE
VEBL SGM  (Semi-Global Matching) 575K FH £ #%
BRMBA M AL VCEC L, & TV EOR
JEFZC . (Hirschmuller, 2005, 2008; Wang %5,
2022) ; FE TR BE A 2 1Y %8 AR VG JE B AR T I
Gebngs, ZALREES (FIOF 45, 20215 R,
2022; SkBRZ 4, 2023) . 4Ry AL UL LA
P H A AR B L SRE B WL, SRSk
T —RIMRACHGHE R, Blanf 4 Js et il 5 ik
SGBM (Semi-Global Block Matching) & H] T 3T
Tie FIAZR R ACH 5 B AR R4 i B8 1 B R NG i
(Lastilla%:, 2019), tSGM 325 BR il 5% & 1M
LA RJEHE, R T Census VLRI BEHRAE, )5 &2
A% FH T AD—Census 205 M & (Rothermel 55,
2012; JLPHE 45, 2023), SRR %
VEHL 7 vk 2% 18 TR R 0 AR Tk 2 & Fr B i A
FRIERG I (Z0Hate 2 2022), BFAEDUAL L FE
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FEEGARE) . BRARRAE LB S, 38 AT EHR T
B SR S P M A SR B L i . 2 I R B 4R T
fic R 20 9 22k BB EAT VS L, # R 3k
45 iz sh Pk &2 45 ¥4 SFM (Structure From Motion) .
LM R B E CMVS (Cluster Multi-view Stereo) .
FF e Ay S VL AL 575 (Patch—based Multi-view
Stereo) %% (Furukawa fl Ponce, 2010; Chum %%,
2010; EPHM 45, 2021), EMGQFHEVCECE LTS
BEFUE e 5] TR P P B AR VT HE . TR
SRR Sy e AR VL LA (VR 3K 45, 2022; A
&, 2023; MEEBL AE, 2023).

X AR AR 5 X, AT LSRG 4 AR 3t
FEAG R, X FomE s X3k, o TR 18] 5 A
ORIEPY, LA SRR A A S AR ME AR IO
T HIFEA(E H. (Persson fll Perko, 2016), %454
WOG BT IR 5 0 SRS BEARN HUOE RIS 1Y
ERSE (fiSch 45, 2018; FhEm 4, 2021;
S 45, 2024) . JC AN AR 0] LZEAR
IR B R0 B AR IR o 5 ) 4 HER A B, TTLUOKS
21 iy R A AR AR G A () A, SRR RS E A9 DSM
FIDEM {5 B, Al AR &5 A et i 4 2500 (fr ik
4520205 XN LAL ZF, 20215 YinZE, 2021; Lei
S, 2022) MU N7 AER R AT DL AR R
M MR 25 [ 25 4, FH 1 2 BRUCH R A o7 8 0 g 4%
S22 (Chai %5, 2023; Zhu%5, 2023; Yan 2%,
2024)

34 RUKERE

o i R R sl . B KT Y
W T MO RE B S 80 s A I R AF SR AR 2, AR
HBS5H AL SAR . T ¥/ AL T ¥ SAR F1JZ T SAR
HEIEEE A . RN -, U 54F SAR
AR T R P R R, xS EE
KEHEILREIE M BERE (524 )% SAR
F4) T 2021 4@ RIF AT H ML (Fan
4, 2024), 3CULELR S SAR AT 2016 4%
2021 4 2022 4E N & 8 (Zhang, 2017; Zhang
&, 2024b), 2023 4 H A Lk B2 o T
SAR I A 55 fkiz 17 (Tang 5%, 2024) 4§ SAR
Bl “RKas” IRICF B S ik R AN Tl 43

341 1R SAR

TER AL SAR BRARSHAG I T 1T, 3T 5 4FRAF5T

(R 32 B 0F R B AE 6T B A Al I B R U AR B
#, ALFE S TR B RR AR O 2k U 7 (Zhang 4%
2024¢) . HUTE 5 G W AR 0 — 4B A IE 7L (Nie 55,
2024), LR m Al MR ik (Zhang 55,
2023a; WiKAS 55, 2023),

3.4.2 FiH/EALTFH SAR

TET AL T SAR ARME S 00k I 7 1
1525 T5 [ TanDEM-X T2 #2411 25 & 19 X %
BOWR TV SAR 58, H N3 A2 i i T
SAR Z5 AR S ML A R A0 2 800 1 vk O I A
FroEme . BN, Zhao 5§ (2022) $ it 1K AR AR
25 B 2E B U ML 1 2 2R s Zhang 55 (2024b)
DI 25 1 SINC AU i S Atk [ 42 H T Multi-SINC £
Al Lei % (2021) [FIMEEE T2 BREESEHLRIEEN T
A [r) S 52 AR i B PR T T i /N 9 1k
2024 4F 11 7 9 H D R STR L LA Lol B R~
5 TanDEM-X —kE A X P B, — Kk 2, “I”
i ) 25 AH T 0 95 UG R A, BB R 5 4R 76 Ak
KT SAR RS EOA I B AR 5T 5 0 H 25
PG K JE

Bt 5 Wi s J5y BIOMASS AL %) i) #E ik 55 [ 1y
AP B LR IR T R, RN P BT
WAL T 95 SAR AR B 45 44 2 00 I 47 R & J iR
W N, LiaoZ (2019, 2022) R T P&
SAR 5 B . FH R B AR A A T G AR AR
AGB A RE Ty, 4553 W P Bl fb 19 SAR
J5 VL P AR AR i B RN P U B SAR LR I 19 FUG fig
AT E AN TS, PE RS G T4 R AGB ARG B2
Xu g5 (2022) WS T PUCE TP SAR A1 X I Bt
TV SAR Ph[a] i AR bk s FE 4R O 1k, RO T 1540
IHEAAG A, 54k, B T Ak T SAR
FFOL TS S BB W F i, ENRAE%
TR PR A S kg A —40de, R S R
BN 5 AR 22 I 4% 45 T 1 92 PR 7% bR S 80 s
(Zhang , 2022),

343 E#SAR

UTLEARSR, EORBH AL BE s B IR
g7 2 YR SAR #ifer, EAEENZ AKX
J T AR e T A Y JE AT SAR B, AR HE T R 2
Bt SAR RS BRI T i) K i, B AR BAENL
AUZEMT SAR 13 73 B A AR Tk 02 A F T B4 AR
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ZHEAH Lo fln, 7E)Z SR 7, Wan
S5 (2021a) H& 1 AASRES T 56 B AT 1 B 4 B
WACEAT BUER 51 5 Peng 55 (2021) H4lE Jmy H U8
Wik ATEATT 20 RGOk, AT T
1R 58 BUAG T3 1% T 56 J2 5 A AR 67 T o0 1Y 43 B g
1o AEJE AT AR AR A $2 8 R b, Liao 4%
(2020) ¥ 12 BN HH )12 s I SO ARED
2T )2 Hr SAR FH AR AE AR IUR , AR T &%
P AGB Y A5 0OKS B 5 Wan %5 (2021h) Al Li 45
(2023) Y% BN FEAR AGB 32 B Z R AR 43 I £ 1Y 45
HER, a2 e . Ear TR gk
JE 55 Z2 A X B AGB BEURR 1) J2 B 50 T T LART 45 44
i, ¥RE T)ZHT SAR ZHHEEEA X FR AR AGB Al
KRBT T -
4 FHBAH BE S 808 BOE = R /AL
R

I A SFC A X R | R R A S i A 1
TS B S A DU R B gY, R AR R TE
ZUREAE A . BLA S 2D B N DL R ] 4]
I 4 7 1 o

41 ZEHERSERSERE/MGD

TE R M VK S5 R TR B 0% B SR I
BE—Hl—#ZF 5. ¥ -LIDAR-SAR £ i& & 4%
GLMBERTFRSAMSE . Wik, Wl ws k%
2 BT B A, B v M R RS R T B
A DU R U R R T — AR SR A (BRI 45
2024; AIKE S, 2022; MERZE, 2021). BAHT
(2019) X Sentinel-1 1 Sentinel-2 T 2%, %%
A SAR WU REE RO B 2061508 1 5 6iE
fFE, F R AR A AT, S K2 T R
M bR AR B AL A . SunE (2024a) 43R
FH T S0 6 E A AGB B dlE . E A ML 1% A
LiDAR S5 =848 . 85 DR 26 8dE . ok
M “R—2—h— 1L R, 2R FZ K
B LRI R A Rk, SEEL T A R LY
HENAL R I E N AGBAE B A I . Chen 5§ (2024a)
FIRERL Tk A A . JC A HLAD M i 8 2 0 B8
i 2otk ROt WOLEFIS . SAR SFEE 5L
MR AGB I [&], Fo4r K5 T 25 18 B 1
P, RERBHIRAEG T 28, HdUZ
TE— AR/ 5T DX IR T R 5256, ] 12 vy 455 7Y

RS TR, SR ERAMTR R .
42 HEWSHNBRFSEN

BEBLARAR . S )i L LA S N T 28 0 2% 45
SRR M B RS HUE B RO TR R T TR
M (Hemati 5, 2024; Wang%, 2023a; =%
JC 4, 2021) . Xu4E (2023) FEET T REHLAR
ARG 0 E N i B A IS, O ] T i 4
AR XU R 20 43 7 55 B A 1. REES (2024)
XFHC T AR BL R 2 S R, 2 DRl T A A 5
P ST A A 09 RE JEH EA yaAik
43 ETHERFIIBTEERERKHSEN

IF 2 SRR, AT R B R A K Y Bh S
fb, WRBHE R GE K SRR Z R R
(Ali%E, 2016; LiuZg, 2019; &3, 2023), %
T 0] e 371 32 JER A Al 10 A B R R W e e — a2
PR RS RGN AL (Chang 55,
2022) , WEEE (2022) A H 20 4E (2000 4 —
20194F) [ MODIS %4k, R HPLAS 5= ) Bk it
3P AL 7 b X B M AGB FEAT 18 A I, I 20 #r
T b T b sh 25 AR Ak Y S B IR B R 2R R R AR AL
R A BRI T X — A~ B A X I R (] 57
TE W A BFSE, A0 Sun % (2024b) R E AN
S HIMODIS FY NDVIL™ iy, A T a8 0 BE iy
NDVIE [ 731, T 880 5 i X () 7 5 () £k
W, A DA B2 A W S 4, WD EsE RS A A D 46 2R
R 4 221X AR PR — R sh A AR

5 MRERE HUE I

P28 SR AR HAT A e I Ia] L e s 18] B
oy B AR ARSI R ARG B M U, i
S ARAT AR R GE K A B LA A2 FE R, AT
ARE R BORTHERT B S ER S HE
PATR 23 ) S S ARE I, RO L 3 A 228 g
I T 5 AR TS .

5.1 MRENRGE BT

Hh [ 2 2 T ST AR R AR PR R R T A i SR
I PR BRI SRR (RESEK 25, 2020), BEXT
LR R B EOR RIEUTJE TR E Bz MR R,
fie Bk T T 28 SRR AR TR JBE TR P e 97 KK T A
AR 2 AR KT IR AR T AR 26 TR ) 2 55 7K
SN G R K TR Bk G 2 S
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VAR 3 e R A A 25 3475 T T A RSB AR Y
HARBEIEHEAT I R4S

51.1 RETHRERTRY S EIA R K & 7k 64

FE] PN 27 35 R FH 22 05 T 2 3 B, A9 T
T B TR 26 BRI R AR SR I Ty i, JF
IEFH T AR AR R T e b . 4 Li (2020,
2021c, 2022) Ayl A2 v [ AT RA 2 AU A 1LY R
B, BT D REEBEE . AR X
T ] A RIAR ARG R O A S, S T e RUE
IR ey B e A 1 = S =1 B3 T 52
AR, XfaE R EARRIRARSE 3 IR T
TR R, IFR LR T AR AT e S
W Li%F (2022a) FIA Aqua DAL T Hh 3%
JIAG ' A SR S AR I8 1 4 B T ) A e
W B R (IR BCEDVI SHE B Sk B E R, #2
o — 3 T TR AR A R e A W AR A
w7 R KR R UK SR B B T s Fu B
(2024) 7T T VWC 8 B EDVI X A [] 4=
TERA JOR B ST RE FRE B2 25 5%, DLW AR
B A K (R FRE 8 X)) Yl 25 7
fie S, BRI T ik VWC B 50 K R BF5E P Y
SEHME, AR RAE RN

512 RPMEREN SRR R AZSE EN

BEXF R AR KK HORTG K, 3T 5 4R [ 2
BT E N A TR R RO, WS AL TR K R
A RGP E AR Tk KRG, 0
FHTKAG W FER SRR T, FER R
T IS N A T R R B A 2 D vk, T A A
45 (2020) #EET FY-3D/MERSI-II 43K & 5 H &
o7 [ 000 9, I P T A 4 R 1) AR MR R
I, T BE e 55 A W) B BA bR B 5 X B R 4
(2020) F£F GF-4 PMIZHE HA v 21 41l i
PIRES, SR “BFRE” Mg T B K H S
N7 [ (BRI A3, I T o [ RS ks W
X &S (2024) BT 3 EEZ W MHE Z 17T R
TR R G A TORE TR AT LG 21 A B A% 4 S A
(VIIRS) #di, 420 17 —FhBCA ROG I B 20 /b &
JEEIE (R /N KSR (FRILD) Bk, 4
THUNKE BN, J5 & U Zheng 5 (2023) 45
4 CNN A VIT BER P A5, B2 T —Fh e B 2R bk
KR Z5 IR M AR ] SR—Net, 444 T Himawari—8

TR BRI SE (/N B R, A
B T =A% Y50 Hu% (2024) 7E UNetfE
DR RAL S ABR 22450 | T LR 2 R 4y
ERLH, HEA NS TESE (GF-6 WEV) A%
P T 25 X 03 B 4R CAFSmokeSEG, 213
T TR ZR PR K 55 53 #1 B GFUNet, JEAE
GF-1 WFV #l HJ-2A/B CCD ¥4 14 I # 4T T T %
BUE, ARIE T 2 U5 18 JEBUHE 16 R N 5 R
8 FH

FERGARMM Ty, HAFMFE (2022) 8@
1 5 1A i Ak AT R AR LRI FE VIIRS K W i 5
Tt T U A ok g AR ST TR UL ) 2k
S B BN T N £ R 7 B 1 SR R ARAB OE
Liu %5 (2023¢) $2H T —Fh e 1938 H R R E
L U A SRR | Ay T B A R ] 4 L
T U HF; Chen (2024b) 1XFRRAK o &5 SiE
M) B 2S5 R AR 2 2, 4 A9 45 & 3DCNN,
Transformer F1 73 2 S3 HL ] A AutoST—Net £ % | A
PHE A b Al R R PR K T 5 ) Je 5 R 4 SR 5 s B A
FROE, A 2kE b S R AR X AT B A

513 REWRERETME

w2 2 I [ N AR A T R R R
WG R T Cbe i M B, B0 Ak ) AR A
W Z VN AR T, FF T B N SRR KR
FAFVEAS TAER . Xl (2021) 58 T FH
GF—6 WFV £ 1551 K 53 b 19 38 ‘B 1 B AR
B, M 2019 4F [ N 52l R SR AR IX (1Y 3 ik
B il KO SR M I TR FH b BRI 25 452 4
AT T AR AL XM K ZUEE Sy A 3K B 7, 6 K R A
PR E MR RS % UL (2023) 1
TR — LR HE % (ENBR), JFZ56 & T
E Y A OSTU 58 A H /N oK B8 38 b 7 ) 3 41 B
Zhang %5 (2023¢) 1 T — Fh 4 25 43 (Total-
variation) 1EMfk UNet 58, A RGHEE T Sentinel—
1 CEH JCbe i i il RS B 5 KRS (2022) ot
THRTF TR 2= S IR KB PRAG AR SR kR
e A S it % e g 7 AR T — BT R 5 Qiu
45 (2023) AL T 2001 4E—2019 4F 1 fa] i 3= 5L
A S HR 1 e 475 7 o R 8 X AR B B O L B K HE
B I SR AR B BRI, A XS AR A A
O WO 7 DL R B KA AR T B S
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5.2 FRMAR HRE E B TE S

HhE BRARGE S2 T E  RE U, 2023 4F
3t 164 A Z B IR E R . 1548 T E K E A
LI AR o BRI AR G R L T
52U I H B S, ARMO HL I RE S
BUERARMIFAGE T 2MITE ( FangsF, 2022).

521 IEERIEN

FIHI Z2 A B TR R R R, ) LUK AR AR
U T I A B S AR AT IR, JF A G
B A W) A2 s e e e, A B T 48 s R AL
(Zhangf’ff, 2021; Kuangf’ff, 2024); Wu%% (2019,
2021) M FH i AR T R T AR AR X
e &N E o NIA T R E 5 Ny R 7 ) A S i
BB Sy Aol B N R R ge b, CEThEZ
HITJE T R HZRYE . B B AR 18 SR AR 1A
Wik, maRd. mE—T. AR5 %mT
PR T RS TR m s ) mitE . £
JEIE T HERI GG, AR R AR RUE Y
WAL T ) HE (Zhan %, 2020), HA&T
PR I IS5 A T

522 EAWLERS AR

AR, IR AL IREE Can el oG
2otk . mOGIE . HOLE IR . A AMENLE) 1
TEAHL, FHOCHFFE 4R T B E A A £ s A e ST
AR (AR 2 3o R I B AR SRR R T AR TR,
SIS AR HLUU T B ROBE ORI,
A E B KR TTIN . BRAEGbLAR 2] Bk
W FmEHL (SVM) . BEHLARAR (RF) . e/
T (PLSR) S57E FRMO HLE WE I 3z
AN, B2 2] ARk 575 (Faster R-CNN
YOLO £ 4145) 76 BRI 5 HIF0 B Fr ksl Jy i J 2
TR mEPERE, 45 AN WOE R Z ik E G
A LS X AR MO HRE AR SEAR B A BRG],
P2k HU 28 €857 A ) A B AT 3K 75%—90%  (Xu
4520205 Deng %%, 2020; WuZg, 2021; ZER
i A, 20215 2T 4E, 2021b).

523 HEFHERRERRAME

VTS AR, T P AR MR R Y )
RS PE AL 5 T A5 R B A S (Luo
4, 2023; ZEUAVE, 20235 Yang %, 2024), 5%

35 1 L R G BIGCR H 52 35 a7 = AR R
BRI AR AL, B EOCTE T MM & AU (Yu 5,
2021a, 2021b; Li%, 2022c; Zhang%5, 2023b) .
g KN (Gao %5, 2022, 2023). WIAS/NE
(Lin 5%, 2022) . WX AMAERT (Zhou 55,
2022) AR HURE . AN, R TIEOE LIDAR
() 5 = Bt DU A 32 FE R AR5 2 4549 72 46 (Lin
&, 2023), FIHMLERINAT SIME R R R MR 2
FIG e Z B (Wang 55, 2022b)
&, ZMMEIRIRNEE G, B 1 )2 450 A
FEZ BT H TR £ e Rz AL

6 RAELRE BE AR 55 AR T BUIR Pk
DRSPOR

6.1 HFREE B AR M 540 N ALK

ST s PR e LGS S ) 1 P 5 SR 2 A
FRORY . ATEGE . KEPE | ESBEETT
T o ARFEAT M 8 A DG A Mk 55 T A D 3 Rk
ARG PR A5 A 25 R A I ARCRE 9 T U
AR DRI G E SR S s 23 51
X 355, E XA S 55 S 7 5 e AR
S ADO BT N L AN 1 RL WS4 7 N G 9 5 3 N
55 AR BUIR o

6.1.1 MEZEFESETAETIEN

FE MOl RN B SRS T 2020 4E 4 4U0T R T % 4F
FERRMB A R ARAR TR IR A B “— R R AR
TAE; 20214 kA0 1 “MRAEDREE 55 =k el
] - R A i X A A R R R s 2022 AR 414U
FE T (2022 4F A E ARAR . FEJE T H R A W 4
ARRFR); 20234F KA T (R EMEA LA W
FARMAE) (17), JF7E 2024 4F4I4UF R T “4
FE] AR AR N M T AL A T, X — RG]
PR A IR M 0 T 0 8 R A T A B AR R /4
MATLAE H, A EARE AR LA WD L A R R
Tl BB R A A M | SEmt vk i 2 & Wl 55

A4 [ MR A A 2 A W AR AR . St
RE LA, BB AR Z 55 i n
WAEWM T ILA . (1) FEBEWEI, 41wk T
BIEREGS, la E RR AL AR IR s A R B,
— L M TAZ SR D, RS T AE AR F e A HLE
BEAR; (2) AR (BRE . AGB. fkfif
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) KHARE, SRR AR R A kT R A
(3) T b A Bl o 5t PR 1 0 000 R FH T2 A 32 R A
A LS AW (4) Sk ib/asie +
HiL ) I A TSR JE AHILRE L A 5 1% o

FRARGE USRI 38 T R A 4 R MR R A AR
WM B AR R —H 5, 8T WA Es, B
ARSI it AT 75 JEAE [ R A v CRR AR 9% USR] a5 1 R
B ARMA) (GB/T 26424-2010) . FBARTERIE
R S5 8 S S B 7 1, IR 1 A e LR
LiDAREEEARPA, HILSFFEE/ABXE
FEALEE LiDAR 48 sy i F T K X 2R bR 5 A0
R4 (Li%E, 2023),

FEMOE L T 5 W, ARE (P A
P ] e AR AR5 DO vk B 2 A R ) (2023-
12), bR L bR A A RO i S
PO Gt i) MR B AT BHE B A2 Sk SE R, TR
W76 8 Thg AR i, 5823 T E R R M
TH A FE R B, AR B AR ; 2023 4%
A = A IR CHEI k2 3 M)
(CCER-14-001-VO01), fEAMAEYRMAE L, B
SRRLE R GAMAERE MO AG S5 FE 7k, HE ¥
HLER LiDAR W 5 24l R I i .

612 MEREMELEN

I O ST TR SR MR I T W
BARMKZR, B, W RAR RN, KK
R FR BRI KRB M 45 SE B 1E 2023 4R )
] SRR T D 2 2 5 S 1 4 ) R ORI D ok
RS TAES, AEA S T 15 Al R sk
il PEbR A, LA, BB A
AR I Ay BRC A  FE R T R B AR R . KR
WA RC N T ZMiERTF-Br, s DA
WL e CEAAL, JCABL) @R, P T
BRERIE WA, Rl e TR T A ERE MR K
SRS, BT EE—A () —&
2Pl 55 tkiztt, BT PREENHGE LA 2 h
Bt RO B s BT s R TR R BSEARI K
5 WD AN IS A5 R DA AL 2 S B AR

2018 4F, HEZ MO AR )R KA (E R MK
WA EFAY LIRS ERE ), 18R E SR
ST VAR RATEBOX (EAT MO R Sk 5 i 0 42
SR EOR RN T M T B A A K 18 IR
VAA TR, At IR A R B X MOl B TR %7 A

FHISEROL, R 2O W SRRl A
FAYFE . KARE L KA KAWL
FEFERE . RGO . RAERINFEREL, Jf At
EAEMRIEA MG B o B AR AL A AR
Yy, RSB EMOL A FEY) . RAEMA A E L
Yk F B NI A AE B B TAE. RS54, T2
128 S A 0 B R RS R M A P B B AE MO AT A
FREINHT, D9 DU AR LU B9 5 AR U
frafdfit 7 EHOR S

6.1.3 BAMRIPHE LM

HARGE Y L, R R AR, RHEA— @55
O3 AR BREE DX, AR WA B AL EE T A SO
TGRS HAE BRI, AR 2 N st (R
. wARSE) . AP (Bsth. kk. BEAEY
FE KT FRE) UL WA PR
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Abstract: The past five years are the five years when big model and general model of Artificial Intelligence (Al) are gradually integrated
into people’s daily work and life, and the five years when remote sensing + Al technology develops rapidly in the fields of land cover type
identification, change detection, etc. It is also the first five-year for the implementation of the national strategy of “ecological civilization”
and “beautiful China”. Summarizing the progress made in the research, development and application of forestry and grassland remote
sensing technology in these five years is of great significance for the country to formulate the development plan of forestry and grassland
remote sensing in the future.

The paper summarizes the main progress of the forestry and grassland remote sensing research and development in China in the past
five years into four research directions, namely, change detection and classification of forest and grassland cover types, quantitative
inversion/estimation of forest parameters by remote sensing, and that of grassland vegetation and early warning and monitoring of forest and
grassland disasters. From a general point of view, the research on forestry and grassland remote sensing technology shows a rapid
development trend from traditional shallow machine learning to deep learning, and from “data” -driven to “data + mechanism” -double-
driven direction, and the deep learning method develops quickly and deeply in change detection and classification, but not in quantitative
parameter inversion/estimation. The production technology of large-scale forest and grassland thematic products, such as global and national
products, has also been developed rapidly.

An analysis of the integration of remote sensing technology into existing technical standards and technical programs for forestry and
grassland resources and ecological monitoring, disaster early warning monitoring and monitoring of nature reserves shows that forest and
grassland cover type change detection/monitoring and classification technologies have been widely and deeply applied to various resource
supervision and disaster early warning and monitoring operations in the forestry and grassland industry, but the degree of operational
application of quantitative inversion/estimation technologies of forest and grassland quality parameter is still very low.

In view of the challenges in promoting the comprehensive and in-depth application of forestry and grassland remote sensing
technology, it is suggested that the forestry and grassland industry should vigorously integrate the “space-air-ground” multi-source earth
observation resources, comprehensively apply remote sensing, artificial intelligence (Al), statistical inference and other cutting-edge
technologies to build a “space-air-ground” integrated monitoring technology system, and greatly strengthen the investment in scientific
research, technology exchange and talent exchange and cultivation.

Key words: forestry and grassland, remote sensing technology, operational application, progress, countermeasures



