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i 28 M 2% ( Three—dimensional Convolutional Neural Network, 3D CNN)" 2 — Ff i F T 155 06 1 52 1% 40 T
B AU 22 25 S5 4, 58 LA 2D CNNUAR TR, 3D CNN B 38 B b — 4S5 7 1, BE e 2D CNIN B & i 42 O
T2 B A RRAE AT AE 45 A RO A TR EOE 4 B IS T H 2D CNN B8 75 9 M e 48 5
JL4E 3D CNN J ik 7E B A R 6 IS AR 3 A AT T — 5 M 8O ER % 7 IR AT SR A 1 &2 ) J
&5 B9 3D CNN AE M B — B RO 4R B e, 10 A 2 40 2 — 52 A ey 45 . 5 9P 4l o 384 o 5 7R %) R 2 ok
RESHE A FEBE N RGNS, AR S FEGEIUA o R, AR SR T — R £ 32 3D CNN, =
2 34 R FH = RO A 3D CNN G549 33t , AN [A] A9 RUBE T 32 BT MR B i R AE , DA BG g 3k B 42 Jm)
{5 B R R 3B A5 B, WA T S 80 IR TR AR 1. A, R TR MG % 5l A T4
P 15, IR AE VIR B Bl T & 30 1k AR SCHI AT —Fh 3 TR LR KB E AR IR L5 7 i 82 T3
HIVERE . A T B UEAS SO A RO 43 AR 28 I £ HE 4R Indian Pines, Pavia University, Salinas 55 [ 2k JH]
10% 4G bR 2 B s #4715, 43 9175 3] T 98.60% .99.83% .99.97 % MY M AKMER 2 ik T H AT 941 25 K F- .
PE— 25 ) S 25 S T, 2 BR 5 B B LA 1096 TR B FI 2.9 B, AR SO TR AR G B ik 9 0 2 B AR
PR E . BeAh BRI AR SO Bt AT T SRR, U T A SO v B — E B SR A1

1 RKXFiE

A0 1R % T A B 78 RO ST I L AR SO SR P 3 A 4 W X O AT e A, e 2 R O 1
S B BN A0 45 B ST 7 R M W R 25 19X 195 40 B FRI (G B | I DL r 0 90 22 1 6 S A P 4 £
*ﬁSZF*m 4% 90°,180°, 270° M 7 W AT KA B . e A AE SR U B R I T = X ORI 1 = 4 5 78
W24, S HIN 25X 2,4 4,6 6 = Fi 2 [a] R BE SR 42 BUREAE o 78 VI 25 B B, R T Adam P AL 25 % = 4 % s
(19 2 85050 S HE A7 U0 A, I 96 FH 58 SURLR B8 72 DR B B X A = 4% 52 B b 31 B0 F 5 A 0 A L 1
REr o FE4Y BRI IR, AR SO T 18 0 [ U 40 2 58 30 2 — i 20 T AT 200 10 4 3 2, X T v/ LSS (0 K
BT AR T 4 4 v 22 9 4 R
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Feature fusion
Logistic regression
Classification result

Augmentation ﬂ Data
\

Bl #xtmtidE &y ho keS8 CNNEH
Fig.1 multi-branch 3D CNN framework for HSIC
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BT R E Al, IF B AR — A m X AT na PV RE A tR 0 7 2255 M AT A B R AE AR 4

ATA = PAP" (1)
Ao, A K2R 0 R FEAR A K i K BNHES B P (R 2E TA0 AL W, 0 3 850 M A e 1 KR AT
A'=AW (2)

5t RS HT KOS A B B0 AW 60 0 SEVE ) T 402,

Iy TGO S 77 R A 3D ONN o LA 2 4 v, SRR B 19519 40 19 327 1 4 P {4 Bk (G 4
AR I B PR LTS R FE) L W75 B — 2R ) 3D PR (G, L9 3D R {5 o0 19 2% G0 bR 1 S A )
{0 M 2 A

LI Wei 25 [0 50 2 1 0 PR B 8 0 2 B HE s 907 . 180° . 2707, T L7 4 2 M 185 S8 B 1% 40 s it A oy
i B . ELPR R 0 2 B

B2 &otidaE R g e i SR 8 R 7 %
Fig.2 Rotational data augmentation for HSIC
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i AN BRBUR , e (o, y, 2 VAR o R

vt =F(b,;+ Ej;llEi:7521:WZj:ﬂ;u';?/{;fvtl'jﬁfdﬁp'ﬁl ) (3)
B ReL U BRI SO B85, T L 50 9 0 2 1o, 2 R Bk 2
9 20
ReLU(z)={ " (4)
0, others

1110002-3



3D convolution kernels

Image patches

M3 3DHEMRETEHA

Feature maps

Fig.3 Schematic diagram of 3D convolution layer

A 2 R B 5 SR AR B T, AR SO 0k e % B RO K J= (Max pooling) o 3% J2 K% it A KR AIE 73 0 1F 22 S
EEEREM N

A, I BURE A 1A P 09 SR R AR i DB B i i o AT AR T S 8, g Tk HUS
R B R AHERMZ R B M AT m R T
TEVIZRBT B , R F] = 45 SO A3 TN RI0 7 125, = 2% SCBR A I 28 45 4 TR T ] 4 I
6x6x24 1x1x1 6x6x16 Ix1x1 Max Dense
CNN [™ onN [ o [P oW pooling  [] module [ Outputl
4x4x24 1x1x1 4x4x16 1x1x1 Max Dense
( hipatdaa ‘ ’ cNN [ oW ] onN [ o pooling module [ ] Output2
o 2x2x24 2x2x1 2x2x16 2x2x1 Max Dense
CNN [ oNN CNN [ ‘oNN pooling [™] module [™] Output3
(a) Structure of the three branches
o 1 s s s s s s s s
: Flatten p| Dense | Batch ! : :
| layer normalization | | | |
I ! 1 I
| | Batch |
: | | 3DCNN =¥ normalization > Relu |
I v : I I
1 1 1
- Dense |4 Dropout 1
1 1 1
| | SoftMax e layer | =05) | ! i i
o ] o TTTTTTTTTTET T
(b) Structure of the dense module (¢) Structure of the CNN module

K4

Fig.4 The network structure diagram of the three branches in the training phase

N TR L 3D CNINGH 7 A — S RUBE b 48 BURAIE , 7 1E 25 25 20 00 40 Ja R A JE A0 1) a8l , A S 7 ¥ 4 £k
Hi i A 4% 3D CNN SZFEH 43I 22X 2,4 X4, 6 X6 — s ] RUBE AR IURFAIE o 76 X 45 25 4 v FH 381 1 i it
prififL” (Batch Normalization, BN, LA Z fiff B B 115 2% 5] R0, Jin MR 000 25 WAL AR B8 o 7 42 i 3 R A v (T T

YR B = A S e e R 4 A

Z371: 7 (Dropout) it A 42 3% H2 2 BB 19 & A 4304 L 0.5 MR B 0, LA i 405 L4

HAIE R B B9 K /I (Batchsize) S nyo B TE T, % i A Batch normalization )2 B9 85 5 2,(i=1,2, -,

Mya) » Batch normalization B JC ) 2635 KR
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p=- > (5)

o= S (Y o)

(7)

Zoh L AR e HHER N B BR EAE N 0, F 248 1. B4l F 8 #9228 4, 15 3] Batch normalizatiion
2 5 (y F1 RS2 1T 24 3] 2 50)

xX;,—

vi=yz,+p (8)
8 i softmax JZ 7= A far B A softmax JZ BIEE R 2, (1=1,2,++ ,nuw) » FZE00 R c FIHER N
exp(x.)
pllabel = ¢)= —
Ezl; exp(a,) )

K FH 38 S5 A R 120 O BRBCT 5 IS SR b o 38 U 48 2 RV BC 3K XA R (e M IZAL IR BEAR
OB, nas NV, L AR AREAS (9 100 TE AR ISl 1, 75 005 0)

MmEDAEJﬂ (label,=¢)) (10)
K F Adam A6 38T HEAT R AL, X 08 — Bl [ 3E R 2 S R A LA AR R B Y B AL R R R B R
RMSProp Bk 456 . Lo R U] AL SR 16 A 10 2 8080 4 T RT DU A5 009 28 1A S50k o 5 PR
1.3 EF#EMBRABEENMISERE
FEIA B B, ) = 4% 3D CNN 32 B BURRAE , IR E AT AR AE Rl 5 )5, R FH 2 38 109 23 88 1740 25
A B RRAE G 7 8 R % SRR L PR AR SCER T — RO A R AR G T zkjcﬂfv%ﬁmm
B HRIEX R (@M FE N @), @z, 0 WIMBLREL S fonfo N =553 BEMRHE 5 /R RilG I B RRAE)
f=(a,0,0)"® fi+(0,2,,0)" ® £, +(0,0,2:)" ® f (11)
K, a0, ap T I B FT DL SR A HOLR SR 49 31 . A 401 ok B0 i b [ (AR G R AL, D) o=
(ay, ez, a;) BUE R AELIIR B8 1 A RS 1] o B ASE 4003 ¢ B0 3 19 B 4k pR B, BV 2K pRAICR Oy L (@) (AR 5236
DA 50 1 A A 2R Y B0 R R SRR o IR TR, RS (a1, s, a0) B BIHTIRAS (al @b, b)) IO HE 2 i LA
N Metropolis i ] 5k 15

(12)

P,= min(l, exp( Lia), @, a"%);L(aq’ a, (15)))

R B R BE A SCHIE B T— 0, ZFEML L FEAE 4 IR T R 8RR S SS L L(ay, a0y a3) > Lo, B
H?EX?'JTB&%E‘JMW%%&O LR T AR K R B AME 0 R P08 PR AR, AR AR R
iy N i COMEPR S ETAE ) jONTE R ST 0C) , ny COMIG BR e KB AR B, (R I e REAIRED) L @
CIRZ &) ,new (o) CIRETEHHEN) , L (o) (R eRE) , T ()R PR o
*}Lﬁ?:
a < random ( Fl AL 4R 4k )
i < O(WIER Ak AMIE P14 i 58 100
J < OCHI I Ak P 0 B S A8 1)
while i <<, do(#= | FME )
while j <<, do(¥& il N1 ¥ )
Qe < new (@) G AFTIRE)
if L (@ )<<L(a)(Metropolis /£l )

a - ancw
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P/ R 4

L(a)~ L(aw)

lseif U0, 1 |<<
else i [ ] exp( e

)(U [0, 1J3R7R [0, LIRX ] b Ay 249 2] 53 A BE AL &)

A= Qew
end if
end if
j<jt+1
end while
j=<0
i< it1
end while
B o, L (o) GR R0 R R 50CRR /M B2 A I S5 R )
14 ZBiEMOEFH52EH
SR 122 58 ] U 5500 R REAS EAT 7028 0 %0 26 A ol i o A T A v R B 2 AR AR R T A — 2RO R . IR
WA g BREA IEH L, -, 0 oo, Maso
W c BHEARBON n BTSN REARMRRAE R £,(i=1,2- ,n) AR [ IR R o, Iy, BT, A5 00y,
BOo 75 LIRS ME T, 25 5 73 28 85 A LR s E0CR

. 1 Vi 1 L=y
Il(w" b‘ ):H[l( 1 + e(u,',/ﬂ’/)()) (1 B 1 + e*(uy'/',#»li‘) (13)
i i fe RALSRAG T, AT LIS B S 8w R b BEAJE T55 c R R Rl
N 1
p(label = c|f )4~Ii;;;z:;17; (14)
RO AR e R TR — 240 73 28 45 SR AT
label = . :afgma;‘l p(label = i|f") (15)

2 XKWESH

21 HE&ENA

F T B AR S IR A R, 7E Indian Pines, Pavia University, Salinas =4~ FF 5 48 L ab A7 17 5246,
T A 0 K e R A AT A

DIndian Pines: Indian Pines(TP) %4 4 & fie 5 (19 # C 3 52 A% 73 JE MR o R AL T DL 21 Sh A%
1AL (Airborne Visible Infrared Imaging Spectrometer, AVIRIS) W& K4 , Gk AL I KB R0 0.4~2.5 pm, DA
220 4 3 S P B XS b Wy R AT % S AR H b 200 W RS R I S B B B B o IR R AL 16 Rl IR R M
B Ry 145X 145, Hoh A bR 25 B9 AE AR H O 10 249, A A A A 191 A 148 1) 45 i, EL ol T 25 8] 23 B 3R 441K
F20m, AT EMIEAGGRTIE B —E M.

2) Pavia University : Pavia University (UP) % 45 42 /& 78 5 A1 2 5 5 0 27 06 1% i 8 & 48 (ROSIS-03) T
2003 4F- 75 5 WA 4 W 30 17 35 B i 06 15 B 9 — 3 4 o 6% R AXAE 0.43~0.86 pm U K Y ] Y R
LISV B ifb A7 3% 2 sl g, Fov 124U B 1 32 W 7 e A50™ S Mg A0 5%, e A BB B S [ 3 BE % 1.3 m, 8
FEMBR 610X 340, ZBIEIAT O MYy, Hh AR MR H 42 776,

3)Salinas: Salinas(SV) 45 4 i AVRIS s O AUR 4R HAR B 52 NN Salinas Valley o 3 % dis
L 25 (0] 4y PR IZ 3.7 m AR R AU 512X 217, FuA7 224 4>k Be, 5 B &8 43 W8 75 U B Js 6 A 1 204 1> D% B o
R 16 80, b A R 2 9 REA S H S 54 129,

RLURERT ERBHR R BEANEAE .
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Table 1 Sample distribution of hyperspectral remote sensing dataset

Indian Pines Pavia University Salinas
Class Samples Class Samples Class Samples
Asphalt 46 Asphalt 6631 Brocoli-green-weeds—1 2009
Corn—notill 1428 Meadows 18 649 Brocoli-green-weeds—2 3726
Corn—mintill 830 Gravel 2099 Fallow 1976
Corn 237 Trees—painted 3064 Fallow-rough—-plow 1394
Grass—pasture 483 Metal-sheets 1345 Fallow-smooth 2678
Grass—trees 730 Bare soil 5029 Stubble 3959
Grass—pasture-mowed 28 Bitumen 1330 Celery 3579
Hay-windrowed 478 Blocking—bricks 3682 Grapes—untrained 11271
Oats 20 Shadows 947 Soil-vinyard-develop 6 203
Soybean—notill 972 Corn—senesced—green-weeds 3278
Soybean—-mintill 2455 Lettuce-romaine-4wk 1068
Soybean—clean 593 Lettuce-romaine-5wk 1927
Wheat 205 Lettuce-romaine-6wk 916
Woods 1265 Lettuce-romaine-7wk 1070
Building—grass— . .
Trees—drives 386 Vinyard—-untrained 7268
Stone-steel-towers 93 Vinyard-vertical-trellis 1807
Total 10 249 Total 42 776 Total 54 129

22 ZRWRBES5SHIRE

SCOURE A S5 R L A BRER O AMD Ryzen 9 5900HX; N 7 & DDR4 3 200 MHz 16 GBX2; . £ &
NVIDIA GeForce RTX 3080, 777 16 G. # {4 ¥ 5 & windows11 T ¥ python 3.8+ tensorflow 2.3.0-+
numpy 1.23.5,

TES O E T T, R Adam Pk & 09 BN S 80H 171 25 5 BatchSize 35 2 1005 Jie KON 25 B &
150, DA 75 B B S 84 5 B I 2k = 48 AT — ISR IE , (A PR A7 451 2% Je /D B B Y ; Dropout B HE #8152 8 8 0.5, LA
Gefp it WG o UIZRAE SR AR (A 43 ) B ATL IS RE AR 19 9 06, 106 1 90 06 (R 43 SR VA AN TG B Uk 4, UK
YHEMBIEE S N —).

23 HpEiEtR

A S0 SR Y B 48 A A BAR HE A 2% (Overall Accuracy, OA) , ¥ E 4 % ( Average Accuracy, AA),
Kappa &%, FoI45 0, c 2 GIE N RS i BFEAR S E | m, R 58 j R YL 5 i 080 m, 45 0T
RUAN T —MIREH .

1) OA N IE# 7 R MAEARR S SFEARBN B A, 2R h

(')A:%Ziﬂm,, (16)
2) AN R £ B WA R 1 S ME
1, my
AA—7EI_:1 N (17)

3) Kappa Z B 5 T 1 1 40 B 0008 00 38 03 kL L0 50k
J’szzlmﬁf ZZI(EZZlmnz::lm\/)
N = 2;:1( 2;:1"1“2::17”” )

Kappa = (18)

24 HEER
SEIS X T AR SO 5 S RE 1) B HL(Support Vector Machine, SVM) | K 45 B} {2 42 M 4% (1.ong Short—
Term Memory, LSTM) | ['] #% 1§ ¥ 8. 5C (Gated Recurrent Unit, GRU) | % JZ i X % B #2845 (Going
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¥ % il

Deeper With Contextual CNN, CDCNN) | 3 32 #% X {3 & J1 #L il M 2% (Double-Branch Dual-Attention
Mechanism—Network, DBDA) | X 3¢ # 2 1 & J1 #L il W 2% (Double-Branch Multi-Attention Mechanism
Network, DBMA )45 J5 ¥ o 3 S8 X6] [ B8 v 34 78 SCHR rh Bk W1 78 w5 D6 3% 1 RS2 AR 40 25 AT 55 v A %0, SR FH SCik
rh Y BRIA Z BORE X 28 5 R 5 AR ST B AT R FE S, TR WA SO v A R -

XFEE T4 R 0 1) SVMYY s e F i R A3 25 11 B 1 0 2 25 5 JR SR 8 7 4 i SVML I AE 42 R fi b T Ho A
PR, IEAE S R S A T G A LA TF 0 2Kk B 5 2) LSTMYY ol ad B AT 38 RS T AR T 5 o R 45 1 R
Tt Bl 00— R Pl 2 0 2, G S ER S A A RN D Sk I TR A L T AR G U PR R 8 I 4% LS TM RE
AR A TR N T 7 27 e (0 A B 9 2 AR E R E SR ) R, TR T ], R 8 200 Iy s i A i IR
BB DT AR AT EU A% G0 1 06 20 4 28 0 46 S A0 B AP R 5 3) GRU™ -3l asd T 397 1 R o 3 11 42 #f 90 486 15 8
it Bl B — R0 PR A 28 W 2 b TR 1A R T B TR 4 B A R D AR G AR T B A R T A A )
J¥ 31 L BRI G 2 54) CDCONN s — a3 2 RUBE 38 % A1 5% 22 ST Y 2D CNN 2%, GEFI AR 4815 R
1Y Jry &8 25 1] O 1% 6 RARGF L O MR R B R SUFE R IR SCHEFE BT 22 R 25 (] 8 I e 2H 48 I =S )4
fiE, 5 6% FRAE SEAT e A 4B, SEBLAS i IS 40 2555) DBDA™ X4 Y 3D CNN M i SCEESIA T A
C T ML, BoR AT Mish 800 o6 0R0 % FH 9 ReLu 3006 PR 2 6) DBMA™ B3 3211 3D CNN
D 45, PR 4% S B 43 S0 B B IS [B) AR AR RO B AR AR, DT % A7 A 7 TR RRAE 18 AF BT, L RO 9 3 X 4%
FIAT = YEA 3 A JF 51 AT 23 ) T 2 0 L) e i i 2 AL

LHAETP UP .SV =R IF R L L AT, 70 45 At & 2~ 4, B 5~ TR .

F2 IPHEEERAI0ANREEARANILEREK
Table 2 Classification results for the IP dataset using 10% of the available labeled data

Class SVM/% LSTM/% GRU/% CDCNN/% DBDA/% DBMA/% Ours/%
| ] Asphalt 73.17 46.34 51.21 51.75 60.00 93.82 95.37
Corn-notill 78.37 81.78 78.52 77.64 95.10 97.03 97.66
. Corn-mintill 70.55 71.35 61.98 77.13 96.57 97.11 99.95
Comn 72.30 61.03 72.30 78.92 98.98 98.58 99.23
Grass—pasture 90.80 81.14 88.04 91.86 96.83 97.03 94.93
e Grass-trees 90.11 95.89 89.64 95.45 97.60 98.66 99.26
Grass-pasture-mowed 68.00 80.00 68.00 54.20 58.82 80.01 97.40
Hay-windrowed 97.67 99.53 97.67 90.46 96.71 99.90  100.00
. Oats 61.11 77.77 50.00 63.27 40.00 81.54 97.22
B Soybean-notill 71.31 75.88 73.82 81.34 88.24 95.30 98.37
e Soybean-mintill 83.30 74.78 78.81 79.97 96.66 94.06 98.73
B Soybean-clean 73.78 30.14 80.71 64.98 90.72 95.49 98.56
Wheat 95.68 97.83 98.37 97.89 100.00 98.46 97.89
. Woods 95.43 96.13 94.29 93.99 96.72 97.36 99.73
Building—grass—trees—drivers 63.11 45.53 58.50 83.31 96.56 93.64 98.17
Stone-steel-towers 88.10 88.09 91.66 92.39 93.23 96.89 95.89
OA 82.05 77.65 80.43 81.35 95.07 96.02 98.60
AA 79.55 75.20 77.10 79.66 87.67 94.68 98.02
Kappa 79.47 74.51 77.66 78.67 94.38 95.55 98.41

1) Indian Pines %t 4

B ML 3% B Indian Pines 3085 42 i 922 N FEA AR S U 2R, 103 N FEAAE S B UE 4L , 9 224 AR AR Sy I ik
P T R R LG AR B 40 245 A0 2 RN & 5 PR B R AE R A JE A SRR . NI S AT DLE
SVM.GRU.LSTM .CDCNN i% £ )7 bk 1 7p R 5 R G B 2 W | p R PERE A 5 2 28 5 T 3D CNN 1y U7
%, DBDA A1 DBMA 45 0] DUAR ff i gl 75 25 18] 45 B RDG %5 8 BUS T B 40 43 25 M6 o M LL T3 ey
P RSO R R R RS EAA R SO N T o A SCHE M D7 TR 5T e B i O N 2 RO 4R
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Table 3 Classification results for the UP dataset using 10%; of the available labeled data

Class SVM/%  LSTM/% GRU/% CDCNN/% DBDA/% DBMA/%  Ours/%
[ ] Asphalt 93.37 93.12 92.69 95.48 99.04 99.60 99.91
B Meadows 97.81 97.54 97.11 98.77 99.86 99.86 100.00
e Gravel 78.00 75.91 79.17 95.73 96.19 99.45 99.08
Trees—painted 95.32 92.93 95.30 98.85 99.01 99.04 99.28
Metal-sheets 99.42 99.63 99.75 99.83 99.93 99.61 99.88
e Bare soil 90.37 86.86 88.17 95.25 99.93 99.90 100.00
Bitumen 87.97 83.96 87.05 93.30 100.00 100.00 99.83
B Blocking-bricks 88.61 87.24 85.95 89.37 98.27 97.64 99.66
Bl shows 99.94 99.88 99.71 99.07 99.08 99.42 99.53
OA 94.09 93.01 93.23 96.57 99.33 99.53 99.83
AA 92.31 90.79 91.65 96.18 99.03 99.39 99.68
Kappa 92.16 90.71 91.02 95.46 99.11 99.38 99.78

R4 SVHEEERIO N BEREEEANDTLEERR
Table 4 Classification results for the SV dataset using 10% of the available labeled data

Class SVM/ % LSTM/% GRU/% CDCNN/% DBDA/% DBMA/ % Ours/ %
Brocoli_g w_1 99.56 99.69 99.86 79.94 100.00 99.23 100.00
Brocoli_g w_2 99.94 99.63 99.88 92.88 99.98 99.99 100.00
Fallow 99.49 99.69 99.71 98.60 99.92 98.52 100.00
Fallow r p 99.52 99.56 99.60 98.74 99.35 98.84 99.92
Fallow s 99.59 98.28 99.04 89.00 99.44 99.55 99.96
- Stubble 99.92 99.84 99.89 99.87 99.92 100.00 100.00
Celery 99.66 99.78 99.76 99.72 99.92 99.94 100.00
Grapes_u 90.20 87.56 87.11 85.78 96.09 99.80 99.95
Soil_v_d 99.91 99.02 99.67 99.79 99.94 99.84 100.00
Corn_s g w 97.69 95.74 97.67 97.62 99.80 98.84 99.97
Lettuce r_4wk 99.06 98.02 98.59 93.85 100.00 99.19 100.00
Lettuce r_5wk 99.77 96.86 99.42 99.45 99.97 99.73 100.00
Lettuce r_6wk 99.39 98.24 99.21 98.79 100.00 99.27 100.00
Lettuce_r_7wk 97.92 96.62 97.82 97.76 99.77 99.74 99.83
Vinyard _u 71.24 82.15 82.55 83.56 97.86 94.59 99.96
Vinyard v _t 99.20 98.83 98.86 93.05 86.77 99.96 99.80
OA 93.74 94.18 94.55 91.99 97.45 98.89 99.97
AA 97.00 96.85 97.42 94.27 98.67 99.18 99.96
Kappa 93.02 93.53 93.93 91.09 97.16 98.77 99.96

BT RRAE , 8 T M A X = GRS AR AT 2 . AR 2 T DL R AR SO B0 T TP B 4 16 A2 i
132650, ¥ LIS T f s B9 HERA 2R, % T Hay-windrowed 28 S BUIS T 100 % B9 HERA 3 . A8 SCJ5 19 OA,
AA, Kappa S5 M REFE AR 24 00 F H AT H vk o M HFIRIE A DBMA J5 i, AR SCO5 19 OA L AA , Kappa 3§ 5
ST T 2.69% .3.53%.2.99% .

2) Pavia University #¥5 4

Bl ML 3% B Pavia University 2080 5t 3 850 M FEAS A Ry Il 24, 428 A FEAAE S B0 U 4R | 38 498 AN FE A
SR IR IR AT TR A S AR B Y 4y R A5 B an e 3N IAL 6 TR, b R SR AR 1 Ay A S KL . MLIEL 6
FTLLE AR G T X BT 8 AR SCO7 R 4 R 45 R S A R e Ry 40 . AN 3T AT LR M AR ST Bk
F UP ECHE 4 925 i 54> 28 50 LA T fie e 19 HE I 2%, 4 F Meadows 2 i #l Bare Soil 25 U T 100%
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(a) Grond Truth

(€) CDCNN (f) DBDA (2) DBMA (h) Ours

M5 FAIPHEREION AREFEANSEER

Fig.5 Classification results for the IP dataset using 10% of the available labeled data

(e) CDCNN (f) DBDA (g) DBMA (h) Ours

BW6 ) UP#IERI100 A imas kg R
Fig.6 Classification results for the UP dataset using 10% of the available labeled data

R A o AR SO LR OA VAA (Kappa S PERETE b X 00 T HARXT L7 o AR T RAE B9 DBMA J5 i, A 3¢
B9 77889 OA LAA (Kappa #8453 #2 7+ T 0.3096 ,0.29%6 .0.40 % .

3) Salinas ¥ ¥ 4

BEBL 1% B Salinas Bd 45 1 4 872 M FEAE N UIZREE , 541D REARNE B AE4E , 48 416 MHREAAE L4
AT TR S S0 A5 B0 1 4r A R FR A RNEL 7 R e B S i i SR A R . AR 7T LA
FHLE T X HO7 0 AR SCOT VA ) 0 2R A5 R B S BUE B e o A . ISR 4Rl DU AR SOO7 1060 F SV B
B2 16 00 iy 15 A0, S IR 1 SR M HE A o, 0 T 8 AR BT T 100 %0 MR % . A SO i
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1 OA (AA Kappa % 1 BE 48 b1 S 00 T H AW XS o Oy 2 . A I TR BY DBMA J5 i, AR SCH 10 OA LAA
Kappa 8 #r43 BI4E 7+ T 1.09% .0.79% .1.20% .

(a) Grond Truth (b)SVM (¢)LSTM (d) GRU

(e) CDCNN () DBDA (2) DBMA (h) Ours

M7 @RASVHEEEION AFEHEREyLEER
Fig.7 Classification results for the SV dataset using 10% of the available labeled data

4) YNGR bR ZEREA G 5 SR HER 1 ¢ R

R T BE— S RIS LS R R OC R I I UE AR SO A A A BEEU A 20bE | 7E Indian
Pines . Pavia University \Salina Zt#l 4£ L 17 7 — RYIIH B SEES I BlUS J7 15 20 01 R - 22 52 6 806 35 5 3D
CNN B3 B A B0 3 58 3D CNN B S JC 504 3 58 3D CNN. TP B4l 4 b iy 43 2885 R an 51 8(a) i
UP $ci4E A 2885 L an 15 8(b) fif/k , SV B i 48 b i 43 2845 S an 151 8 (o) Fim o Rl s VI it F 20 A3
PR ZEFEAR () FL ), N A0 e AR T A IR HE AR (OA) .

ME AT LLF % F 1P UP SV = ANECHa 4, A48 SCHE 9 07 3 5 00 MU O 100 LG, ZE DI 2l R FH B A
B 25 BEAS LE A9 72 9708/ (5 2 A7 B A T A B R R 3, RIRE HOR T 2% B9 bR REAR AT I S5, AR 3
D7 IEAEIX = A ER A LA AR AR AT B AF 10 4y 2R 45 5L, T T8 Ml A J7 125 52 FE AR B 020 14 52 R B K . 1% S 0 U A
T B G 0 3R 2 S R AR R S B AR T 3D CNN XT38 B AR /0 2 I B ) viE R . HLXY P
I fm] iz I, o0 8 ME 0 R 25 A F — 2P M4 7t

5) /INFEAE T T 1T L 52 56

R T k25 B R AR SO VR A E TR O AR INFE ARSI R I K AR SO TR SR SO T R Y
DBDA .DBMA Jy ik A7 i — DX L. SR 206 A bR BB X TP UP SV =N S k170 25, Hoop 26
SN 5 TR .

M ST LR TR/ NEARIE TS AR SO ik B Fb 40 2R E A R B B 0 5 o SR B HIE T AR SO YA TE /D
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Fig.8 The relationship between the proportion of the available labeled data and classification results

x5 RANBEREEXINEHEEETNDEZEERE

Table 5 The overall classification accuracy of each algorithm when using 2% labeled samples for training

Algorithm 1P/ % UP/% SV/%
DBDA 87.29 97.81 96.28
DBMA 78.35 97.85 98.14
OURS 89.68 99.29 99.86

FEANEIE R, A L X e vk i A 3

6) 52 HIPE 55 Ik

T B EAR SCOT R B S M SR A S i JE A AHILBIL K 8 63 AR MILR SR R HE AT T A 2. &t
T AHALG RS E Sy 400~1 000 nm, 31 BEECK 176, 25 (8] 40 BE %R 0.05 mo AAE X800 T 1L AR 4 15 1 g IX
B, IR S MY . BHIAR SO R R 1% A AR AR AT U A8 5 T 99.64 %0 1Y B R VERG R . % B
EWE AR ME 9(a) Frn , BEAEE A E O(b) i, 4 KRG R & 9(c) Bizs o BT LUE W AR SO i 4

(a) Pseudocolorimagc (b) Ground truth (c) Result

B9 HagtifsttkwvelREIr£ER

Fig.9 Airborne hyperspectral dataset and its classification result map
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Multi-scale Remote Sensing Image Classification Based on
Weighted Feature Fusion

CHENG Yinzhu'*, LIU Song"?, WANG Nan'?, SHI Yuetian'*, ZHANG Geng'
(1 Xi'an Institute of Optics and Precision Mechanics, Chinese Academy of Sciences, Xi'an 710119, China)
(2 University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: Remote sensing image classification is a key branch in remote sensing image processing, which
provides an important basis for agricultural, industrial, and military applications. With the development of
remote sensing satellite, spectral imaging technique has also developed from multi—spectral technology to
hyperspectral technology. Rich spectral information puts forward higher requirements for remote sensing
image classification. Many hyperspectral image classification algorithms based on traditional methods, such
as superpixel methods, extended morphological feature methods, space—spectral joint classification
algorithms based on combined kernels, and classification algorithms based on support vector machines and
graph cuts, have achieved certain results. In recent years, benefiting from the improvement of hardware
conditions and the update and iteration of algorithms, various deep learning methods have emerged one
after another, and have been introduced into the field of hyperspectral image classification by researchers,
further improving the accuracy of hyperspectral classification. Autoencoder, Convolutional Neural Network
(CNN) , and capsule neural network have all been experimentally verified to be effective in this field.
Different from the common two-dimensional convolutional neural network, the convolution kernel of the
three-dimensional convolutional neural network (3D CNN) is a cube, which can naturally integrate the
features of spatial dimension and spectral dimension, and has achieved state—of-the—art performance in the
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field of remote sensing image classification. Conventional 3D CNN usually extracts data cube features from
a single scale, which often loses certain local information; excessively increasing the depth of the model
will lead to overfitting problems; limited by actual conditions, it is often difficult to obtain hyperspectral
data with a large number of labels, while conventional 3D CNN does not perform well for few-sample
situations (for example, the total sample size is only a few hundred). To solve these problems, a
multi—branch 3D CNN is proposed in this paper, and the three branches are designed with three different
3D CNN structures. For the input hyperspectral data image set, this paper first utilizes the principal
component analysis method to reduce the dimensionality of the data, and the dimensionality of the spectral
dimension is selected as 40 after dimensionality reduction. The data cube is decomposed into many 19X
19X40 image patches, and the label of its central pixel is used as the label of the image patch, and then the
method of rotating 90 degrees, 180 degrees, and 270 degrees is introduced for data augmentation. In the
feature extraction stage, a three—dimensional convolutional neural network connected in parallel with three
branches is employed to extract features from three spatial scales of 2X2, 4X4, and 6 X6. In the training
phase, Adam optimizer is used to optimize the parameters of the three branches, respectively, and the
cross—entropy loss function is adopted. In order to alleviate overfitting, the dropout unit and Batch
Normalization are introduced. In the test phase, the features extracted from the three branches are
combined by weighted connection, and the optimal weighting coefficient is optimized by utilizing simulated
annealing algorithm. In terms of classifiers, the logistic regression classifier is adopted, which has
performance not inferior to fully connected neural networks for small-sized and medium-sized data sets. In
order to verify the effectiveness of the method in this paper, 10% of the labeled data were used for training
on public datasets such as Indian Pines, Pavia University, and Salinas, the overall accuracy of 98.60% ,
99.83%, and 99.97% were respectively obtained. Our method outperforms the comparative methods such
as support vector machine, 2D CNN, and conventional 3D CNN. Moreover, the overall accuracy of the
method in this paper is studied when the amount of data in the training phase gradually decreases, and
compared with the single-branch 3D CNN with data augmentation, multi-branch 3D CNN without data
augmentation, single-branch 3D CNN without data augmentation. The method in this paper is also
compared with the DAMA and DBDA methods in the case of a few samples. Compared with the
comparison method, the performance of the method in this paper still maintains a high classification
accuracy when the sample size is small. In addition, a practical test was carried out using the method in this
paper. A series of experimental results show that compared with various comparison methods, the method
proposed in this paper has a good classification accuracy and has high application value for hyperspectral
image classification problems.

Key words: Optical image sensing images; Deep learning; Image classification; Convolutional neural
network; Feature fusion; Multiscale
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