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O SRR EEME R BB R IE SR, 7E AT Y0 I R v 5 5 e IR I S Y i) R AR R BB 4
JEEA A, A G0 RS 2R A DA S 1 2 TR R 4 2 i) 2 [ N7 AT SRR T SR IR, Bk 12 AT —Fh A4
JEIRE ] 7 BG5S B &R 2 240 51 E = 7 (group separable self-attention, GSA) HL %Rr#%{EnEA (SSG-
VIT) i i R o R 5 56 R 43 SRR FE AT 7 B A azﬁ%\}%'mmnWFWHﬁbﬂ@ﬁﬁz%ﬁ@fﬂ@kﬁx
fa T G ) JR i 2 (R R AE TR GSA #i3K4 R 2 IRIRIE 6 &R, [ 9747 5 N B BB HEE X =i il MR 1) D
T A AE SR AT 45 M A RFAIE A 25 B U AR (5 B B 5 YV REAE [ 3R I8 B8 70, B Ja SR A B & RLFFERL A (adaptive feature
fusion, AFF) ML #EAT Rl 5. HAUHE Indian pin€s. Salinas. Botswana iX 3 Ml il gk AT 1 2 Sk, 455
WA B S AKE I (0A), SAIEF] T 99.32%. 99.67%- 99.69%.

KRR mOGIE EA, W1 T 4 BB s BB, BIENAHERLE; 2 E B 4 B ER I

SRR B S . 2 RO R AL A 1 R 4 2R 48 T BHL R S8 RLFE ,2025,34(7):84-95. http://www.c-s-a.org.cn/1003-3254/9887.html

Hyperspectral Image Classification Network Based on Multi-scale Feature Fusion

SHI Wei', FENG Xian-Wei’

(School of Applied Technology and Economics and Management, Liaoning Technical University, Fuxin 123000, Chma)
*(Software College, Liaoning Technical University, Huludao 125105, China) %

Abstract: The spectral correlation of each pixel in hyperspectral images is strong, making it prone to the “same spectrum,
different objects” problem during the recognition process. In addition, the high‘! dimensionality of spectral bands poses
challenges for traditional models in effectively associating spectral and spatial features. To address these issues, an SSG-
VIT model is proposed, integrating hierarchical depthwise separable convolution, graph convolution, and group separable
self-attention (GSA) for multi-scale feature fusion. Specifically, hierarchical depthwise separable convolution is employed
to extract local spatial features at' multiple scales using different kernel sizes, while GSA captures global spatial
relationships. A graph convolution mbdule is incorporated to model the structured spectral features, eliminate redundant
information, and enhance spectral feature representation. Finally, an adaptive feature fusion (AFF) mechanism integrates
the spatial and spectral features. The proposed model is evaluated on three hyperspectral datasets: Indian pines, Salinas,
and Botswana. The overall accuracies (OA) achieved are 99.32%, 99.67%, and 99.69%, respectively, across multiple
experiments.

Key words: hyperspectral image; depth-separable convolution; graph convolution; adaptive feature fusion (AFF); hierarchical

convolution; group separable self-attention (GSA) mechanism
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1 915

FOGRE B E AR — P A T RGHAR 5 i
ity e bR R, 545 48 2 56 1% BB AR B w6 1 g i)
JEHE o FEA T =, BB R SRR L B E AN
B i 50408 T DAFH R X 20 A [ A R BRI . TR G 7E BR
SR IR REHE AL R E
TTHZRN A, BT e G EIME (hyperspectral image,
HST) H A MG 3 10 85 A0 Bz IA] 2L 1R 3 6 A G
PE, BT LA HST 7 73 K 72 v 25 5 o IR I % S5 420 1) 1) 7
H il T st ik B A R T5d@ r BE MG = 4
A A ARG B B, o e G A o R A
AL AR I ] R, AP TN AN AT
W RR R, 76 R B BL T & AL GeML a8 2 > 5
2, W K- AR 5% (K-nearest neighbor, KNN)PL Fiifi %
RO AR R EL (support vectormachine,
SVM)™. BEHLARBR (RF)IEE 7732, T B AL Gi b % 2% 3]
S T BB R A AT AL, 407 KNN
e IR I PR AT AR 2 8] AR AR AL SR AT 43
%, SVM NI — B3 T8 P 1H ) o0 5 07 1, FLH 2
FR B — > 55 e 7 S T R A A 2 DD B . T v ol i
PG B4 0 o 2 e 4 HL ST A (9 HLPT Re R g v vl 4,
FIT LB 65 36 (VA% R BI0HKS w2 448 B30 WL S5 311 4 % [
L2 ME AT 23 (HX e AL G pL 88 2 3] R AR RS T
St F i B 2 AR ) 3R 0E S 3L AR A
PRAE. I BLAE I 20w ot vl BB v 4 B ) R, -
SR FHBR) 2 26 A3 4 AT U O s, A8 R TR T B R
JEHRFIE I R AR L M 1Y, U HRAE AN [ M A Bk Rk

Z I e 2 e 2k R VAT e B AR EE R |

LEMERRAE, AT SEMR 20 2 1 . B 45 R B 2 S ATUsk Fr)
Wk Jg, B AR 4 [ 44 (conyolutionalineural ;wtwork,
CNN) %) 32 ¥ F] $+ HST fJAbEE(T 55 . W1 Chhapariya
st \E i —Fh 2 2 419 3D-CNN 427, Z 3D-CNN
15X} 0 6 1 B HE AT 6 1 - 2% AR AE SR B EL A 5
R AT R I, B SRR R R R 4
[Fi B3 B B2 B B (R AR A .. S 4 Hu S NP T
—Fh 2D SR X 25T HST I 25 (A1 RFAE E AT HEHY,
fil R T AL GERL A% 2 ST R T 4 AV RRAE 1) 20 . B AR
2D-CNN # K 7 [ S2 B4 X 28 7] LA AR AR 4% 3= b 22 >
I PR PSR BV rR Tk K S A A L P e = S
fif Peix — 7] 8, Roy 25 NP H T —FhJE T 2D-CNN
1 3D-CNN f#] HybridSN £ 2¢, F| A 3D-CNN $2HX HIS

6 HEARFAE 2D-CNN 24 2] HIS 128 [B4RFAE, X MR &
SERBRAR TR S AR B IR T B RCR. Guo 5§
TR T — ol 35 T B 42 X 4% F i 78 2 ()RR AE
A B, B S AR AL A BB IR E R B = T R
AL T i EARAE 4 S R L R R
] #, Zhou 25 AR H T — ol - 2% 1) 4K 45 311042
2% (spectral-spatial LSTM) 18K A [R] 38 18 1) 56 1 E
B—H N B KR HCZ M 4% (LSTM) Hr L2 2] 3
G RRAE. Zhong %A“"Uﬂﬂﬁﬁ? — i = 423 )
itk 2 % (SSRIN), FI T P o B2 7 2 ok
PRI () e AE. -

11431 Transformer (¥ 45 75 HSI 43 24T %
WHE T Bk T, Hong % \""'E ViT (vision
Transformer) )24l 5] X7 SpectralFormer, 157!
AE % MAH 2T 1 6 Bl 3 22 ) BB REE, [FIEFE 5]
T2 BN ERHE T IRERHEARTR E R Rl
Zhao % NP5 14 7 —Ff GSC-VIT M2, KHZ A H
VEE (PWSA) a5 704 J& 23 [AURFE f 3 B, FF HoR
FH A Bk o s B AL 1 7 B0 RZ B AR VIT i
% 2G4 (MLP) 2 LATH R A D BL FE R AR e g iy
T ERIBCR. N T R IR AZ B 32 BRI ) L, He 25 A1)
e 7 B4R B AL A HSI-BERT. thAkxf T
Transformer X %% [A] {5 & ] F A 2 1) 1) 3, Roy 25 A\
Ve T — ks CNN SRR 22 RS Transformer 3
ITa, R 2 S ek il e 17 5115 B 4. %
?%fi*ﬁ@iﬁ%ﬁ[&ﬂ@»J‘ﬂ%ﬂ¢, 0 B NI b
A R UM 2% 2% GAN AL 3 5 £ A

CBE b RAR SO H T R A 4 R B T
I BERALL K AR A GSA 2 RERE Rl & st
i AR o> AR, A SCAH S FU R AR R

(1) BFxF HST #4848 2 O R R FH B B
FEHCHAT RHAESE L, GCN Be %4 ' il BB ) 25 [A) F
A 5 R B 2 7 Dy ] 5 A AT BE 47 Hb X A5 2% ] ) A
NN IR B 18] 1 O B MR dE AT AL, e 8 B it b 3 1y
R BEAZ A (1 [R]  47 1)

2) 1 7 — o EIRE T S AEFU GSA VER
JIWUHI R &5 4. SR 20 2 IR B 25 K 0 v e itk S 1 =)
TS (A RFAE BEAT $2 X, 0 2 VR B W] 29 B A UK FH AN (]
KN AR A BE A% 8 A TH Mg $R45% 2 1A B 2 i ZS [R) RN
Heitk e R, PLECK A GSA VE = 34T il %o B 2545 i o
ZAT BB IR A R A (A R E B A 1 B A R AL, A
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BRI B LEAN 7] 2 U0 _E SR BGR AR E S

(3) 2 T B GSA R JIHUHI X5 3 4
K4, 73300 v v PR G T RAALE DA B 2 TR AE AT $2
O AN SRR Al D& g IN I EIPANGIE S S 4 SRR
5 GCN 5 GSA HHHBCE, AR AR 73 RA0R.

Graph convolutional network

2 BERIZERY

BT SSG-VIT 1 6 BG4 FAi B 1 AL E 4 356
gy WEL | FR, AR Y T4 R IR P ] 4y B A AU
(SSD-CBAM), GSA #i3 DL K A5 A BN [ 1 KR
fIEfl A AR

Output

SSD-CBAM

y | SSD-CBAM
A
LN !
i ‘
! GSA GSA

AN J

! Spatial feature extraction

K1 SRR

e w0 G % 453 PatchEmbedding /2 DA %
LRZERRE. B HSI RN ERGREZ .
RS w0 A, R EALE R E TR RIS
Bef S ik /> A 06 LI 0 AR A S TR) B B L B S R RRAIE

S B BUZBATRAE R IUR R G ) Rt i Sm e

CWH (C B, W BB s 5 e, H R BUR TE)
A5 BWH (B ?ﬂiﬁﬁ%ﬁi‘%ﬂi‘zﬁi&&ﬁ), S EE PN
¥ B 15 75 40 1. PatchEmbedding J= 78 Jy ) 45 14 40 415
7 BEI% N B2 AR IR B AT R AE SR B 76 F 2 P 4 1
a2 Fr LLR ] PatchEmbedding 77721 AR St i
1% & 5 P 7%, IONTE PatchEmbedding A5k b
I AR A 0T e 61 UG R AT Bkl 4 R e ik ]
{1 K1) 43 R0 U B £ e 1 A5 SR AE AR Patch PY R R 52 B 1
AN LR 73 BR 22 5 SO B S BB KRB 5] o) A
(] = e v S B 7 4202 PatchEmbedding /22
Ja =78 H A Patch, SR J5 1@ X BT Patch 2 [A] [
AR TZARCARE JEAT 3] 4 AR 4 B LA LAy L 7
W2 (AN, 3 Ah i B R AE 225 CONV2D [RAFAE
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RIS NI R IREEAT S B (SSD-CBAM),
FER—ZHE SRR NN, 1) B 5 U HE AT 15 1
LGIAERAE, ﬁf*ﬁﬁﬁ%@%%&ﬁi@%ﬁﬂ%% 5 IS
%?ﬁﬁ%éﬁﬁﬁxﬁél\ﬂ?ﬁ)§m$ﬁt, [F] IS 7E DR UERFAIE R
FREII IR T, 38 A B RUKIRR > T 3 B Ve
Fe. R R AR RN SR T E 61 £
8 1) Je #8 23 TAV AR AR AT 2 ROEHRFAE SR I, d5¢ 5 > FH 3l
I&-#%A] (channel-space attention mechanism, CBAM) 73
B AIHLHEIRE TRl G 2 5 1 R0 2 (B R AE P IR 3 B
RAE DG o B 2R B RIS B HX P
FifE B AR AR IR Z RO OC &, CBAM V1 &
7R L 5 R R UL, ZhAS )5 2] A3 1A R Dl 1
T 2 R) AR AH EL A FH, AT SE AR 4 2 380 0 o B
12 4E A5 B [ CBAM Y& ) 68 % 5 2106 5 b 7
AN [R]85 B2 B] A AH B OC Z 5 B AR S B 2L X 43 P
FRAE, 2 Ja B Bdiit N GSA BB At 4 Ja 25 () 3E 4T 4%
TEHR L. % f5 5 BRI 2 4t B RR AR EAT B I R
TERLE 2 JEIE N MLP JZREAT 73 FE T, A4 i 25 1 5
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R () frs:
Fout = AFF[(fosa(fssd-cbam (X)), fgen(X)] )]

Horf, Foo RG22 )G MRHESURE, x BT &
TEEHE, fosa TN GSA BN TG il Hds i b 7H
Hi R, fisd.coam 778 SSD-CBAM B, foen TR
GCN BLH T IS HE AL B S5 3. AFF RoRHIE
SRR S AR
2.1 ETESFRERIFIERRE

KA BB Z RN GON RFF & (1558 2
(6] ()45 EAE B 45 A AL 8 T RE RS Rl P2 4 =) IR ARFAIE G R
X4 RGBS B TR g S A b X 2 iy
AIEAH AT (2 531 LA A B 28 5 2 o ) [ % S 47 1) R [

IS0t vt i E BRI B J N B e 4l , GON )

T DA R B AE 25 BR TUAR R ALE O B G HREA% 58 R 8 152 5
HE ) 7] %E}}\ffﬁ%ﬂﬁj\%&k%ﬂﬁﬁée [ GCN iR RE 6
A7 A 18 2 TRV 2 [R) AN G 3 5% 2R, mT AR F AR AR
F IR A3 M B, I L GON e 76 L 5246 {8
TR M AR B/, AR I B I S RE G 4 SR X )R
PASMGR P [R5 R TR A 1S A AR AR IR P A 2 (137 3 T ARAR T

PRS00 2R A5 R, 15 1R i Ra e 1.
FE BB AR 4 0 TR A MR B e 4L Patch-

Input HIS

2

Output

Embedding 2% i B 17 SO AR EAE R, 2 J515 N GCN
JZHOHR E T SR G R R AR AT R SR L. 2 5 AT
LeakyReLU i, HAA RN E 2 Fron. @il s @
L RO RS TU A T A A 1 2 TR RRAE,
LeakyReLU i AT LLiEASE B ZEAL 34 REAE IS AN 23 R g 471
BT 58 4 5 R A5 BIR M 8472 K RE /). 7 LeakyReLU
SR A 22 DA— MBI R SR, X R LR T RD
At N R B 28 0 AR BB DR — e (1A 8 G o FE VR 2%,
2 JaxH Dropoutﬁ%*ﬁﬂﬁ‘]ﬁ‘%%%g. ESALT
Pt Ead A an (2)—‘;% GYFra:s -

(g‘ém;sa(rr(Fgcn<Fpe(x>>» )

L —1/2 ~ ~—1/2
\ Lym=D"AD 3)
HED = (D V2AD 2O WD) (4)
A=A+1 Q)

Horb, x FORMINRHE, F 2R ol BUE 2 0d 4b 2138
BB E A, AR IR T B ) SR HERE B, 1 IR B AR P,
DERINEHFE, HO R 12077 SRR ER R, WO 225
JEBIBLERERE, Loy, 2o bR e B8 S 5T R,
KARIUE GON 5 BAL#E A2 € M. 0% 7R LeakyReLU
WOE R T 9l NJEZeME, 0327 Dropout.

>

Graph convolution
layer 1

4

|
|
i
=
|
|
|
|

= [ = [ o |

Graph convolution
layer 2

2 EBM (GON) B iR & H
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2.2 HELREERERE

(EAR B PR T S 22 HIS R =K, 14 AT
RPN v, Ay, Z AL (RIZAHAUEL (cosine
similarity) ). FEIAREEHRE A ) 28 500 2 ) T A B2 10
R, — MR UL AT AU AR LG S R A 1 S
i, BT DA AR B IRAT ISR T AR s ARACLEE I ik ik
AT O, ARIZARALRE J& — Pl 2 A 1) 2 (AL ARALLFE 1
TR, 18 H T v 47 8] TR A [ B A5 AH LA )31 3
LT T R D, A0 SR AN R v, ALy BOAR AL
JEE R I R P IR, D IS H R A b PR AN 1 R PR

KAWHEN 1, TN 0. HHEEFEWR (6) Frn:
CosineSimilarity(A;, B;) Ai- B (6)

osinedywmiiari is )=

DB = A= B |

Hor, 4,0 B RO R ) &
23 NRREF T EERRIR (SSD-CBAM)~

K23 2 VR I T 49 B MRS A R 2 (6] A
RFAE, 3838 7 0w gE S FEY Al B R 2R F 40)

________________________________

________________________________

CONV2D CONV2D CONV2D CONV2D
1x1 H 3x3 H 1x3 H 3x1 |-

CONV2D H CONV2D H CONV2D
1x1 3x3 5x%3

CONV2D
1x1

Input CONV2D
1x1

B3 BREEA B
D IRRE ] 7 BRI — R L T2

SR SE PR A TR RFAE, AN TS ASE R e IR S i B2 2% 1)
FEARFILCER. FF BLAE B XA B BOM R A [F] (1 M B4
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Featlzfei\/[ap

|
|
|
|
9—-| CONV i i Sigmoidl !
|
|
|
|
|
|

AR W 3 FR, KX R B RS e — 2
i AR R KONFITAR S BUZ, T — N2 R
ZI7 . BERE MRS AN 2. fE58 1 E AU
KA, 1), (3,3),,3), (3, 1) KB ZHIEAR
77 1] B 75 1] Je SR A (R I 285 6 6185 B 7E56 2 23K
HEF RN N (1, 1), (3, 3), (3, 3) HIERHE— 3K
B2 BT, [ B 38 e AN ()RR ) 23 ) B R SOME R R ILRE
71, 3 AR A RSB RS AL, seig sk B bx
FROAT TR AR AR 425 15 2 (33 248 4 J= 5030
Kﬂﬂjﬁd\ﬁ(l 1), (3,3) A1 (1, 1) JERIZZ A
7 [ REALE, S‘Efﬁ'ﬁm‘cﬂélmﬁzéﬁ SFAEFEEL. I
a ﬁm@%%%ﬁﬂﬁﬁﬁ AR BRI i
TR R, B8 T8 B B A i N T I
Zﬂi&ﬁ%%ﬂﬁéﬂa ZJE KRB EBERUEH KA (1, 1)
126 B 75 12008 38 B LU A Rk AT 3% a5 G LR A,
[ B 51N 2 (] - 38 38 7 2 L (CBAM) $EUF %
J25 31 1 R 50 23 IRV RFAE.

________________________________________________

Channel feature

________________________________________________

\!
%
y‘: <
I— \
Channel attention| |
module s ¥ RCLU |||
\, -BatchNorm
4 S
Output
II‘
Spatial attention
module

Channel feature

(SSD-CBAM) b2 i) =

B, FIEIE AR G 7 A R A BUE 3L, AT
B S i P B AN B RFAE . T 8 5 2 ) - G
iU (CBAM) X 4 BUR i) f 247 55 5 A€ ).
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i H AR SN A

H B3 2RI G50 R E AN A 2 IR B2 IR TR R
JEE () 25 TRV ARRAIE, B 65 B 47 4 2 P48 Hb 1) S 38 2 Tl A
BRI 23 R IR BE T 4y B B AR mT LA Rk &k B
AN T 23 1) JR) 0 2% (B R AIE, 19 SRR 0 2 2% 15 S0 RT 2 6
P EH AR IE N R . THEVLE R I (7)-20 (13) P

F1 = 03,100 3)(03300,nX)))) @)
Fy =0(55/(03300,1nX)) )]
F3=033)(00,1)(X) )
Fy=011n(X) (10)
Fonowt=F1+F2+F3+F, (11)

M (Fen-out) :O-(MLP(AVgPOOZ(Fcn—out))
+ MLP(MaxPool(F cn-out))) (12)

My(Fine) = &( ™7 ((AvgPool(Frpe): MaxPool(Finc)))) (13)
Forb, x Fr i IR ), o R R RN B
%, Fiv Fyv Fyv Fy 0 0RRE 1-4 ZHER T,
Fenou RN EMR IR . MR EIEER I
B, e RN AR MEBOE ReLU, M, RNl & 25 10 5
71, AvgPool F7xF-¥5Ak., MaxPool K7~ KAk,

SR PR FEE T 53 185 2 AR5 b v A6 AR T S Bk AT 0
EE. X TR FORFE B KN H X W X Ciy (H R ]
G, W R T, C FoRRHEE R 4E L),
BRI AKX K, i 1 IBIE A Cour, i tH HIRHIE B
N Hou~ Wou FIRHIE L X TR bR HEB R T S 6
ik (14) fios:

CAge = Hoye X Wout X Coue X (KX K X Cip) (14) '

KR E R BB HEm (15) Bis:
CAds = Hou X Wou XICiiX (K X K)+ Cin X Coul  (15)
Xt T A% G 35 B BE, TR FE T 43 B 4 A B4 B R /D 1Y)
THEEW (16) Fin:
Cin X K% + Cin X Cout
Cin X Cour X K2
24 THBFENER
GSA FR N¥KAES I MSA BHT MR, 51—
Patch P X5 Token [F]AS #E1T MSA AR ZTE GSA
HOR T BRI A R A S RN SR A (A S R PR KT R
TR PE, ATV AT 2 (W 4E FE 5 patch #E4T 43 2H 1) 77 =X
Wil 4 Fros, BRI 4E EEXT patch #E4T 73 4, N

(16)

REAE P 1 2 DD 4 B e S Rl o N AN RN SR 1,
TR A, R RG]\ T <4 Token IS ,
i AdaptiveAvgPool2d W75 X R G B H I FREA
A2 Token. 48 J5 %F AN 2H P 1) Token 44T MSA (£
R4 N 2 )44 & Token A4 Token). 2 [ /& MSA
ST ET N BEAN S IAT ¥, P LART DS IR AN 20 N
TEM A JR3RoR, JF HARECT £ G B vE = B X
J7 AR TR 24 E . FTLAE GSA [t 2,
A4 Token SBIE 5414 {1 A Token HEAT HIER T,
T 5 3153 35 25 1) 45 B O RRAIE 22 3. AR 4 P ik
41 Token - HARMNEZ [1#ITE & /156 R, X M7 X3
il T\Xﬂ‘?é%%%ﬁ‘ﬂ%ﬁ, B J K ALIRVRRAIE 5 20 9
MEREAT At & 2 J5 438 GELU #4375 1 Layer Normali-
zation 2 )& AE E B IBCE R RE. GSA M AR —
Folr 25 45 JR3 0 R 4 JR) 25 RE 1) 25 ()RR AE $2 B =X, S
U= (17)-20 (25) B, IR N FIRHIE ] X e RIbwv=e,
%15y NATH:

X ={X1, Xz, X}, X; € RO (17)
o, HxW=N(hxw). X} FENTHE X, £lR—4H
Token, T; € R¢:

T; = F(X)) (13)

XA X F TR B x; M4 Token T;, #AT
HiER IR, PHEANITE Toké’n. \

T; =1, %0, &, 1] € RVEDXC (19)

A \
Q=T,We K=TWX, v=T,w" (20)

Attention(Q,K,V) = Soﬁmax( oK ) Vv (21)
o 3

Z G BT A WIZH Token ¢, ZH 18T A 4R IR 48 B

G = [t1,12,13,++ ,t,] € RM*C (22)
XF2H Token FiFE G $AT HIEFE
0, =GW2, K, =GWX, v, =GW" (23)
Attention(Qyg, Ky, V) = S()ftmax[ Qeky ] Vo (24
Vdy

GSA PR ARTHH IR = (25) Ars:
Tout = o(Fon(Fin(GSA(F1n(x))))) (25)

Horp, o RRAELYERUE (ReLU), x FRNHIA =76 1S R
1k, Fy, 7~ LayerNorm 2, Fy, %7~ BatchNorm /2.
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Group separable self-attention

Group token

Input

Self-attention
within group

e J—

Intergroup self-attention

we
WV
Attention
. map
Attention w 2 \ \
map \ -
.} -
-
()
. - l
Y
\ l,’ ﬁ
\ N " » Output
. v s
.‘ 8
Group separable self- /4
LayerNorm pattel;tion LayerNorm BatchNorm |||

Input

Kl 4 GSA BsgiirERE

25 EIERAHER AR

GON 5 3 T A0 R 3 Ok W5 S8 2 1) 45 g
HEAT 2 3, T 177 7 HLA AT B 40 e B 25
AR A 04 i 6 R (R T BI85 GSA [
0t 2 SRIRATTHE H T — b S AL DL £
SRR A BT LUK GON SR 51 I 8 5 GSA
R 4 e 2 1A £ AR 25, AT 379 S I AL
L TH (05 G 2. R 22 ML (45 SOl 2 T B 7 A
TR 4 1 5, T S T e i
EIER:S : 5 » .

F T AN E AT S B Mo HIBTE S GON
A GSA FHIERIINALZREL, K Softmax b8 BN o FIBiE
A7 09—, BARAAE DTSRI Ay 1 SR 5 96 FE g, o
S G A B K /I, I BT 2 3 0 I R MR
il L BRIZE VI 2R3 A2 b 11 20 P GON I GSA H51E
BB, WA T 45 B RETR) 4 22 . L ST AR Bt (26)
FiR:

Frusion = fi:(a')Fgcn +§(ﬂ)ng-vit
HHh, ¢RIR Sofimax.

(26)

90 R4 % System Construction

Output
3 SEEGEE R Ko dr
3.1 LIRS . \
AT VAL SSG-VI‘T T THERE, Ai%ﬂ% 3 AN EDE I

-
¥48 Indian pine‘\ Sal_il}as\ Botswana #E47 5256, E4E

:
S BT 1 .
-t * 1 HSIEIRESH
TS Indian pines Salinas Botswana
RAEH ENES 2 g B R 40 M e
REWR#& ROSIS AVIRIS Hyperion
TR (pm) 0.4-2.5 0.4-2.5 0.4-2500
K (BF) 145x145 512x217 1476%256
78] 43 P (m) 20 3.7 20
BB 224 224 242
2 M B 200 204 145
FEAREY 10249 54129 3248
Bk 16 16 14

3.2 LWRE

A ST S5 P R F B IR R R DL R SEEG A R
Python 3.9, PyTorch 1.13, GPU %54 NVIDIA GeForce
RTX 3080, {474 12 GB, RAM & 32 GB, CPU &5
A Intel(R) Core(R) i5-12600KF. X} T Indian pines-
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i H AR SN A

Salinas. Botswana Z{#44E, Fifi HL A BN 28 51 v ik He
10%- 10% 1 80% ZH I 8. 56 UF 52 A0 K 4.
SSG-VIT M £ B 7 [ N T 1K/ R 8x8, Il 2511k
FRIRECH 200 K. AR 3 ANMEbR: SRR E (0A),
SEYIFEE (AA) F Kappa R4, SR JATHE H pAR AL ik
1T VAL
3.3 VIGHABENZN

ARG T YR A B R AN RN T AN R 7 v 1

PERERZMT. ] 5 FoR MR MBS AR FEAR T 6%,
10% F1 20% B, ANEJTELE 3 DR S 15 2] 1) Ak
IR AR, 7 B R R R P AR AR BN S 0 E 4y b
BENLIZERER). MK 5(a) 7] & HI7E Indian pines Z(#E 4
HBE A I ZRRE AR 3G K, SR 2D-CNN & ALE1T I 25
orRaE M BT R B T ERATT R B AR R
MU ZRRE AT 7E 3 AN Hidl 45 Hh A SR BE % CRIE R i 1) 4
PR, IX L LE FHEW] T SSG-VIT (A 2t Anka e 1.

= SVM = 2D CNN = 3D CNN = HybridSN = SSG-VIT \ \;
100 100 100 ¢ :
90 90 9 F
g 80} S 80t % 80_t
7 70 5 70 = 70t
g 60 g 60 g 60
8 50 t 8 50 f 8 50 f
= 40t = 40 = 40
°§ 30 f § 30+ § 30 t
S 20 g 20t g 20t
10 | 10+ 10
0 _ 0 0
0.06 0.10 * 020 0.06 0.10 0.20 0.06 0.10 0.20
Training set Training set Training set
(a) Indian pines¥ 4 (b) Salinas¥{ i 4 (c) Botswana %54

Bl 5 SRR LL BRI R0 20 1) S A i 2

3.4 jHRhSCIS

UWIHT FTR, A SCHR ) SSG-VIT 8 4 AN KRB
B, BB (GCN) 143 2 7R B AT 3 B 4 AR
(SSD-CBAM), DL K GSA HEHUAI H i M AL il A B B
AATBEE T T AR SE G ORI E 4 MR SRR BRI,
TH Rl SR 45 RN 2 s,

K2 HMSLIRATIRE (%)
%415 GCN SSD-CBAM GSA AFF Indian pines Salinas Botswana

i

T e EE UG- 2% A 42 R B HEFE (spectral-spatial
global graph reasoning) P46 HSI 14 732 1%
FONFEL. IRIG TATAE W 2% h 40 GON BB, SSD-
CBAM HLIRUL K GSA Bk ), 28185 SLI6 LEAE Indian
pines. Salinas. Botswana iX 3 M#E&E+ 2 5lH
0.7 MAD RS 0.13 AN EH 2 AT 0.83 AN F 7 mUAIERTT.
B A R CR B — P ek AT I 25, LI R RACR T
HE T AN R B ) B DRt T e ot i B R
Horp — PRFIE EAT B, 2008 HARRRE 3 2 5 B 26

1 x >< X x 98.42 99.34  98.76 ..
2 x x v x 95.46 96.57  97.65
30 x N x o ox 98.12 97.45.4 98.45
4 N x x Xy 9746 & 9823 97.79
5 \ N N X 9912 99.47  99.59
! L4
6 N W 99.32 99.67  99.69

RCRAHLAR . I HLX T GSA BB % H 45 A GCN
R Bt 45 SR, 7 A R B 3G SRR Rl B R AT
fE] B PR, BRSO AE 3 AN B4R BT 43
NOTAES M 0.13 N4 s 83 ANE 5L T
M EE RLRIERR &S *ﬁ@ﬁ%@zﬁ 3 PR
RO 4E S, E'E:I‘Eﬂéﬁf% W HE 2, iy LATE Indian
pines- Sé-lin‘as\" Botswana iX 3 MR 4E F o0l A
0.9 MNH 7 . 033 MEIF AL 0.93 ME 73 g, S
B 55 R T SSG-VIT KB 4 &kt
3.5 TRIMER Z BRI L SRIE

NPEAS A ST B4R Y SSG-VIT KRR A %5k, 3
ik 5 SVM. 2D-CNN. 3D-CNN. HybridSN #7453
AT SEH T EE AT, ORI S5 45 S P, Xof B S g
BIR F AR A B I ZREE L] (20%) BRAESE EL ] (10%)
DA KGR EE L A7) (70%) FF HL 5256 3R 8583 — 5. 3% 3.
K4, RS FRAFIIEEAFEIGE L) st 1,
g5 R IR SSG-VIT 1E 3 AN E s 4 BRI
Hilitapmrtae. Mo B 7. B 8 HHlFRR 3 ML
My R, I HAEE 6 73 RACRE Hal LA
SSG-VIT B TE Salinas £ 5 I 25 R I H T 45
SR F5 173 R, Foay SR IR a4 R4 B . (BLAE
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Indian pines £4E 5 AL ZEIHLE 2% 21 7 KA SVM
SR E AR MR S AN R B T SRR A
TRELAR. MO L FMCR B L7 R R bl A
SSG-VIT (15 RACRII T FIH1 ) 4 TR,

#£ 3 AFEITET, 78 Indian pines FHE4E 315 10 %2545 &
DA SR Y KRS E OAL ~FHIRSE AA Rl Kappa R (%)

# 4 AR[FEJFE T Salinas B4 b3R8 BF DK,
SRS HEFE OA. “FHIKEFE AA Al Kappa 25 (%)

Class SVM  2D-CNN 3D-CNN HybridSN  SSG-VIT

1 67.00 58.05+26.65 38.38+10.45 77.30+16.63 91.88+5.45
2 68.00 84.48+3.62 61.59+4.14 86.26+3.25 97.62+1.92
3 75.00 90.52+4.49 49.77£9.96 82.95+6.48 99.04+0.62
4  67.00 88.83+2.74 24.79+5.00 88.74+4.14 96.02+3.86
5 85.00 91.95+2.53 54.94+13.21 88.05+1.50 97.46+2.05
6  86.00 96.04+1.58 95.95+1.17 96.2942.21 99.88+0.16
7 62.00 52.80+£26.70 3.20+6.40 64.00+20.71 93.00+11.66
8 86.00 97.40+1.96 97.72+1.59 96.56+1.94 100.00+0.00
9 64.00 15.56+11.86 17.50+15.00 77.50+16.11 82.86+10.69

10 69.00 80.62+4.38 51.22+2.69 82.51+3.69 97.88+1.63

11 75.00 90.62+0.71 84.05+2.51 89.06+1.79 "98.07+1.24
12 63.00 73.52+5.31 28.31£7.58 '70.45+5.28 96.43+0.74
13 85.00 98.92+1.49 98.59+0.73 98.92+0.59  99.58+0.56
14  88.00 96.19+1.98 95.80+1.98 96.84+1.15 99.57+0.37
15 71.00 78.10+6:81 . 71.97+45.14  70.32+4.14  97.48+0.72
16  86.00 97.14+2.97 92.86+3.61 97.86+2.65 98.15+0.62

Class SVM  2D-CNN  3D-CNN  HybridSN  SSG-VIT
1 83.00 39.86+48.82 100.00£0.00 99.83+0.32  100.00
2 99.00 95.5044.09 99.94+0.07 99.97+0.03 99.90
3 86.00 88.12+17.46 99.80+0.16 99.87+0.16  100.00
4 99.00 79.73+39.69 98.92+0.44 99.30+0.88  99.91
5 100.00 76.68+23.02 99.06+0.39 99.59+0.46  100.00
6  87.00 100.00+0.00 100.00+0.00 100.00+0.00  100.00
7 99.00 66.92+39.82 99.96+0.04 99.97+0.03  100.00
8  98.00 91.39+1.99 93.22+0.39 97.10£0.10  99.89
9 7800 99.56£0.76 99.96£0.03 99.98+0.03  100.00
10 71.00  90.50+4.45 97.80+0.79 199.37:0.38 99.81
11 100.00 58.62+45.56. 99.18%1.18 99.39+0.41 99.53
12 97.00 97.67+1.55 99.55:0.53 99.64+0.31 99.94
13 87.00 96.15:6.77" 100.00£0.00 99.89£0.10  99.73
14, 98.00. 94.93+552" 99.67+0.27 99.53+0.26  99.65
15 4 99.00 64.20£14.79 89.70£0.81 95.16+1.11 99.36
16 86.00 93.54+5.42 99.45+0.61 99.14+0.40  100.00
OA 9421 84.66+8.34 96.92+0.16 98.59+0.14 99.66:+0.11

AA  92.00 83.34+11.01 98.51+0.17 99.23+0.07 99.26+0.16

Kappa 89.00 82.83+£9.36 96.57+0.17 98.43+0.16 98.95+0.20

%5 AT FAE Botswana HdESE 315 (K155 2K 1 LA
SO FHEE OA T HKEE AA Fl Kappa 5K (%)

OA 76.44 88.59+0.81 81.40+1.61 92.92+0.51 98.44+0.88

Class SVM  2D-CNN 3D-CNN  HybridSN  SSG-VIT

AA 7500 86.98+0.92 56.32+2.91 90.62+2.02 97.50+1.09

Kappa 76.00 86.98+0.92 65.78+2.74 91.93+0.57 97.99+0.77

B9, B 10 43337~ SSG-VIT AL 75 A [A] %
0 5 1R VRV R B T DA B AN ) v R I Ok i 2R 1S, A
30l 28 B R AT DL SSG-VIT F e S0 J 2 fe b
1, IF A e R B L 5. (272, KA 2D-
CNN [ J7V:7E Salinas HU4E 4 1 I 25 B AL 38 A sk,
I H RV A PR R AT LLE H SSG-VIT BLAL7E X} T
A S5 5 e b FE R R AR a0 fR e, T 2R R
B B8 43 BB ATY R B % 1R AT R v B TN e VR I
%EiﬂmﬁazﬂztﬂﬁﬁﬂLJT%?M}-Z?AW%%Q%E‘W’@E%%

L5

=N El
.

. X

Indian pinesfh # Ground truth SVM

1 100.00 99.84+0.33 100.00+0.00 99.91£0.19 99.54+0.59
93.00 85.93+5.13 91.36£9.30 96.79+5.21 99.75+0.49
97.00 88.32+8.33 97.71+1.43 98.31+1.39 99.90+0.20
99.00 77.94+6.96 98.72+0.93 98.60+0.94 99.77+0.47
94.00 75.70+15.44 87.63£5.18 93.02+4.04 98.14+1.58
76.00 70.58+14.55 86.79+6.83 96.93+1.04 97.95+1.78
100.00 95.28+1.36  99.61+0.19 1?9.2(&0.19 100.00+0.00
94.00 73.33%9.75 97.28+2.01 99.38+0.68 100.00+0.00
94.00 77.24+7.42° 94.66+2:54 93.71+1.94 99.44+0.54
10 81.00 84.43i19.3__8 97.69+1.21 98.79+0.93 100.00+0.00
11 95.00 §5.27:E3.54 98.85£2.10  99.67+0.66 99.18+1.27
120 84.00° 92.88£6.99 99.45+0.68 99.7240.55 99.72+0.55
13 98.00 95.93+3.84 99.44+0.68 99.81+0.37 99.91+0.19
14 99.00 95.93+3.84 91.32+5.62 93.42+4.56 97.11£2.68

O 00 N N L AW N

OA 9249 94.21£1.52 96.02+0.42 97.84+0.66 99.57+0.12

AA  93.00 94.20+1.61 95.75+0.45 97.71+0.88 99.32+0.38

Kappa 93.00 93.72+1.65 95.69+0.45 97.66+0.71 99.32+0.33

HybridSN SSG-VIT

Bl 6 AF7J7T Indian pines 73 SRR E

4 g HREYE
B BRI B S . BB T AT, UL [
ST, AR I T — R TSR SRR

92 R4 7 ¥ System Construction

A BB GSA FUAHRRG 15 KM 2% (SSG-VIT).
T I P A R R B B ' v A 4 I O 1 AR
DAk S 1 B TU AR AR B R T B0 52 24 FE TR B R
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B ' T U B ) R, 2 5 R O R IR BE R 0 B
RS HONT 1 't Tl K408 1) J) 56 7 1) R AR 1E AT R AR SR B,
IRJE R GSA X Ho4 Ja 2 AN RFEBEAT RRAE R &, )5
FERFERNG 1 A2 oK H B & BURE R 77 2. AR Y
TEN /D> S 3w B R EI I, DRI TR B 5 5
FE. 5 AR AL LA R B> SRR R, K IHRE
8 DRAF I K 23 SRS B, (H RIS 5N T B A AR
FLYNZRIN [R]AH LE AR B AT 38 0. AT (1) SSG-
VIT #2754 7E Indian pines. Salinas. Botswana £{##4E I

HEAT T 2 IRSEEG, SEI6 45 SR h SR 43 RS 2 43 )ik 2|
1 99.32%- 99.67%- 99.69%, iF B T A SCHEH VAR
G, KA SR SSG-VIT i1 5 SVM. 2D-
CNN. 3D-CNN. HybridSN #5& %3k 17 5256 %6} 4347,
HR A5 73 2R BRI R Y 7y SR i) 3 5 45 -+ 4y W
F B RYAE AN [F) 00 B R VR VA B B B AN TR VR N I
125 il 28 P b SR, SSG-VIT 7Y 1) i S50 i 2 d B
) H B AR 5 R RS . R SR AT ABE AR 1 A2 2% JEE fi sk
— B HIRNA T, 1 — 2 R TSR Y 2R [A) R R0

Salinasth # & Ground truth SVM

2D-CNN

3D-CNN HybridSN SSG-VIT

7 ANFE5ER Salinas 2 Z830R K

Botswanallj % Ground truth SVM

2D-CNN

3D-CNN HybridSN SSG-VIT

K8 AJE 7N Botswana 73 ZR3UE K
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9000 2000
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8500
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. 1600
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E ) 600
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