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Abstract

Hyperspectral Image (HSI) classification aims to leverage the rich spectral information in hyper-
spectral data for fine-grained material identification. Traditional Convolutional Neural Networks
(CNNs) have shown exceptional ability in extracting spatial features but often struggle to effectively
capture the inherent order and hierarchical relationships in spectral features, thus limiting their
performance in HSI classification tasks. To address this challenge, we propose a novel model that
combines Wavelet Transform (WT) with Multi-Scale Attention (MSA) to enhance classification per-
formance. Specifically, WT can effectively decompose spectral-spatial information into multiple fre-
quency subbands, facilitating the extraction of fine-grained features and hierarchical analysis. MSA,
on the other hand, combines convolution kernels of different sizes to extract multi-scale information
from the image, thereby better capturing the relationships between local and global features. By
learning the importance of features at different scales, MSA enables efficient fusion of multi-scale
information. Experimental results on publicly available hyperspectral datasets show that this
model significantly outperforms traditional CNN-based models and Transformer models in classifi-
cation accuracy. These results fully demonstrate that the combination of WT and MSA holds great
potential in hyperspectral image classification tasks.
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1. MRBERSIR

o T R A A Dy B AT R BTV R, R [ RE SREC ] S i AR 45 B B R 7T £ 52 R .
e g 2 i@ iEA R, stk A E EE AR, AR R ) 1% Sk i REAE Hh 42,
OIS 4 73 AN E AL A R i T IR SR

IEAESR, B K K% (Hyperspectral Image, HST) 725 AR CAERBE T 1], 3077 & B 5 RI2].
FEAEARO[3] 177 BEIREI R[4 S USAR 2] 1 T2 N H . ARG HST 43 287715 1 28 R A s RHE R X
b, B, k IEAR5 % (k-Nearest Neighbor, k-NN) [5]. SZFFF EAHL(Support Vector Machine, SVM) [6]F1if
Bl (Random Forest, RF) [7]55 2 $U5 1542 R o SR, X 607 VAL i 4 G 1 s ot LB HCRE IR
JZRBIRHE . MeAk, RZHAEAUL LGRS 2%, 28 7= E BT UE BN R 239, 55 %850
REER P PR RS [8], FEA 73 SRS LML e ROk -

SAEGIEME, BT RS W KTkl 2 )R AR AR e, REAS H SR IUIRGLRHE (N TRAR |
JUAT S0 DA K= vl S 2 9], RIMAE HSI 73 RAF 55 h R I AR B 1 R I o X B8R 5 - BEAR v T 71
F 22 ¥ 4% (Convolutional Neural Network, CNN) [10]. 13 V9148 X 2% (Recurrent Neural Network, RNN) [11]£]
A R B 45 (Generative Adversarial Network, GAN) [12]853 K. Chen 28 A[13] 1 KR EE 2~ 31 5] A\ HSI
SR, KGR E Yn i 4% (Sparse Autoencoder, SAE) 5 3 1.3 4 HT (Principal Component Analysis, PCA)#]
e, KIESETH 1 7r2K1kRe. B, % RGB B2 E K, Haut 55 N[ 14]f8 H = 4E5 R R4 9 2% (2D-
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Convolutional Neural Network, 2D-CNN)XJ HSI i#474335. b4k, Zhou 25 \[15)1% £ 1@ IEG & RIS 8] 7471
FOBEH 4T 1] 4 A A B B 1242 M 2% (Long Short-Term Memory, LSTM)A A, $EEE IS AN 25 ) RE1E, 1F
HSI 7 KA UG 1L+ R I

JRAEHET CNN B K075 7 Rtk ke, AR IR 18 2 Bhik. Flan, CNN fEmJOLIEE
P& 1)K R B AR OC R AN A O 1S 22 R T T RE /I AN 2« bAh, CNN AR#GE & /NSRRI, R EOEREE
FRAE, e DA T PR 6 15 A0 2 TR i 1) 2 R 15 B

WT4EK, Transformer [16]7E H#AE 5 4bPE (Natural Language Processing, NLP)AUI# 15 T 228 R, 45
R AE AL B 51 3 7 F0AT 55 (LBL 28 B0 18 ) 7 T R 0t S R PR e o 3X 49 28 T AP 3E 7 RNN 7 FIAK i Ar
P, I T BIER LI (Self-Attention, SA). IXFIHLHIRENS 4 R S IE S AOOC R, RIESET 1 I A]
Fe o Eds A PREE 7). Transformer FIEUHTAHMZ LY e 2 BR AL B 5 T AL 3 U . A% Transformer
(Vision Transformer, ViT) [17]7E 2 L5 F 55 R I H B2 S0k IS CNN IRCR, A RAT 55 Fe 4 18T i
SLEE AN H] o FE =G HE 4> I8, Transformer N H 28345 2 . 141, Hong 55 A[18] M7 FIEEL)
FERRH T — M4 N6 Transformer(Spectral Former, SF)HIH T M 4%; He &5 A[19]3%4 T Transformer It
BT T 25 0] 61 4% 4 2% (Spatial-Spectral Transformer, SST)Z;ZRAESE; Mou 55 A[20] & H T —F# 454 HSI
WBOE R VLRI KGR M 2% . X EETTAE I — PR T HST 40 R RETT TN HIAS 1 W38 ik, iz s
RALT HEEF PRI RS %, SR, Transformer FRAUN = SR 54 AE SR BURNE RS 40,  JGHAEAL
HE A R e, WRESHEERBELEN AL

BExr FIR kAR, FRATH M T — o B, R N AR S 2 REEVE LIRSS &, DLk — 224871 HSI
oy RE

2. ARG E

ARICHEH T —Fh 3T/ AR RN 22 ROBEVE 7 7 HLI 1 v 6 1 PES 70 2R 8 (Wavelet Transform and
Multi-Scale Attention, WTMSA), HiRFEWNE 1 o B E ik BUG AL EE . /N A H ik B(Wavelet Trans-
form, WT). /N AR HebiHe(Inverse Wavelet Transform, IWT) A1 ] E3E 2 /R B (Multi-Scale Attention,
MSA) R o 1S BEAR LA BB DX B /N e KA — A0 g NS0 3047 AL B2 5, K Ho 4 N WTMSA
TR FAT REAE SR U 58 73 2K
2.1, BRI

EOLIEEGIERE A KEGRAGIEGE, EROEEREREG I EEE R, BB RIS
SEH, BT RRT RS A, R RESMERM R LI UE R

B, RABGHEAERNEEEER, EEEERET, ERILS IS 3 T RE R 4RI 2k T G iE AR
FER R LTI UEE . MEG BT AL MBHMTRBER, FRE RS RIS 5 EURLE L A T
PG Z BB, AN GB RN, Bl F IR VR TR M T ARR, BANEB R
CxHxW , HHEAREGN Cx(H +2p)x(W +2p), H p=patch/2.

HR, RT4m A0 s, BT AU 2 ORI Px Px C 1 patch. 18 1 #8615 4B38UE
BT IX 3, A7 DL G M 3 R 0 2 (U REAE , e adad aim Jy fan N\ s i R BT A 15 25 #1062 5 )1 Gl it o

SRIG, XA patch FRIOGTELERE band JEAT A BEARIE T, AT B U A SR SR B ARRAE, SE D
JEHIYEEAZ Ny ¢ +2b 5 HeH b= patch/2 .

eJa, B IE— A BN RS R SO, SR B/ B KA — s B E A — Bl g — Ve, 35l
gittaE . HARKIEN:
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Figure 1. Hyperspectral Image Classification Process. (a) Image Preprocessing Process, (b) Structural Schematic Diagram of
WTMSA, (c) Schematic Diagram of MSA Module
B 1. SREEGSIORRE. () BEFFILEEE, (b) WIMSA EHRER, (o) MSA HRRERE

2.2. WTMSA &3

WTMSA BRI GEE T /N AR i 2 ROBEVE R DAL, 8 2 ROERHMERR IS R, BaFIH T &
Hei g B A RS IE S . SR MRG0, WTMSA GBS 5 it Ab 21 =o' it B4
B 4E RS J A 4, TR S 25k fE
2.2.1. WT &R

fERDEIE G, BRSO LA R RE LA B2 2200 . /N pae s, BRgE
A RO B R = AU 2, iR/ 5 R AL, (R0 B T 2REL, s 20
B TREATELE, BT EEA AT FRATER . R T5E, BRENS RN S 4R
5 MUREAR, TR 2> RIS AN R IS AR REHEAT S BRI AL BE . BAOP BRI T
B4, ] Haar DB HINGKE X HEAT $Z /DB R, A5 2RI Y, AR T Y,
Y,.Y, = WT(X) )

e oL . .
Her, MANsKE X e RO, C H,w ARFORBIER. SEMEE. ¥, eR 2 2RISR, ¥, 2
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HW

H w
SR, BROKE. BEAMAMEENNNY, cR 22, Y, eR 22, Y, eR 27,
K, WA RIE R E AT A Y, Yo Yo Y, WIS
X:Concat([Y YooYy ]dimzl) 3)

LN
2

ols

4><C><£><K

WHEEIREBMNER N X eR 2 2
B, KHABFIA—1k ReLU, SHPHEERITKE X 3BT 1 x | BRUERIE, SR)5 N LA —L 1 ReLU
P
X =Relu (BatchNorm(Conv(X ))) 4)

2.2.2. TWT &

IWT BB T /N e, B R N R 4R o I8k 00/l A 4, B Be i MK 0 %
PIZRN KR = e AT, AR BRI TR E S B R, NG SRR RS IR N EE R
FE. BAESIRNT:

G, MRENRRAE, AR B AN AR R () S AR I, X AR AR v AR 73

C
Y, = X[:,:Z,:,:}

=X ,g.g, e }, Y, =X[:,£:£,:,:}, Yiu =X[:,£:,:,:} ®)]
472 24 4
LU, AL I /NP v 73 WAL -
X =IWT(Y,.Y,) (6)
e, APHHGKRE X AT 1 1 BB, SRJE LA AR ReLU i :
X = Relu(BatchNorm (Conv2D( X ))) )

2.2.3. MSA iR

MSA HEHF FH 22 OB RRAE 3 5 A 3 DAL SR AN AR AE R R R o i S p 1A TR RO SRR AE XS 43
FKAEBEARFRIFEW, JaH 4015 A4 PO RAEANF RE T RIWHAFFRE. Bk, A
KT 2 REGFRZEATRAERS 58, i vE = U] B 270 B A R R EERHIE I 2 .l 2 TR B
& RPERFE AL, MSA BEHEETE A B0 Al & R 5 A0 5 405 B S0, 3 a0 57 e ) 83 e
AN REFFEE LIS ReLU B0G 5, HENZe MR = 7B A7 AL, AT A R 0 1) 0 SARRAE ﬂ
AL IRUTT

Y, BEMINEE X e ROV B — A 1 x 1 BRI B i) (Query, Q). #(Key, K)FIME(Value, V)
FRRRAIE 2 11

0.K.V =Conv,, (X) ()
Z REEEREAE R BT TARRERERIZQG x 3 F15 < 5% O, K,V #i TR # . AXA:
multi_scale qkv = Concat([QK V]+Op[QKV for Op in aggregations]) )
XA Op X R T —H 2 REERE
Op(qkv) = Conv,,, (OKV') — DepthwiseConv,,, (OKV') (10)
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Hrb, k RAERERZ KNG, 5). A REEM B PHE Concat 193] — M2 REEFFEKE
multi_scale gkv.

HIR, 2 RIZEFHETK & multi_scale gkv #iE NZEPEVE 1, HLid FREEHEXT O 1 K N H ReLU #
HERE, 193

Q'=ReLU(Q), K'=ReLU(K) (11)
TSR AR A B R R -
KV =K"xV (12)
e, BRI
O:M (13)
O'xK'" +e

KBRS TIH—A, e & A NBIER L BN,
FHER AR O 1 x 1 BT HS, F3RAHT:
Output = Conv,, (O) (14)

FT AR HA 52 B BEAT R IE SR I, 1S B B B R fan N B 2R M 4y 2 sk b 47 49 24,
3. LIy
3.1. HIEEHEASR S

N T SRR T ER ) WTMSA BRI R, ARSI EE 1 3 FhATE m ot il 2 B S kAT — R 51 sk
5, 2 AINEIERA (Indian Pines) B4 45 5% F| 4417 (Salinas) B4 25 MR 4E IV K 2% (Pavia University) 5044

EIEEAABOR ARt AVIRIS fE/EREE, it 1R E BN EE g0 M Pa b i — A X 8. HE S R
N 145 x 145 53R, I 224 DEBL PoKEEDY 0.4~2.5 WK, B Wb B s, KRR 7Kk
DXIRIPBL, 2R B 200 MBEEBL . 1% LI F, A =02 =, HR AR H A B SR .
AL, RS NiE g5 R, WINEEA K. SRERARE TS BRI N 16 N2,

RGN R AR B AVIRIS fRia R4, & 1R EIAAEJE WM =R gy i X, BRGNS
B3 BARERST N 512217 B R, RIEHIRE S 224 MEBL KER 7KK XIS BB, &R
B 204 MEB . &b R EAESR S BRI A 55 16 AN

M2 37K 2 4504 4R £ ROSIS AR IR A8 R AR, 7 o 17 i R A4 0 17 e 4 7K 2 X 3k it 8 RS 610
x 610 B3, TR N 1.3 KGR, FEEIRESE 103 M6k FEAFmEFNY). Bk, %
9 N

N T BLERS H 5t, RSO ER AR R EAT T A BRI E SRR . Bk UL, AN
PR R —FNBEARBEN L LU 15%ERIZRER, 85%E RNIIAEE . XM R4y 75 sUBELRIE T 8L 25
() Z PRI, SCAE MR BOR M T 78 2 B EUR & DL PR I PR RE . % 1~3 20l E7R T Indian
Pines. Salinas Fl Pavia University £ £ 285 & H A 45 .

3.2. SLWRE

AT )72 7E Python 3.8, Pytorchl.7.8 HEZE EScBLf), WA %A Intel(R) Core (TM) i5-
7300HQ CPU. NVIDIA GeForce RTX 1050 GPU F1 16G FEHAZELAF . KA X451 2% b5 £ (CrossEn-
tropyLoss, CELoss){E AL HAx, A Adam ik #%, 2=JHEN 5 x 1074, H LGB EZMSH
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Table 1. Indian Pines dataset class distribution table

5% 1. Indian Pines HURE LK S G i+R

Class Class Name Train Test Total
1 Alfalfa 6 40 46
2 Corn-notill 214 1214 1428
3 Corn-mintill 124 706 830
4 Corn 35 202 237
5 Grass-pasture 72 411 483
6 Grass-trees 109 621 730
7 Grass-pasture-mowed 4 24 28
8 Hay-windrowed 71 407 478
9 Oats 3 17 20
10 Soybean-notill 145 827 972
11 Soybean-mintill 368 2087 2455
12 Soybean-clean 88 505 593
13 Wheat 30 175 205
14 Woods 189 1076 1265
15 Buildings-Grass-Trees-Drives 57 329 386
16 Stone-Steel-Towers 13 80 93

Total 1528 8721 10,249

Table 2. Salinas dataset class distribution table
% 2. Salinas B X HIXI DGt

Class Class Name Train Test Total
1 Brocoli_green_weeds_1 301 1708 2009
2 Brocoli_green_weeds_2 558 3168 3726
3 Fallow 296 1680 1976
4 Fallow_rough plow 209 1185 1394
5 Fallow_smooth 401 2277 2678
6 Stubble 593 3366 3959
7 Celery 536 3043 3579
8 Grapes_untrained 1690 9581 11,271
9 Soil vinyard develop 930 5273 6203
10 Corn_senesced_green weeds 491 2787 3278
11 Lettuce romaine 4wk 160 908 1068
12 Lettuce_romaine Swk 289 1638 1927
13 Lettuce_romaine 6wk 137 779 916
14 Lettuce_romaine 7wk 160 910 1070
15 Vinyard untrained 1090 6178 7268
16 Vinyard_vertical_trellis 271 1536 1807

Total 8112 46,017 54,129
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Table 3. Pavia University dataset class distribution table

= 3. Pavia University Z{iE&E R BRI D SiT3E

Class Class Name Train Test Total
1 Asphalt 994 5637 6631
2 Meadows 2797 15,852 18,649
3 Gravel 314 1785 2099
4 Trees 459 2605 3064
5 Painted metal sheets 201 1144 1345
6 Bare Soil 754 4275 5029
7 Bitumen 199 1131 1330
8 Self-Blocking Bricks 552 3130 3682
9 Shadows 142 805 947

Total 8112 46,017 54,129

5x 1073 LLRTIEALZ (L BE, INZREE TN 150 5,
3.3. L EH

CELoss /&R L% 2] i FI R HUR R EL JCHGE R T K. BT a7 B 45 R SEARE 2
A28 57, I s MG SURS B R R AR (R 2 48, A 2R ) 00 45 SRS TT RE M Pl B SRR . X T
LRI, TR T BB A 5 ESEHEAR A 2 (B IR . BRI LIRS O

L=-Y" . log(y.) (15)
Hr, oy, RESRERE y, K c TR,y RBIBER R ) 15 ¢ Mok
3.4. iERR
T VPR B 4 e RE,  FRATE A LR = IE 5 -
1. S ARKE B (Overall Accuracy, OA): RN 702 IEF I FEA S B AR LL ], AR

"M,
OA ==~ (16)
Zi:IZj:IMij
et M, BORIRERERE MR KIERA KRR e K). Y Y M, R
FEAH S 4.
2. P50 FE (Average Accuracy, AA)
ST RG B T S I 2 FE BE P, THEE A RD:
1 <« M.
AA=—) = 17
n 21:1 ijlMlj ( )

e, n RIGNEBH Y M, FORH 0 KIS, WIER 20 FIREAR S M B AR H L

3. Kappa ##( (Kappa)
Kappa ZEH T & 0 Ra RSN KRR EREE, HitEARA:
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OA
Kappa = ¢ (18)

Hr, OA BREMIEE.
P ERENL A RIS, TR AN

p_ ijl(Zj‘:lMif 'Zj‘:lMﬁ)
) 22 M
S M, R RSO RA) . M, TR | F A IR

L =B R RERS 4 i PP 20 R RO VERE, 0000 ek 1 B R L L SR 0 e ik S S BB
eI

3.5. LWMEREE S

AR 4 3 BI8hR, A CTVEAE OA. AA FIl Kappa =TT br_E 158 Z 00T HAd 7

TE =N e s s 45 _E I EANZE B M R 7 Indian Pines. Salinas 1 Pavia University X =/ (4
££ |, X7 CNN2D. LSTM. RNN. MSCNN. ViT. SF AKX Ours ZZ Fh 77k PERE. 7 Indian Pines
BHEE L, AT WTMSA RBP4, Overall Accuracy i5%) 98.38%, b CNN2D @it 55.25%. tb
LSTM 75t 23.08%- Lt RNN =7 H 23.50. Lk MSCNN = H 8.68%. LE ViT =i 18.94%. Lt SF & 8.89%;
Kappa 6454 98.16%, Lt MSCNN #£7 9.93%. Lt SF #25 10.07%; AA Mean f8#54 94.60, b SF &
13.83%. 7£ Salinas ¥4 4, WTMSA /774 Overall Accuracy /=115 99.90%, Kappa 4 99.89%, AA Mean
A 99.93% [F) B 2 8 HAth 77923, 7 Pavia University 204 4E I, WTMSA 7772 Overall Accuracy A 98.80%,
Kappa A 98.38%, AA Mean N 98.70%, R, SRS, AT VEAEZABHELE LSRR
Tt L7, IR R ) 1 R

2 FPi(a)s (b)F(c)7 %S B Indian Pines. Salinas Fl Pavia University — MUHEEMRERFE. +
X2 A SR A A, R R 2RO E R RS . B4, 7E Indian Pines £
e, 25 6 RFNEE 8 MIMEMI R 5235, A MIEM DT 620 MR 407 MREA; 5 14 RIEFHKT
1068 MREAS, RAMKAL 8 A, FINKaE. 7F Salinas BIREET, TXF ML AMTHEW, KZHEEMILFE

(19)

Table 4. System resulting data of standard experiment

= 4. IERE ARG SRR

BiEsE Metric CNN2D LSTM RNN MSCNN ViT SF  WTMSA
Overall Accuracy (%)  43.13 7530 7488  89.70 7944 8949 9838
Indian Pines Kappa (%) 38.18  71.66  71.18 8823 7649  88.09  98.16
AA Mean (%) 51.03  58.69  60.00 8493 7380  80.77  94.60
Overall Accuracy (%)  63.82  86.92 7455  93.02  91.14 93.9 99.90
Salinas Kappa (%) 61.83 8537 7395 9226  90.19 9322  99.89
AA Mean (%) 60.97 9137 7561 96.58 9586 9563  99.93
Overall Accuracy (%)  50.16 6295  78.07 9403  80.18 8148  98.80
Pavia University Kappa (%) 52.56 53.87 71.28 91.93 74.26 76.03 98.38
AA Mean (%) 5722 7418  80.63 9398  87.09 8726  98.70
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Figure 2. Confusion Matrices of Different Datasets. (a) Indian Pines, (b) Salinas, (c) Pavia University
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Figure 3. Visualization of the dataset division and classification visualizations of all methods on the Indian Pines dataset. (a) Ground
truth, (b) Train set, (c) Test set, (d) WTMSA, (e) SF, (f) RNN, (g) MSCNN, (h) LSTM, (i) CNN2D, (j) ViT
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Figure 4. Visualization of the dataset division and classification visualizations of all methods on the Salinas dataset. (a) Ground truth,
(b) Train set, (c) Test set, (d) WTMSA, (e) SF, (f) RNN, (g) MSCNN, (h) LSTM, (i) CNN2D, (j) ViT
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