1007-4619(2025)10-2989-17

ETF % UEE NS S HiE 5 SAR BRI %

W, RRE, KR

L bRl R AR IR sk A 7= 4 [ FE S S5 28, Jb st 100083;
2. Jeaipolr 2 MOl L 50T B S SE IR, JbaT 100083;
3.dbEMOl K2 BRMER T SR EE T E T8, dbat 100083

WOE: EEREAREMAIETES . SO 24 E BAREGEST, RO EE TR, 2R R
AAB RN B 5650 PR, B a U AR R Z M e 2 5, AL T A 50E 24 T 820 1 H
REEWE B SSORRE, MIERGIERMEM E AN T, AR, ER B BB eSS S E B RE LWER,
WFEE G ARG R, SR E XX, A SCUL AR TR KOS X, R 3 AR
B4 EZER . MW, 8525 5—F@Brmm2es (55) SHAb 3 K MMIE R4, #E T — N1 )
INBEAR S R R 40 B 1 BB W BRAR AT IR 2 T 2% . IR B IS 25 (Sentinel-2) ZGIEAR
54 E—%5 (Sentinel-1) SAR ARG, #H—FILNTERGR R BT LEBSIA MY, F5I A%
Dropout FLZRAYIE ML T THEALET, S8 H 8N 528 B AR Sh ARG WY . fEa A i, BRGEE A
R IALR R ICE OGS 0 W RAE, 45638 XOF B 51 S0 SAR SCHE XA a1, AEARRAE Rl B B sl A s il
HRSE B TTRE . ISR R, PR A 2 RA SR SRl G RGN L T B R e, RS2
KEEEIR T 95.24% , ¥t A5l . ARZSHUE S MM 3 250G BE 730 h 96.78% . 94.07% . 91.73% . 92.90% . AWF5i5
WE T 28 X 2 MU AE 205 sl i M5 8 D Rl AR A b, A 24 IR T 1 2 R SR AR M it T 47 A

National Remote Sensing Bulletin & & 5 4

HESGHA S

F4817 . Sentinel-2, Sentinel-1, A X JFEE 11, HFmh4,

hE 4SS S757/P237/TP79/P2

BMArZE, R4, Concrete Dropout

S AN B—0, BTEERS, KR .2025. B TR B NG S HIE 5 SARBIRM RS 2 B RKFR,29(10) : 2989-3005
Xie Y F, Jia Z H and Zhang X L. 2025. Forest classification via cross—attention fusion of multispectral and SAR
remote sensing data. National Remote Sensing Bulletin, 29(10) : 2989-3005[ DOI : 10.11834/jrs.20255159 ]

15 5

BMAES ARG R SRS NS
i 25 £k R F A= Wy 2 AR 3 v B B AR
(Mori %, 2017). TEARMGT A A 5 WIAE S5,
AR B o3 A5 A5 28 A B R A W i 5 it i
(Tian %%, 2022) . WEIW AR H5%  (Pimentel 5%,
2020) . faill Sk A2 FF (Arasumani 55, 2021)
SERRUE T B SR SRR, R, ARl A R R X
B PRER  fE AR EUR RS BRI R A A E R
J Ry 24 R RO 328 SR AT 2 114 B 0 7 1)

1% G5 19 AR ARG D 3 e 7 R B = A0 A i 1

rfE B HA: 2025-05-20; FENZAR: 2025-07-03

P, AR X B P AATERSCR AR . A=
SFMIAL (Smith, 2002) . HEEEAR G HRIER |
S S0 R g R IO AR R L, S ARARTRU B 8 T
HOEIRTE (White 55, 2016) . EAEK, 26k
& MSI (Multispectral Image ) TEMO 8 8 H 3
HH 283z, JEHZ R AT K 5 3 H Y Sentinel -2
TR, EERBUERE ., GRER TR . B AR
SERFY, BUTIZ T ARME B SR (SRR
325 (Phiri%, 2020; PerssonZ$, 2018; Immitzer
4, 2019; E3H %, 2023). Sentinel-2 7EHIBELL
N5 I LLAM B X R A | A IR O S A el
Z 50 Z)m a1 i #F  (HoScito Fll Lewandowska,

EETWE : K25 — R ARG IR MM 4L A 7R AL (4545 : 2023YFD2201700) 5 5 3t —Hb 35 5 bl 8 2058 A4 i R IE 4 1 B R 2 000 S SR BT

5% (45 :32171779)

FE—EEE N WL U MO R R S E B AR . E-mail: 18801495791@163.com
WIS EE B RWER, BF 7T 05 15 bk i B 55 B3R . E-mail: zhangxl@bjfu.edu.cn
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2019; Grabska 5%, 2019; 5KHI 45, 2023), 4JF
FEAG A ARAR T 2B 0E T RS Ry B Al o KT
B — RO ' 2 O AT AR A R AT T i PR,
I3 B R G T e L A A v BE AR, R R AR
T A 18 35 8O R A5 0 25 S AN B IR B AR AR
Sy 1 AT HEIRVE o B L ALAE T 35 SAR  (Synthetic
Aperture Radar) $2184F 0 Fshi@ R 3R, W%
BB b Al A R RR ob f) R TR AN 25 M R, i A
Z AT BRI, AT R A T 22 1] A 40 A
25, MW . ot g5 LR TR IR A
SRR 7 PR ATL T A o 1] 51 35 R TR A AL A4 17 0
T, REREHRBE S — M A AFIE (Dubois 55
2020), kG TOGEoRER [ RY)” 4. TR
M, SARSZAQGE I B . B AL A
SER VR IE AT A RUOTR AN 2 B AR B4R EE Y
AR I, SARSEAGAE RO B A 45 kb 5T
AT I AT M S B R TR SRR TR
WHF ST, E RS B A RS I 4 T R
M EE LB M (Adhian s, 2021; LinsE,
2018; ZELedfE 45, 2023). L REEG ZEEEGR S
SAR AR B, T SE BT W A 1) 22 48 B 255 R ALE
B SR IPIAGTIN M) e PR FIRE S (Bjerreskov
8, 2021)0 R, FESCPRBLAIH, T PR A
TEYENE . ROERHE X A e 20 i B3 22 57
T ey A ORI 5 AE 58 B M B i R R AT A AR
il Pk d . PR, el i 85R 5t 5 SAR %L
PR AR IE, B ARMORIIAE B, 248 A A 26
AU P 22 v, R AR T XU BE BRAR 3 2 ROR 1Y
I

MRS Bt Al 5 2 5 072, 1 B
TR R R PG . R SRL A AR SR R
4 (Gao %, 2020), 435l XF I T B 2 > #5580 (1) 5L
PR A« FRESE UM 73 2R PR AE 3 AP B, Hi,
QR IR G 2 T8 1R B T B BOW AN [a] 6 1) 328
RGEARIATRIG , B RS 5 A B/ D i Rl
R A, ARG IR 2l E P . R
S5 HrEl4 (Shahdoosti #1 Ghassemian, 2012). /)
WA A A (Li%%, 2017). Gram—Schmidt 25 45t fil
& (Chen%%, 2017) %5, FRAESRENG 8 TE R E 7
ARERL PR A A [R) K PR A v R RRAE HEA T Rl
LB R RS, FrIEHRG B HERG &t th 24
D £ i B i B2 L) 15 200 SRR, AU FRIE R

G kARG R PR L ARG (Tang 55,
2023) . FEESHLE (Dai %5, 2021) g A R 2%
45k (Wang 55, 2020) 45, PRSRGRENG T
KUK B, T8 78 2 805 15 58 BURHIE 52 SBORT ) 22
SIRZIE, P 0 A R AT R G DU AR
AW REER, QTG B L AR R
Dempster—Shafer ilE 5 211 (Shafer, 1992) fliA 7
% FER# 2T (Ghassemian, 2016) 45, 7EiX
3FEG ARG T, ARG AT LR ER H
A B, HEitEEER, HXMEE RN R
(Chen %, 2020). PRHMA LG BREG L RT
ok R, HIZ 7 A T R s TR Y e 4
FHEER, e 2 EE R )2 RS B, BRI
THXE Ze iR sRE ) (Hu%s, 2021), #HLL
ZF, FHERLG AT LIS EARIUA, H SRR
2 SR A T S B g () T AR BRI, R Y TR
18 JEE R Al A P 9T 3OS 2 —  (Ghassemian,
2016),

TR NE & 7", Two—Branch CNN (Xu
%, 2018) ML BRRIERLA ik, Bt
XU SRR AE 2 O 28 4 531 4 B /3 Dl 3 52 18 RO
IR B 2 RERRAE 7R RRAE Al A B BOK 4R O TR
FROE AT PR & SC A2 . Rkt 7
BOSFRIE AR A, H TR 5 0 RR AR DF 42 5 i 3 3
FROELEE I, Bt dn, Jf k= X Fp ik
HEEMER I AR S, BRI TR R
UEAEK, FEE AL (Bahdanau%s, 2016) X
FRIE Z [ RO ¢ 2R B Y RE I 9% 12 5 I ARG 155
oo HERIHLEIT LIRS R A, AT
7| P 48 51 G B ) ) RS B XK, SR
F AR B RRIE LA . Bl A, AMM-FuseNet (Ma
A, 2022) Z54EIE TR T HUE R B A I A
i 23 18] 42 P8 i AL Sl & 2 IR 8, L TR
5 B RS . ADMOHM (Zheng%%, 2024) 5%
P& T —~ CBAM {1 & JJ 3558 9 2D-CNN % 2%
TRlG 2 &Y. R, LR ITEA
JE T HE S 5 R IR U B AT R R AL, RS TN
[FIAAS T AR AR R ) 22 5, LG8 T iR
BEATER 17, MELH A RIS 2 18] 9 o ] O
A, TCIESCIEIE B SRS A,

LS (Vaswani %, 2017) AL REW7E
ARBESZ M A ——E" &R, @i
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—MEEIE RT3 — B RIEE R, S
PR 6] 1) S 20 57 5 3 AR5, A TS
TR RS R BRI AR . X R
22 IR 22 Ta) O A i [ i A 4 it 1 SR B . A
W, A SCE N A 3 0k Bl SRl G A A Y il
o7 SOMAE L R R ITA . B ERE R ) L A5 ]
RS UPE SRS A S T L =W
Al G PG, RS FRIE . IZ MR BT R
PRI MSI R E AR, 28 LR R 1515 HAS SAR
FEAE AR ma R DX 3, TR TR] 3 SCXS S RE ) o (]
B, 3100 2% 2 Dropout H R ) 1 AL T T2 AL
PR G R AR T S AR Y, I E A R S E A
TOAY, DA S 90 0 s b B I AR bR O 2. teAh, %
JE B IS 5rb i B S B R R A E A Bk
WA . Bie A BRI EET (Boudiaf 55, 2020),
A SCHRRRN DG/ IMEA M T BRI RE R L, R
R TTETEEAZIR ATz 55
FEE .

A3k BURA AR 1 = B A T T A IX
W AE MFFEIX, JET Sentinel-1 5 Sentinel-2 5215 ,
a5 N T HOM RS A ARMIE &5t 2 o 28
FEALE, TR KNS . il 5 E Rl
BT L RIE, ARGV T EE 7 TR 4 K
I BRAIREE M Sl I A DT T R B WFSE A
ATy T vl g B Bl S AR R A
I AR ARG TS5,

2 WX SR

21 WMREK

HAEXATHEZMESHETEFX ST
HE A A (22.81°N—22.96°N, 100.86°N—
101.17°E), RIEAZ A 531 km?, &1 (a) Fiw.
iFF 58 DX 4t ab 7 A 2R XA X, AR AR
19.5 °C, AFFEMIEAE 1100—2780 mm, X sl 55 LA
ity 3, WEIR G N 1142—1827 m, HbHGE R
BK, YA T 5"—47° . WF5E X N AR TR E
W, OB R DR £, A a N TR RO
o DRPRZE AN 45 AL BT MR () S AT IR AR
BEFRZHE, AT BRI, A58 X N 2 2% 10 2%
MREEF 25 BRI St K T PR R o A STHR 4l fF 5 [X
PN 2 R 2H RORs ) g3 8 25, R P

MR MRS AR B, BRML . KRR
M, Horb, BRRELRIRRMR . AFrE O MRS R R Bl
RIS, AR ISR 6 P An bR 5 LU
B2 SRV AL R ORIy N 73 D EL R SRR (L
oA 35 SR A A P B ARG B Ao DX

22 HiE

221 ZIIEEE

AW T F Y 25615 it ol Sentinel -2 3245
Sentinel-2 TLR A ZGIEAA S 13N, Lt
FEl k1 400—2400 nm, i 8 T2 EHETE GEE (Google
Earth Engine) “Ff5 (https://developers.google.com/
earth—engine/datasets[ 2025-07-03]) kb ¥ I T %%,
1 HX Sentinel-2 MSI L2A 2% il ) 3 3 /2 4t % SR
(Surface Reflectance) U4 ™ S AE W EHE IR . Jy 3R
Wows B 1 6 = 18, fE GEE - 5 i 1% 2023 4F
3AF 10 HEHBIR XA TLEZAA, JIFH4E e ik
= E/NF20%, RIEEE = GERE, FIH QA60 =i
RPBHATE DR, ISR EBERA,
BT GBI N A2 5O0F ik, RS2 R E
Ja BRI AR 9 o Sk HALFDI e, e
i T m B, mARBUT 202343 25 HIY
BN NI R 206 B IR (K11 (b)) o i
THERWBEBIOAS H5RARIE, HIADTEH T
BEEOE AL & 1240 Be, FIr A BB 23 i) 73 B 3
KJH KA 10 mo
2.2.2 SAR##E

A G T 08 FH 19 SAR 2045 4 Sentinel-1 5214 .
5 Sentinel-2 24 M [F], X Sentinel—1 [ 1% 1) b £
5N #ITE GEE V- 5 58 . AWEFE LU B iK%
P& 4 Sentinel-1 IW GRD (Interferometric Wide swath—
Ground Range Detected) 7=, H T SAR Bif% A2
RIZMESE N, JORT HEAT 2 HE A 2 A B
A H 4% % B 5 Sentinel-2 6 2% 52 4% 5] 1 4k B A9
PRl e AL T VV AL S VH AL AN BB
W AR 5 2 5T DB L R 4R e R
R A AR 35 R T BE A S, O SAR S22 7E SNAP
(Sentinel Application Platform) % 4 v #f 17 T
Refine Lee JRZALHE . 21 SAR S ANIE 1 (c)
B
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24°N F 22°50'N :
T100°5SE 101°00'E 10105'E
o SMVFEA i
23°N + () EEERNH A XEE252E (46 B8, 4. B4, ¥ B3)
(b) False-color composite of the Sentinel-2 image (R: BS, G: B4, B: B3)
with the distribution of field sample points overlaid
22°N |-

99°F 100°E 101°E 102°F ¥
22°55'N @
(a) BFFEIX g
(a) Geographic location of the study area

22°50'N

10°5’E 101°00'E 101°05'E
(c) 525 ERAAMMERISHE (L. vV, & VH, . VHD
(¢) False-color composite of the Sentinel-1 image (R: VV, G: VH, B: VH)
acquired on the same date as the Sentinel-2 data
B iR X B e

Fig. 1 The study area and corresponding remote sensing data

223 EIEEHES E bR

b TR A B8 T 2023 4F 3 7 7 T R R
o GiEE TR XN LS R A TR, 7R
T A KBS BT, FERE T TR AL
i B 4 1 g b B #K (hittps < //www.ovital.com
[2025-07-03]) CRENAFE, % MET I %
R BT v I 1 o S N DB L 2 P N
Ty S 00 RN RS Fofr 26 1805, AR R BR e K ]
WM, RAERa s HI iz, RibRE
8530k (1), [ FRIBCE-H 1 JE X 2 Lk
53 2020 4F R AR BT IR A2 /NP R LA R 7 I L T A
W37 2016 4F B GE IR IE A /N IEECE A5 A AR
MONBERPE SR Bl . AU C R FEHEANE R . 7EH
T R A G 7 T 0 X, /N BRI S i gy 2 R )
Wi fit 7 AT AR S L SR B A SN B ) T 1R
G AL TP B GG ) W RR AR N A (B SORRR M, i —
VA B A R AR FI AR, A R B s o
SRR H AL RS 2

2.3 BAHIESHEENS

FET Hb DR A BRSO/ NREAE . 9F45 B Google
Earth Pro @ 73 #5218, 98 B 45 & K b W) 18
Sentinel-2 Z JEHEF AR I Ay ML AL R ARAE . Bl S
K H B En 7 A R RO I AR i 8 2 F e
W], R R B AR AR (F2) . FE5E
RGN ST, E— 2 LU PR A Ay il o £ A
RN G . FEREA K Rt AR, R FH O U5 i Jak
EPET B GDAL MM oc bty RN Z
GG AR SAR AR E I 1BXI3BREME M,
BARHEAL G (patch) o BEARTE sSAUKT R —
patch, [ patch BVECS AR T U8R 24— 8, &
RN GR . 56 UE 5 34 DLIX 26 58 % patch Ry AR
HIANHIC, BT RE/MEARY SN BRI, &
SCR W AR L) 3 EV R (Xu 5, 2024),
i B8 190 F199% 19 LU B0 o3 N 2Rk S hAAE . 43
FARRFREABE IR 1R
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22°55'N &

22°50'N §

100°55'E 101°00F 101°05'E
(a) HHEE2 1R 5 REAREZ IR

(a) Overlay of the sample dataset on the Sentinel-2 image

== A
22

K i PR R A ki

22°55'N

22°50'N

101°05'E
BEEAER BT

(b) Overlay of the sample dataset on the Sentinel-1 image

PR I LA AR

100°55'E 101°00'E
(b) WIx 155

K2 B IXRE AR 4R

Fig. 2 Sample dataset for the study area

x1 HRESERZESHAEE
Table 1 The classification system and sample data of the
study area
B BRSNS &R
) 26525
Z5l 23416
M BRE 24537
SN 36779
HoAb bkt 6484
PIZS 4796
Ak A 69452
Bt 5858
— Bt 197847

3 MR

l%\W*E’?’é

A SC TR Y SAR 5 MSI A 43 25 07 1 11
WRAEZLANE 3 Bf 7 o 1% 1k B TE LB i G2A AR
5B A EIREEELE . s S540E 8 L

3.1

BOEAME, A R L T R SR S
TR EIR R IE A RBOE S . T A SR /IMVEA
M s, K eltk i R 7Y X 4% SEPNet (Squeeze—
and-Excitation—Prototypical Network ) 1B RNFEA /32
HEZL . FERFIERLGHESL T, MSI'S SAR Bl 15 58
S A 2 IE AR B UM 45 SEPNet Encoder #2HX
HBRZE T SCRE . B, 2 B RRAE 230 2 A PR
AR IR ) A% . MSTHR AR I [ VR T Ak
AR ) B2 (R ROG S GE R N Y 1R SOk, 5
PN TR OCHE X SR 3k s[RI, MSIAFAERAE
Query fif A 22 N FEE I, 5 SAR FRIEVE N
Key Fll Value VLHL ,  F=3f1 N SAR H 3R BCE #b A9 2544
S E L, RAEBESE RGeS . MR
SEPNet $£ U1 MSURFAE . MSI [ 75 JJHRHE . MSI
HSAR (58 XTE BT RHE TR, JFDI AR 22
T THERG B, DL i 42 1) 2% 38 R AR 7R
LR G RN TP STER L0, RIS, RE S R
TIEBE S -4 A 2 SEPNet JF 7 43 i 45 3]
o3RIk e SR K

MSI
features

I *01*

SEPNet Encoder

Gating Fusion

4 )
A 123

SEPNet
Classify Module

Classification

SAR

K3 T SAR 506

Map
@ Add o Self-Attention . Cross-Attention
FRAE A AR S 1 B A 4

Fig. 3 Overview of framework for forest classification based on SAR and multispectral feature fusion

3.2 SEPNet 5 MK
AR 28 i1 /N FE AR 2 3] I 285 T Y I 2%

PNet (Prototypical Networks) (Snell %, 2017), fE
Ry I IEA SR, TR R —B R
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SE (Squeeze—and—Excitation) (Hu#:, 2018) i
B IS SEPNet 4% ([814) o %N 45 AT
Bl A . RAESR IO 5328 38R 4. AR A
oy, RN o3 oy SRR AR A AR, A S
IR R, AT AR B . TR IE
FEPR AT, SR I 2 4 AU B T R AR £
Rz, FREHRAIE—DNEZE (Conv2d, Hiilh
AEE N 64, HBFE N 3x3) . — A AELMERE R %k
(ReLU) . —#itIH—1k)Z (Batch Normalization) .
— ARk )Z (Max_Pool2D, b fb 4 A 2x2) |

—Dropout)Jz2 (L5 HHHK0.2), TERDEHE
HUa i A SE I E ML, Stz %
FR-SE” BB IRAE R , A 9 e 11 s 4y
MERIR o AP IRIY, WabH5 SCRR b 2
AR LI 2R 0 I A, RS A R
5 & R 2Z [ Y BR G EE 25 . Bl {8 1 Softmax PR
oK B B B BRSNS T A T RE A Y
FOMAJRAE A, SR LT R IR AL B BLR
B, SERHLAI B W ST 55, IR 2k o 2R A
KL

SCHEAE A ifjd
s -
Conv Layerl SE Layerl Conv Layer2  SE Layer2 Cony Layer4 LR L e
Conv2d Conv2d Conv2d
e I74C)
Batch_norm Batch_norm Batch_norm
- Flatten
44444 —>
ReLU l F.() ReLU l F.() ReLU
Max_pool2d [. .] Max_pool2d [..] Max_pool2d
HELC) HaiE)
Dropout Dropout Dropout
SEPNet Encoder e

¥4  SEPNet 2% 4514
Fig. 4 SEPNet network structure

3.3 BiEFEAER

I A2 R MST B N AE B ITR 5 R
HAFEYE, AR SCHI A T 3T Transformer 2244 1) H
FEHHLE] (Self-Attention) (Vaswani 28, 2017)
DL MSTRRAE ] v AN ] 25 0] o7 B 2 [) (A A4 ¢

VMS] >

2, WE SR,
. T ﬁ

softmax m
j A

Transpose

ttenyg,
KMSI

K5 AR

Fig.5 Self-attention module

4 W 48 3k SEPNet 4 % #% 11 B A MSI 45
fE Xy € REXCV YRI5 -, 5 o 7 51 K

Xyg € RVVC, HP L= Hx Wy KI5 9t 34
PEA e (1 x 1 &) KRB MSI# Query (Q,
X (1)), Key (K, X (2)), Value (V, X (3))
3N ETTS

Q= XMSIWQ (l)
K =X W, @)
V=XwuW, (3)

Kb, W, W, W, e RORAT 3 (5250 1
CRHBIERL, dREEIIAR . BT RITEEED
AL SRS Attention(Q, K, V) (X (4)).

T
Attention(Q, K, V) = softmax( OK_|. Vv @

Jd,

ZERAER RGN E N ERE A&

A OC AR B, A s R S W R AE SRR
Fone (X (5)):

F i, = Attention (X, W, X\ g Wi, X, g W, ) (5)




WML 45 TR R RE 2615 SAR B 1 AR 25 2995

34 TXEFEHEHR

R T HE— 2 PR TR ES (R] EBAME B KRR T
ARG T 2L FEZ IO, HT 515 MSIRHE
M SAR AR B DGR 2., B9 s L FRiARe T,
WA 6 fs .

VSAR >
ﬁ Transpose l
KSAR
:%ﬂﬂ Cronsat ]
MSI 5 I '
Ousi Attenyg sar

features
El6 2R B

Fig. 6 Cross—attention module

HAEBENARE, 2R B MSTE
A Query, SARAYEN Key 1 Value, SZELLLIMSI S
4RI SAR PRYCHEE B o Xow € RN ZIE
i 4% ' T J5 1Y SAR F#AIE; Query (Q, X (6)),
Key (K, 3 (7)) HlValue (V, X (8)) 435lK
MSI A Query, SAR f*)) Key il Value,

Q = X\’ISIW() (6)
K= Xz Wi @)
V=XuW, (8)

H5AEE RS RER, R EE T
BARERIR R
F o= softmax( QKT) -V )
Jd,
e 2 U A SO T ) RAEK 3 SAR P
MSIAHMERASCHIE R, WIREE RS R e (s
BRSHMFE S

3.5 S ERESELR

FRIERL GBI ZEA IR 7 7R . 2 HUE S T
Transformer 42 #4) i1 19 5% 22 % 4 (Residual Connec-
tion) ML, K MSUHFIE 5 BT $2 BUAY 1 28 ) AR AE
FrZ e AN, DA fR B8 D dh R E {5 5L 4 i 3R
INRETT o B S RlG S YRR AE AT — kb B
(LayerNorm) , LA {2 B (A A2 2 M - 4ig 2 452 784 11
sk,

h YA ARG PR TR B I RRE . ARWT SR
T —Fha] 2% 2] Dropout Fb & [ 1E W) 4k 7145 @l & 7
2, DA [ IR AR 00 LA o O AR
% Transformer H15% 22 1% £ 1) Dropout HLifi| , T3

SRAE AL AZ A RE T o TE TR R RS SO R ) Ry
fiE & 53 5 47 Dropout J5 #E AT/l 7, il i A [F] 19
Dropout FL A BHHLIY EFERNZETT, AR]85 7 2
FRAFE A BIMk . fZ 58 Dropout 1, EFFAIZICREIET
SR A B BCR SR, BAAA M, H
WA T F-3h a4y o ST iy B BE ML R A R
5] A Concrete Dropout (Gal 55, 2017) #L, it
3% 22 7] 5 1 Gumbel—Softmax 43 1 X J5L 15 1 2% F1) %
FEGEATATA, (Hi5 Dropout £ LR AEWE S 586
o, Dropout%ﬁ[ﬁ[ﬁ%z e (0, D= (10) #
FEREE
z=0’(1(logp —log(1 —p)+logu—log(l —u)) ,
u~Uniform (0, 1)
(10)
A, MR RE, WERO.L, TR
PR, pe(0.1, 0.3) APIEHIAY Dropout X 5
b3 (e X N REPLAE ), 5 22 g g ibe kgl
FZHG wRIRN (0, 1) B4 B BEHLAR
i, T E R Gumbel B TS HL AR TC 1k ik
SIS FR BRI R o () R Sigmoid PREL, FE
T Concrete Dropout, F4#: T FREfEA A, KA
LGRS IE AN
Fy... = ConcreteDropout, (F_,,) +
(1
ConcreteDropout. (F,,,..,)
K, Fo G RE, F o, 288 MSIHY HIEE
THHIE, F,..0 288 MSI5 SAR 1938 B I RHE,

2, z,€(0, 1) A28 dropout 57 HE RS R

MSI features

! Gating Fusion 1
i i
I I
| s |
I I
| 619 —d
i i
I I
! CrossAttM. !
I I

o

K7 RHIERLS R

Fig. 7 Feature fusion module
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RTX 3060 GPU LTl fninliat, EUER S E
N 313G ER . gL FT, R Adam {1k
ar, DI A L2 IEWARZE it 5 B, BUE =0
FECE 4 0.001, SR StepLR 2 > 518 2 5wt
) 4 27 23 A< 0.001, 4 2000 YR I 2 2~ A<
A (Chenf, 2021). fEJLZE LSS, RREEHEAT
100 YA 56 R A . AP IE 828, Jie IR A2
S SCRPEREAHN 1S A AR A, A 8way—
Sshot 1 1 5 R FEAE 55 o I Zkad 72 TP 51 A Early
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Table 4 Classification results by different fusion methods
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Fig. 9 Classification results of representative regions based on different fusion methods
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Fig. 8 Classification results of the study area using different fusion methods
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Table 5 Classification results by different data sources

YN MSI-Only SAR-Only flE Tk
0A/% 94.39 67.00 95.24
AA/% 93.39 61.17 94.48

Kappax100 92.92 59.27 93.99
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/% 78.66 35.72 83.71
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oA Ak b/ % 98.47 35.10 98.61
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Fig. 10 Overall classification results of the study area using different data sources
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Fig. 11  Classification results of representative regions based on different data sources
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Fig. 12 Visualization of the multispectral and SAR features for the various classes
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Fig. 14  Spatial distribution of newly added samples within the study area
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Table 7 Model classification results for the study area

after incorporating the new samples
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Forest classification via cross—attention fusion of multispectral and
SAR remote sensing data
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Abstract: Remote sensing, with its broad coverage, high timeliness, and ability to acquire multidimensional information, has become a
vital tool for forestry surveys. Multispectral remote sensing imagery offers high spatial and spectral resolution, effectively capturing the
spectral differences between various ground features. In parallel, Synthetic Aperture Radar (SAR) data provide stable surface structural
information and textural features, serving as a crucial complement to spectral data. However, inherent discrepancies in modal structure and
information representation between active (SAR) and passive (multispectral) remote sensing data often limit fusion effectiveness, which can
ultimately influence classification accuracy. To address this challenge, our study focuses on a specific region in Pu’er City, Yunnan Province.
We selected three key forest tree species groups—Pinus kesiya, Eucalyptus, and Quercus spp.—along with one type of economic forest, tea
plantation, and three other ground object types as classification targets. Under small-sample conditions, we developed a deep learning
network for forest classification that fuses active and passive remote sensing data. Our method, which integrates Sentinel-2 multispectral
imagery with Sentinel-1 SAR imagery, proposes a multispectrum-dominated cross-attention fusion network. A key feature is the introduction
of a regularized gating mechanism with a learnable dropout ratio, enabling dynamic regulation of self-attention and cross-attention feature
fusion. Within this fusion process, the model uses a self-attention mechanism to extract prominent features from multispectral data.
Meanwhile, cross-attention guides its response to critical regions in SAR data, dynamically controlling each modality’s information
contribution at the feature fusion stage. Our experimental results demonstrate that the proposed method achieves optimal performance when
compared with diverse fusion strategies across various fusion levels. It yielded an overall classification accuracy of 95.24%. Specifically, the
classification precision for Eucalyptus, tea plantation, Quercus spp., and P. kesiya were 96.78%, 94.07%, 91.73%, and 92.90%, respectively.
This study successfully validates the effectiveness of the cross-attention mechanism in collaboratively modeling active and passive remote
sensing information, offering a viable approach and technical support for multisource remote sensing-based forest classification in complex
environments.
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