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Abstract

In recent years, Transformer-based deep learning models have achieved remarkable performance
improvements in hyperspectral image classification tasks. However, due to the rich and continuous
spectral characteristics of hyperspectral images, spectral feature redundancy inevitably exists,
leading to reduced classification accuracy. Additionally, Transformer architecture still has room for
improvement in extracting local spatial features. To address these issues, this paper proposes a hy-
perspectral image classification network based on spatial-spectral channel selection and Trans-
former. First, an adaptive spatial-spectral channel selection method is employed to extract class-
discriminative edge features while preserving spectral channels with high class-specific represen-
tational capacity. This approach mitigates both the insufficient attention to local spatial features in
the Transformer and the feature redundancy problem. Subsequently, the Transformer is utilized to
capture spatial-spectral features for classification. Experimental results demonstrate that the pro-
posed model achieves overall classification accuracies of 98.45% and 99.62% on the Indian Pines
and University of Pavia datasets, respectively.
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Figure 1. Overall framework diagram of the SSCST network
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Figure 2. Structure diagram of the spectral-spatial channel selection module
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Figure 3. (a) Conventional neighborhood embedding; (b) Adaptive neighborhood embedding
B 3. (a) ZiB@LBIEEIN; (b) BEREBIEERA
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3.1. BURSRMMTBRXIS

Table 1. The numbers of training and testing samples for each class of targets in the Indian Pines and University of Pavia datasets

% 1. Indian Pines # University of Pavia #{#E 8 h & X BFRNZGMNR RN E

India Pines University of Pavia
NO
Class Training Test Class Training Test
1 Alfalfa 4 42 Asphalt 331 6300
2 Corn-notill 142 1286 Meadows 932 17717
Corn-mintill 83 747 Gravel 104 1995
4 Corn 23 214 Trees 153 2911
5 Grass Pasture 48 435 Metal sheets 67 1278
6 Grass Tree 73 657 Bare soil 251 4778
7 Grass pasture Mowed 2 26 Bitumen 66 1264
8 Hay Windrowed 47 431 Bricks 184 3498
9 Oats 2 18 Shadows 47 900
10 Soybean-notill 97 875
11 Soybean-mintill 245 2210
12 Soybean Clean 59 534
13 Wheat 20 185
14 Woods 126 1139
15 Buildings Grass Trees 38 348
16 Stone Steel 9 84
Total 1081 9231 Total 2135 40641
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RN A RIS (1) 0 R PERE, RIS AT R s £ 4E . Indian Pines (IP) 1 Pavia University

(PU)RHEAT % HL 525
Indian Pines: 4% IP #iE, HIE 5 EE B 2N, B AVIRIS LR EIREL, itk
9 0.4~2.5 umo R/ 145 x 145 83K, A3 HEF0N 20 m, il BN 220 4.

Pavia of University: PU XHEHEIE IS [ 6 S R OB WX (ROSISYITSR, it 1B 7y 0.43~0.86
umo {17 103 ML, K/NA 610 x 340 153, (A P AR E 1.3 m.

fE India Pines B4 b, KEAEAN 0 10900 ok il 7 EIE M UIZREERE A, AR K bl EE A
WEEREA. £ University of Pavia 248, BENUEEUEE AR 5% 506l T BUE A I EREA, HAR
MG RE T BV IR EEREA . 6 1 HFE4R%IH T Indian Pines Al University of Pavia $i4E 4 —35H
FRINGRAI R A 5 H

3.2. XfHLiRA

A3 KH 3D CNN [12]. 2D CNN [13]. HybridSN [14]. SpectralFormer [15]41 GAHT [16]%% 5 7 2
PENST LRSS . LR iR I AN S LA 28 0 T

3D CNN: H#/ 3D HBAER(— =4GR ZE, —MitEHEIEWERM— ReLU i) A AN ik 42
R, BB EE S EE ST R (A1) - e S YEEE ) AT —4E B RURAE, RB RIS IS B A R IE[12]

2D CNN: FZLRTE m il BRI 425 (485 BT BRRE, @R RoLisE B BEE R, M
TR [FARFAE, 6 R AE R AR A B [13]

HybridSN: & —#h454 7 3D CNN 1 2D CNN [ITRA M. Seffi A 3D CNN MG I B AR v 2 e
B 25 18] - YGIEHRAE, SRJGAEFLTTGERAE A 2D CNN i3t — b2 2 I R 2 (M 3R~ ,  DAPRARAR AL & 2 .

SpectralFormer: #&-T Transformer 2244, I B 13 & JIHLH @G0 7 51 KFRAK I & . 158 HSI 1)
BN, HOR A HRA, 43 HOR/ANA 7 x 7 [15]. @i {$ A Transformer F1)Z (8] shortcut >R 4fi 3k
EGIE BRI B2 RIS P HAE R, B0t = e ik R I 2 2R RE T

GAHT: ZHMH=ANERZE. ZABESR. — GAP ZR—MNHT 02L& 2 4% .
33 ZWHE

R T 5SS A B 6 EUBLR AT AT LU, A5 A SEIR#(E AR [R] Pytorch 385 . AH A 150 £ R ik
17, fHFIALEESS A Intel-Core-i5-12400F, W74 32G, /& NVIDIA-RTX-3060-12 G. KX Adam 1t
PSR TR AR R B ME, IG5 S RN Be-4 FHBEE T epoch JGLL 0.9 REEW, NFFF—
ok, =R B epoch W E N 200, #IRK/NEE Y 128. LA Indian Pines Z#E4 011,  Siafi
NAEIEHHE LI RFEA, H R 12 x 12 % 200,
3.4. TEfriEER

KT =RV SRR o M S BR S5 RO HERYE, 735009 OAL AA Rl Kappa F 4, #i/2idid @ IR
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35.1. EESH
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(18)

Table 2. Classification accuracies obtained by each comparative classification network model using 10% of the training sam-

ples on the Indian Pines dataset.

£ 2. BN LMK IERIZE Indian Pines BiEE _EF A 10%IIZAE KIS S LHEE

Convolution Based Networks

Transformer Based Networks

Class 2D CNN 3D CNN HybridSN SpectralFormer GAHT SSCST
1 100 89.19 94.59 63.41 81.08 94.59

2 88.02 87.93 93.79 84.12 96.68 98.08

3 88.22 89.61 93.67 73.76 94.88 96.69

4 85.45 95.26 97.89 72.30 99.47 100

5 93.56 91.45 99.22 91.72 95.34 97.41

6 98.48 98.12 97.60 91.32 95.55 97.6

7 100 72.73 100 68 100 100

8 97.44 99.74 98.43 99.07 100 100

9 5.56 6.25 25 50 50 68.75

10 86.97 88.95 96.40 81.14 95.76 97.30
11 90.59 93.23 96.23 91.67 98.68 99.64
12 78.84 90.53 90.95 61.42 97.89 96.84
13 94.05 99.39 99.39 95.68 9451 99.39
14 93.06 99.01 99.31 95.26 99.9 99.90
15 87.90 91.91 93.85 84.44 98.06 98.38
16 98.81 97.30 100 98.81 86.49 97.30
OA (%) 90.17 92.83 96.02 86.34 97.23 98.45
AA (%) 86.68 86.91 92.27 81.38 92.77 96.37
Kappa 88.81 91.82 95.47 84.39 96.84 98.23

BT e U] T 6] EE R4 2K R 48 B LE Indlian Pines $E4E 920 2805 U036 2 B A SR
SSCST 432 W £ #5151 78 Grass-Pasture-Mowed . Hay Windrowed F1 Corn 25 51] | ()43 k5 EE #F14 5] T 100%.
GAHT 732K M & 1R E Grass-Pasture-Mowed 1 Hay Windrowed 3551 /S 7 100%H) 5> 2565 5, 4R
7E Corn I BRI 7r N XA 99.47%. HybridSN 732K UFE Grass-Pasture-Mowed 2851 I )7y K5 5

iE#) T 100%, {H7E Hay Windrowed 1 Corn 285 _E )73 2HE FE K45 97.89%F1 98.43%.
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I 3BT AR EL A RS BRI LE Indian Pines HdE 4 B3 B4 v LUK I, SSCST 4328 W 2% 15
RIYE Grass-Pasture-Mowed. Hay Windrowed 1 Corn 2851 - #iHUAS T BRI 70245 R . Ak, SSCST
7t Indian Pines 45 4E L[] OA. AA Fl Kappa £ ##K =T 3D CNN. 2D CNN. HybridSN. SpectralFormer
I GAHT W45, SSCST 7£ Indian Pines 34 £E L[] OA. AA Rl Kappa ZE5 Hl#E 7t 1 8.28%- 14.99%
A1 13.84%.

Table 3. Classification accuracies obtained by each comparative classification network model using 5% of the training samples
on the University of Pavia dataset.

2 3. BITHL S EMLKIEFIZE University of Pavia HIRE HE A 5%l EARBSH DA E

Convolution Based Networks Transformer Based Networks

Class 2D CNN 3D CNN HybridSN SpectralFormer GAHT SSCST
1 98.48 98.20 99.69 96.38 99.94 99.59

2 99.73 99.90 99.97 99.95 100 99.98

3 94.65 93.58 98.65 91.34 99.74 99.03

4 99.31 98.23 94.75 96.98 97.82 98.56

5 100 99.43 99.76 100 99.92 100

6 99.69 98.10 100 98.59 99.96 100

7 94.65 93.87 100 90.14 100 99.92

8 95.68 96.81 98.58 93.98 98.22 98.86

9 98.24 99.20 95.98 95.57 96.37 97.28
OA (%) 98.72 98.51 99.28 97.69 99.58 99.62
AA (%) 97.83 97.48 98.60 95.88 99.11 99.25
Kappa 98.30 98.02 99.04 96.93 99.44 99.49

ASCHEH ) SSCST 4325 44 171U 7 Bare Soil A1 Metal Sheets 251 _FHUS T 55 w5 1 73 285 & . 7E Bricks
KA a5 R rh, SSCST 432 W £ A R4 2111 73 SRS BE i i 98.86%, i3 73 BT 8% Xf Eb 43 8 X 28 A
R{E University of Pavia Zi#i4E LHa2EEH, Wisk 3 fram. AR, SSCST 7E University of Pavia %1
PE4E Ff) OAL. AA il Kappa 2 %# 5T 2D CNN. 3D CNN. HybridSN. SpectralFormer 1 GAHT.

35.2. AIALSHR

(@) (b) () (d (e) (® ® (h)
Figure 4. Classification maps of target pixels in the Indian Pines hyperspectral image by different comparative network models:

(a) Pseudo-color image of the IP dataset; (b) True image; (c) 2D CNN; (d) 3D CNN; (e) GAHT; (f) HybridSN; (g) Spectral-
Former; (h) Classification map obtained by SSCST

[E 4. B33 2EMEEARERT Indian Pines S5tiEE G BFHME TR KMRETE: (a) IP BUREMNEEEG; b) E
SCE%; (c) 2D CNN; (d) 3D CNN; (e) GAHT; (f) HybridSN; (g) SpectralFormer; (h) SSCST SZIaY 4 (&

+
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¥ 4 B7~7 2D CNN. 3D CNN. HybridSN. SpectralFormer. GAHT Al SSCST 43245 7E Indian Pines
Bdi g E 2Rt & B R R DL Y SSCST #E Indian Pines ' it BG4 H bR X 455 (1) 73 S i 5 €] o
I b DX 45120 25 LU A 73 S X 28 A5 (1) 7 SIS B T R e B . AN 2R 11 B b DX B i ik 7 SOM AR AT 2R
i H BRI XD, R Ui B SSCST AT LA R 3 AHA0 28 51 H bR X33 4740 95, AN A 850 g e el T 48
AR B bR 2 T8 G EAE B AR DA T S0 286 A 43 2 14 e 327 PR ) ) 7

(b) (©) (d) (e) ¢9) (® (h)

Figure 5. Classification maps of target pixels in the University of Pavia hyperspectral image by different comparative network
models: (a) Pseudo-color image of the PU dataset; (b) True image; (c) 2D CNN; (d) 3D CNN; (e) GAHT; (f) HybridSN; (g) Spec-
tralFormer; (h) Classification map obtained by SSCST

B 5. FXTEL 3 A MLEARBIRT University of Pavia St El& o BFrM& TR 73 ARG E: (a) PU BIBEN IR B EIE;
(b) ESZ[E{%; (c) 2D CNN; (d) 3D CNN; () GAHT; (f) HybridSN; (g) SpectralFormer; (h) SSCST 52|/ 4> 2 E

M 5 WTRAE H, 7£ SSCST X} University of Pavia &t ilh B %28 H bR X IR 20 JEme it B o, 0B
H AR XS B B i o R B T D . Btz b, SN B B AR B g IR 0 R I HAR B E S 2, JF
H AN 0 B AR S50 S 0 e B, PRtk ] DUA ok g — & e il G &4 B AR XS 2 B = Al 2
NI B 8% A A o vl T AR TR 26 01 B b2 18] 25 (A5 JE 20 10 3 S50 WX 28 A58 43 2 1 e 32 PR ) ) 7

AKCTTVELE 2 NEURAE F T OA. AA FI Kappa R2EUA e, AHEL TR L7242 1A 5
3.6. jHEASEIE

NIGAE SSCST MAZ% h AN (4 %k, 7E University of Pavia $E4E FaH A7/ Rl sze, Soihss
Wi 4 fione SH—HIIH R A SVM RT3, 55 205086+ HoR A Transformer 4t a8 flzk v 2 it
170325, 55 = 4H S0 K 25 Wl T % 4% 5 R SVM SREAT 2328, 45 DU ZH 5256 N 58 38 1) SSCST #4324,
ERRE, FFIUARAS T RS RRUR, WAE T i Mg I PR A Transformer g RdASR ir G 2501

Table 4. Ablation experiments conducted on University of Pavia dateset
%% 4. £ University of Pavia #iiE & _Fi#{TIERRSCIE

Component Metric

Cases

SSCS TE OA (%) AA (%) K (%)
1 x x 82.75 71.73 80.68
2 x \ 84.85 82.68 83.12
3 \ x 92.43 86.71 91.86
4 N N 98.45 96.37 98.23

4. SEINYER

TR FEAR TG R T S S S, ASCER T — Rk T i I IR AT Transformer (175t
B IML . 5T, R E IR R A B T G 357 R SRS IL R A I Ok B LA v SR R AL
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FIERE MG IEE, MY Transformer X J5) 38 2% 8] R¢ AE 5G4 AS & FIRFAE T A% 1) il 8, 1)
Transformer S HE B4 [A) G145 AE 353347402 . 7E Indian Pines (IP)A1 University of Pavia %#i 85 34T 7 52
4%, JF5 2D CNN. 3D CNN. HybridSN. SpectralFormer. GAHT 5 5kt bbb . S5R%EH, 5H
3 2T L, AR SCHR R B VEAERE FE Lk B T ey, A RGIER T A SO A S A
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