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Hyperspectral image classification method with intrinsic spectra-aware network
LU Yan, ZHANG Wenfeng, CUI Binge
(College of Computer Science and Engineering, Shandong University of Science and Technology. Qingdao 266590, China)

Abstract: Hyperspectral image classification is an important application in the field of hyperspectral remote
sensing. However., affected by imaging conditions such as illumination, ambient temperature, and atmosphere.
different classes of ground objects show local similarities of spectral features in the original spectral space, leadint
to poor category separability. In this study. a hyperspectral image classification method with intrinsic spectra-
aware network (ISANet) was proposed, which introduced the concept of intrinsic spectra to capture
representative spectral representations of ground objects. The spectral feature reconstruction module was
designed to project the spectrum of ground objects onto a new spectral space to enhance the feature differences
between different classes of ground objects. The sequence Transformer module was used to process the serialized
spectral information and the attention mechanism was used to focus on the bands with high discrimination to
strengthen the spectral distinction between different classes of ground objects. The progressive compensation
module was adopted to gradually integrate global spectral features and local spatial features starting from the
early stages of network training to promote the in-depth fusion of features at different levels. Experimental
results on three benchmark datasets show that ISANet has good hyperspectral classification performance and can
maintain high classification accuracy even in the case of interclass spectral similarity.
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progressive compensation; remote sensing
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6 E EE (hyperspectral image, HSD J2& B 5 #5635 SO AT 25 K AT S il 42 2] /Y9 = 2 7 4K
EIG i T BAAB0A A i 2 B 7 i 65 i & 1 5 rOGREE R AT S H AR MU f0oRS i U0 5 2 R
P B )2 N AR A IR W R R0 RORG A Al A A

FLHA Y G B % 43 25 (hyperspectral image classification, HSIC) 3 845 S i ALY | Bl HL R AL
I B AT A3 AT - A B A 2 20 Tk M LA B S ) b 0 19 0 40 B0 1 22 53 L A0 2K Mk e 2 B PR . IR 2R 20 ]
P h 3 BRSPS e, Hod 5 R 48 W 4% (convolutional neural network, CNN) A5 £ 58 K i [&]
8RB ERAE A AE ) fF HSIC AR 45 ERBUH AR MRS, Hu S5 3 — 248 5 U0 2 W 45, g A7 AR BOE
REFRAE , BIS , ARZ2 25 3 B M 2 M 2% (two-dimensional CNN, 2D-CNN)™ | = 4k 42 B R 2% (three-
dimensional CNN, 3D-CNN)" f/§ B i 25 W 45 1O 33 23 1] 5% 22 W 4% (spectral-spatial residual net-
work ., SSRND#HEFF T HSIC MIARCHER . Zhu % 58 10 76 SSRN w151 A 245 i) i 28 ) J28 L e i h ok 2
23 [ G R 1 W 2 T HSIC, SR, 36T CNN 1Y = 06 185 BG4 28 07 15 32 /N RO 4 R i BR il X LA
b BB AT & PR DG TR

U JUAE  BEAE i ] 2 Sk T = ALY Transformer P48 42 ), — 2222 6 Transformer N ] %] HSIC
fE45 . BN, Hong 2 61 91k 14 1 B2 48 57— FoB 19 )5 5 SpectralFormer. )\ HST #4145 % 1%
W Be b 2 Ry SIS B O T 7840 A 23 IR AE B0 TR 218 A B, Sun A5H 6% 48 TR R AE BR g 1k
Transformer(spectral spatial feature tokenization transformer, SSFTT) 4 35 Y6 11 23 [0] 45 4F ; Mei 25100 42
H ALK Transformer, fif 5 T 22 3k 14 2 7 AL BURFAE 33 F 40 H0A9 13) s Yan 550742 HR & 6 BURI
ViT 75 i% Chybrid conv-ViT network, HCVN) 52 B Jr it fE Al 42 Joy R i RO 3R O S il . il T AN TR b 26
Sl 2Z 18] P S B REAE T RE A2 AE AR AR C 4 [R1E ), HLO' BRI K045 BUAR A% 14 04 52 T o 25 38 I AS () b ) 358 0 1%
By AL Bl 5L T Transformer A9/ Y615 70 28 7 AR SR A7 78 Ry BR Pk

X B R IR) R, A B 28 4 Y — Fh A AE 6 1 B ) 5 OB 1E B2 49 22 5 i (intrinsic spectra-aware net-
work, ISANet) , AR AE G5 /2 18 JEk PR v 4 o b 4 28 531 00 300 BI85, PT38 aod Rp A1E 2% 2 T Tk S b 4 288 531 vh
B AR ERME A — BoM: B OGS R AR RAE , S b ) R OGS e BT, B A T ORI RR AR FE A LB (spectral
feature reconstruction module, SERM) , ¥ Hly ) A= iE D' 335 FIAE A G338 (S B UL 31 19 B AN FE A 19 Ji 4 O 1%
i) S BB OB A 8], DA R N 22 5 ORI IR B . LR, il T R R E 42 OB e A Ak 4
FET G ER AR AE R R B 7 . BAROR UG, T S R T HI5 A 22 N 4% 0T 1) 1 7 ) (Teed-forward network
sequence attention, FENSA)BLIHXT 7 51 ¢ AF i A , 34 5 x5 S i il 26 240 15 15 B 0 i B2 68 7 5 2R )5 R H 25 1)
FRAE HE B B (spatial feature extraction module, SFEM) 3 A 12 4 & 38 25 [RI AR AR 19 SR FE R 55 B s B
Joi s 2% FH i i AN AR B (progressive compensation module, PCM) #f 4 Y 1 F1 25 [6] {5 B A 2 gl B 4y ),
SRR G A A REAE 114 [ I 42 BRI 58 B

1 X

1.1 ERMEML%K

CNN & — 7l H] T 4b BP0 A% 45 46 B8R 0 R 32 2 D AL o F T o IR b 38, B2 2 CNN L2
F BT e 2 N i A B 1T 6 B2 ERRRIE $E ., ¥ 3 L (depthwise convolution, DWConv) A b F
T Ge A TR, B A TE AR — X0 07 1 A B, AR SR SR X R BT R R/ TR Y S R B R 4
P AR A, b Ak 2 3 A PR AR A T 1% 2 T) RO o U /b it 8 X 26 i 1) S 8008 . 42 % 4% )2 (Tully con-
nected layer, FOL T4 BUR FIMBAL R ZJ5 o 01 57 B0 28 5 52 JRORN Ak B AY Rp AE 6 T 33X S 4R AR R 4T e 44 1Y
Iy KT
1.2 HESEH

O PRSP 28 T 45 1Y) S 2 AR 43, — MR Tl 28 B T B i LD B B ] T R N AR L R 4 Bl 22
P 2% BE 8 41l $2 JF 4b 1 B A0 52 2% 1 808 O &R o W IR B0 BRI BCAT Sigmoid bR, B I £ 1 BT (rectified
linear unit, ReLU) K%L .Softmax K%L . & BriR 22 2 ME B0 (Gaussian error linear unit, GELU) pRECEE

1) Sigmoid PREL: i (ETE 0 2 1 Z 8], 25 A IE TG 55 K It {8 8L F 1, 4 A 06 95 Kt 4 o (8
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HEIE T 0, H 3% PR BCAEAE 50 B2 T 2R Ta) R, BZE i A (B AR R SO AR /D e 46 o R R B BE 3R T 0 TR .
1
f(x)zﬁo @)
2) RelLU R 5 AT 0 B i th 55 T4 A 250 AN T 0 I B th o 0. 12 R BCRE f% 2 M 66 J3E T 2K
AR (HAFAESET ReLU MR, 4N

f(x)=max(0,x), (2)

3) Softmax PREL . 5 T 2/ 25 M), o] IR AT 55 52 B0 A 5% 0 8 R 0 A o 2 oR B B s L 1Y
SR 1 AH Y A AER B Rl R B /N B sk, 2 B RR R Ak R, AU .

f(x,) =— o 3

KL K R EHIEL
4) GELU pRE AR w5 715 22 20 A0 BT B0 ek £, BB bRopf 28 W 28 11 R i e Sl &<, 1153000
flx)=xaXd(x), 4)
P, @ ()RR IER I3 1 R A R 2L

2 AIEREBRAMPEHIEEGS LT E

AT 5 Hh B ARAE D' 1% SN 1Y =i D' 1% R 43 26 U5 1 (ISANet) 4 & 6 1% R AIE 8 M AL 8 7 41 Trans-
former 5 | 23 [ FFAIE 42 U B AT o A R AR B, FLEE M N 1 s . 8 J . W iR Ak — 4> HST B 4. A
X={x; ) €RYY R H MW 23510k BB RS B OB B BOR. N N BR R AL x,
AERRGX PR RE R — DG IR y =y oy, ooye b b C W IGEH  y o W5
CAHbpZ it . HK G ISANet R U SCE A, — 70 SEMEE TR BUR R ZOLIE S R 75 — 70 ST B
PABRIC AR R O bl B Jey i 2 (B4 S, o RRAS i 8 D63l AR i S A B R Ak BRI L 0 30l i A P AN I 47 00 SOk 4
WO 3% A s ()RR AL 7 A A8 B 58 Y DA I AT 2 S 2 ) 28 B AMER LA o fie )i, B ORGSR AT 22 5 F 4 1
P VAEIE)Z T Softmax JZ BT . ISANet J7 ik my AR UnT7 3k 1 Bs .
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FiE 1 RS R S B 1R 9 E 5 % (ISANet)

i A : HSI image X € R"*"*P | label y
i : Predicted class label vector 3;\.
1: Extract pixel x; and neighborhood X ., from X.

2: Initialization: batchsize=64, optimizer Adam (learning rate=1e—3), epochs number e =300.

3: fore=1 to 300 do

4 Calculate the intrinsic spectra s €RB by Eq. (5)-(7).

5: Obtain s”,x" by Eq. (8),(9).

6 Obtain the reconstructed spectra x| by Eq. (10).

7: Extract the global spectral features f . by Sequence Transformer.
8: Extract the local spatial features f,, by SFEM.

9. Fuse f .+ f . to obtain the compensated features f:]w , fsll),,.

10. g=~Concat (fs/pc s fs/m) s Concat( + ) is Concatenation.

11:  vy=Softmax(FC(g)).
12: end for

13:  Output }',\: (j’\, [i=1,2,++,M},M is the number of testing samples.
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1 N, XN

A, =—PP'erR” Y, (6)
B
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KA, A APy 25 B AR TR RDGIE Z [ 0 O R A SRR B X A AR RE Q. L5 A
L R AE ) B AR 2R bR UE I S N BEBERT e A B IR A T4 E] B 4E 1SR 0 BHY AR
TEGEiE s, € RV W BT A 200 M) i AR AE G 3%y s EROTP
I ] 2 2] B AR EM ML, B AR TR G 3 RRE AR S35 3 S0l B S AR AE S35 i A s T FIRE A S 3 A
x' A
s'=s@M, ., (8)
x'=x®M, , €D
Ko QMRS . X — B T REASOG IS B 1 4 AR e S AR AE i R ACRITRE A 1 ik A 1 AH
RLEE Yo, 45 3 ISANet F LM, FIM, ARG IS 78 B 09 61585 25 ) th A5 5 # IX 4 . A BF5E 1
FHAR 52 AR U 2% RS i AL AR AE DG 15 ik A RITRE A G 1 i A 22 ] 9 A BLRRE 2, B4 2% pR K
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Transformer 155 ELA i 3K 77 51 (M ¢ 28 A3 B4 Jm) RRAE 09 BB 71 . 76 Z R P S AH G AT 55 R R B T i
KA EAEALBERE J1 . B SFRM % th B BEAR A G x RN B x, =[x, x0.x s JERTTP AR
J¥9] Transformer (&l 2(a)) % A FIT B AR 5l — 417 1 ) 35, i A BT 51 Transformer Fi i #5158 B
(E 2(b)) BN R MEER, 2533 51 (multi-head attention, MSA) J& J# % Transformer %
T A B A AZ O, 21 SA BEBLME S M R, MSA S5 2(d) Fra, A EE I PLE (self-atten-
tion, SA) T Bl A8 T B 07 ACE R 706 M OC T 41 Hh A (6] 43 47 S, 5 1 T 4 8 6 A SO 1 RRAE R
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2.3 = [EHFERBUELR

25 AR AE 1 BRORR B 5 7 B B EE B2 1) 25 () R 0F I 98 /0 ISANet i 2 508 L [ i o ok Bk K o 422 2 b 4R A

BAALHE . SFEM M ACREAE &1 rb 52 BCE AT 40 500 v /Y 23 TR RRAE  [5) B 38 5 51 A DWConv, 5237 15 2
i%ﬂﬂ >Z R, SFEM B AR E & B it & )9 — 4k (batch norm, BN) fl ReL U ¥ i bR £ 1 Ry 5L
A e, g an & 1 SFEM BB E BT R
2.4 i AMEESR

PUA Y v 61 25 15 A B BT ¥ b DG ai AN S R A SR R AR i BB B Bl 37 Ak B ANAE B S A 2R B B
A G RRIE , S RECEBE B R BT 3 R G 2 A5 B 22 1] BRI AR 5 SR P T A R R A
P, 922 (A R ] 615 B B0 4R BURDG 1E 15 R 1) 23 (8] B0 19056 G O % BURN A R] S8 FE A PR )
43 5 M A2 228 56 3% i 2 ) 45 i A Ah PR AR PP TR BE il

PCM Z5F9 QN 1&l 3 Frzs o f L B f L A0 2 OB BE R AE f . RS RVARAE f . 205 4 B BN B0 bR 5K
FHEN P E SRR 5 28 MRFAE o O T RS SRS RRAE f L FN2S [RVRRAE f L, o R 3RAS (9 28 VRRAE. f L, 20 AT 1t fh 5
1’Eaiﬁké)%ﬂﬁ%i§ﬂ<;‘ I B PR CR £ T R EY O D BRI A IR A B 28 A P A R AR O R
Y REAIE

PR i
141 CBR B jﬁb'{ii; _ X 8 Softmax
f QRBX‘X‘ "\‘ f;e € R
£l ER™ B*B
T Ak
- EHUB AR éﬁoﬂmaxB%
—_— 1x1 CBR
| | £ ero
\\\ f;pae R B
. Q) smE Tk O ErFEFs

B3 EnEiMEEREN

Fig. 3 Structure of progressive compensation module
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3.1 HEENAE

1) Indian Pines (IP) g% 4 . i FI AL 2% o] 00 o /40 &b mi 4% % 3% 1Y Cairborne visible/infrared imaging
spectrometer, AVIRIS) i 4 %) 5 [l B[ 55 42 94 JH B[ EE AN A AE W bl b 1 $0c 8l . B 145 X145 M 200
AT B B 23 8] 73 B A 20 m (RO G IR B AN A 4 (0 BT 7R

2) Salinas Valley (SA)$G#a4E . ML 7T WLOG/£0 A0 AG O AN 5 1 EHR B 512 X217 R R AN
204 DICIG B, 25 [ 43 RN 3. 7 m AR (0 AL RN ELAE 1R 40 18 4 (b) TR

3) WHU-Hi-LongKou (WHU-LK) ¥ & % . 2018 476 v [E 1 Jb & & 0 #E R 45 5], A 550 X 400
BE 270 DOLIEN B 25 (8] 2 BER 20 0. 463 m . BUE S7 5 PR A0 EC(E B an & 4 (o) Fifw
3.2 LWEE

N T S5 HAM T AT I E patch K/hR 11 X 11, minibatch 24 64, epoch & 300, f# | Adam 1
TR 2% B IR~ 2T 2R 0. 001 By BEAR S BN 3. 0% 41 Transformer #8431 {256, 128, 64} 1E A4 3 B Bt (4%
A MSA AR Bk $oh (8, 4, 20,
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(a) IPELHE 4 (b) SAKLHREE (c) WHU-LK£ #1452

4 BRIEEGBIES
Fig. 4 Hyperspectral image datasets

3.3 LSRG RiTE

h T VA B4R A ISANet B9 40 2K HEBEL 4300 5 35 T CNN A9 5 3% 2D-CNNYY L 3D-CNN-"™ il SS-
RNUH BT 0 40 3% 19 77 8 DBDAM™ , 5 T Transformer i 77 i SpectralFormer'" fl SSETTM, Jt T
CNN Fil Transformer [ HCVN"" )5 % 17 % H 5256,

AEXT e 3 MR FERESS R 2 i, 6 B2 & (overall accuracy, OA)
V-1 53 FEHE JE (average accuracy s AA) Fll Kappa F 80 =S VP Al 18 b i B 03 S8 45 SR A PERE . 78 TP a4k
I ISANet $A% T fe i 1953 FHERR 2% 97. 68 %0, iX IH T T SFRM R 18 A 250 Hh 48 ORI 586 35 AR 4F , [W] B 38
o A SRl SR SCI T P R R AT B A RO A T B T B E. SpectralFormer X
ffi | Transformer ¥ J73:, H OA {HR 94. 72% , 43 25KG BE AN BRAR IR F SSFTT, 7E SA $dE4E b AW
)7 SSETT il HCVN 40 54285 3.55% F1 1. 28 %, 78 WHU-LK $t#E 4 |, ISANet i 544 fE 5 %
EF 99.32%, 5 3D-CNN, SSRN. DBDA Fi SpectralFormer # It, B &R EE M E T 2.711%.
2.09%.1. 74 % 1 2. 26 %, 1t HCVN FiE M AR EE T 1.07%,

x2 AAAZESNHEBEEINEELEE

Table 2 Quantitative results of different methods on the three datasets

IEIES PR LE R 2D-CNN  3D-CNN  SSRN DBDA  SpectralFormer SSFTT  HCVN ~ ISANet
OA/% 85. 22 87.59 91. 81 93. 94 94,72 95. 54 96. 89 97. 68

IP AA/ % 77.91 79.21 87.14 88. 39 93,14 92.38 95.59 96. 02
Kappa X 100 76. 86 79.57 89. 65 92. 22 92. 54 93. 22 95. 37 96. 84

OA/% 90. 7 92. 49 93.11 93. 39 93.47 94. 37 96. 64 97.92

SA AA/ % 93. 05 94.51 91.76 94.92 93.48 95.42 96. 19 98. 24
Kappa X 100 89.95 90. 86 91.28 92. 42 91.51 93. 15 95.15 97.33

OA/% 96.18 96. 61 97. 23 97.58 97.06 97. 66 98. 25 99. 32

WHU-LK AA/ % 93.35 88.51 93.45 93. 88 92,32 94. 36 96. 72 97.26
Kappa X 100 96. 72 96.13 97.06 97.13 96. 50 96. 81 98.59 99,22

ANEDEAE 3 MRS et 88 B E 5~7 s, mTRAE L7 TP $dl % | ISANet Jr ik
753 1 53 28 B T 4250 EL(H &, 2D-CNIN A 3D-CNN 7 3k B 22, X i G 00 09 70 83 R 8 2% . i HCVN
T g5 TRl CNN Bl Transformer FEAE, ZUR AL T SpectralFormer, 78 SA %4l 48 I+, Vinyard-un-
trained Al Grapes-untrained & W4~ 5 F WL 5 18 2 0], A 0F 5% J7 i L AT S 0 1 4 2R % Hoko2 HCOVN,
DBDA J5 ¥k B T W3 345 1 6 s 1 R AE 485 70 SR AR XT3 b . 78 WHU-LK #0485 |, ISANet H A fix
A 2R3 R 2D-CNN L 3D-CNN Fil SSRN J7 ik 78 /N R F X A7 78 K e A iU 22
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(b) LA (e) SSRN

(H)DBDA (g) SpectralFormer (h) SSFTT (i) HCVN (j)ISANet

B 5 A[EFHiEL Indian Pines £ & LR ATAULE R

Fig. 5 Visualization of different methods on the Indian Pines dataset

(a) BE 6 ER (b) EL{HE (c) 2D-CNN (d) 3D-CNN (e) SSRN

() DBDA (g) SpectralFormer (h) SSFTT (i) HCVN (j)ISANet

B 6 [ 77 Salinas Valley #1155 FRIRT ML E R

Fig. 6 Visualization of different methods on the Salinas Valley dataset
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(a) BE 6 ER (c) 2D-CNN (d) 3D-CNN (¢) SSRN -

() DBDA (g) SpectralFormer (h) SSFTT (i) HCVN (j)ISANet

7 AR FiEAE WHU-Hi-LongKou ${38%& FRI T ML &R
Fig. 7 Visualization of different methods on the WHU-Hi-LongKou dataset
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Fig. 8 Comparison of differences in spectral curves of different categories and category similarity comparison map
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mintill” 285 (Y BEATL R FEREAS , 0T L H sk 9 A28 S 5 AR AL D' 15 il 2, () B A 28 00 i il R0 A 3
P, aE 8 (b) FE 8(e) im0, 1 1 42 A4 76 SFRM A5 B kb B i $ic it o G v 28 5 v A IX 43 5 T 20 €5
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