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Hybrid deep CNN joint attention for hyperspectral image classification

WANG Yan®, LYU Yanping
School of Computer and Communication, Lanzhou University of Technology, Lanzhou 730050, China

Abstract: Convolutional neural networks (CNNs) in deep learning can make full use of the computing power of
computers to efficiently extract the features of remote sensing images. This has achieved good results, especially in
the classification of hyperspectral images. In order to fully extract spectral and spatial features from limited hyper-
spectral samples and improve the accuracy of hyperspectral image classification, a hybrid deep CNN joint attention
(HDC-Attention) model is proposed. Firstly, use kernel principal component analysis (KPCA) and mini batch
K-means ( MBK-means) to reduce the dimensionality of hyperspectral images. This effectively eliminates data re-
dundancy and retains the main amount of information. The result is that the dimensionality-reduced data has the best
discrimination. Then use the HDC network to extract the spectral-spatial features from the dimensionality-reduced
data. Finally, the Spectral-Spatial Attention is used to redistribute the weights of spectral-spatial features. It enhanc-
es useful spatial-spectral features and suppress useless features. The proposed model has been tested on three public
data sets for many times. With a limited number of labeled samples, the OA, AA, and Kappa classification indica-
tors of the three data sets all exceed 99%.
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Table 1 KPCA'’s different Kernel and parameter classification performance table on different data sets

#1 ARBHEE L KPCA KA Kernel XS5 tErE#

Poly RBF Linear
(d=1,2,3,5) (y=0.02,1.25,10)
OA(%) (98.31,99.40,87.91,23.95)  (86.40,97.46,97.30) 98.63
Indian Pines AA(%) (98.52,99.33,82.83,6.25) (79.68,96.68,95.53) 98.62
kappax100 (98.22,99.31,86.16,0) (84.41,97.10,96.92) 98.44
OA(%) (98.87,99.93,90.57,37.98)  (89.34,98.32,96.52) 98.89
Pavia University ~ AA(%) (98.90,99.95,86.47,17.09)  (82.43,97.73,97.31) 98.57
kappax100 (98.98,99.97,88.49,0) (86.68,98.90,97.34) 98.87
OA(%) (98.79,99.98,91.23,35.32)  (88.24,98.21,96.89) 98.98
Salinas scene AA(%) (98.90,99.97,87.81,18.25)  (85.23,97.21,96.86) 98.88
kappax100 (98.78,99.98,89.15,0) (87.34,98.32,96.91) 98.89

3.2.2 Witk 3D CNN LK HDC 14 9:u Pk fig

% 2 FoR AR EdESE iR 3D CNNLHDC
oy 2sbERede. LA, [l 3D CNN #2HL
FRAFRIE S, (MRt et 3D CNN AT LATE 4F
A LI GRS - 23 [BFFE, 7E Indian Pines %l 4
- OA,AA,Kappa 7 53 i T 3.1%.4.1% .4.26%.
[A 4 Indian Pines %&£ B Me F AEXS B R, 2 RUE
RRAEA R B Al 2 MR i T ARG i Ak, (AR A B

g, Filh, ZRIZHEHELE HSIs A% R FEH
H E HEAE

3 i) 3D CNN LA S & TR
FRJEF R, FEREECRE . HDC BTEfS
ZEYNINT 2D CNN, 2D CNN 7£ 3D CNN F{ & -
2] T RPN S R RN, [ RE
% TR B 55 Z49% | 7F Indian Pines $idi4E |- OA.
AA . Kappa 43531 0.87% ., 1.52% ., 1.29%.

Table 2 Improved 3D CNN, HDC classification performance table on different data sets
%2 ANFE¥EE ¥R 3D CNN, HDC fy4r2ikgesR
3D CNN MepEfy 3D CNN HDC
OA(%) 94.39 96.49 97.36
Indian Pines AA(%) 93.38 96.39 97.64
kappax100 92.93 96.19 97.48
OA(%) 96.82 98.57 99.10
Pavia University AA(%) 95.92 97.84 98.87
kappax100 95.78 98.87 99.13
OA(%) 96.33 97.17 98.23
Salinas scene AA(%) 96.32 98.11 98.92
kappax100 96.28 98.58 99.01

3.2.3Spectral -Spatial Attention 1255 Pk fig

% 3 LR AR BIESE - Spectral -Spatial At-
tention MrJSPERER . TTLLE I, 78 = EdE4E
b RGP TR AR R, (K
BT ZAR A s . NEH T LA F], Indian
Pines By 42 78 /N Spectral Attention #i5t, OA.
AA . Kappa 7313811 0.94% . 1.13%. 0.95%; ¥
7N Spatial Attention #53t, OA. AA. Kappa /)

SN 1.05% .0.67%.0.94%; 73 /i Spectral-Spatial
Attention bk, OA . AA  Kappa 43 48l 2.04% .
1.69%. 1.83%. X FZEHN Spectral Attention
Bk T2y 1D CNN BE 22 1 DG FRAE , Spatial
Attention #ibk 5 2D CNN B £ ) & VE 25 [
fiE, PSR AL A ik — 20 OG0 T MR ()l -
ZARHIE, AT — P4 e TSRS B L
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Table 3 Classification performance table with Spectral -Spatial attention module on different data sets

# 3 AFEEIEE | Spectral -Spatial Attention f4r2tEREFER

Spectral Spatial Spectral-Spatial
OA(%) 98.30 98.41 99.40
Indian Pines AA(%) 98.57 98.31 99.33
Kappax100 98.43 98.42 99.31
OA(%) 99.23 99.43 99.97
Pavia University AA(%) 99.25 99.35 99.96
Kappax100 99.36 99.47 99.96
OA(%) 99.48 99.39 99.98
Salinas scene AA(%) 99.03 99.21 99.97
kappax100 99.37 99.41 99.98

3.2.4 A7k P 9css vk Re o br

T BRIE TR AR AL ( HDC-Attention ) 978 3%
£, 4 HDC-Attention J7vk5 HAh 5 47 LA
e 5 B4 45 HybridSNP® | SSRNP® | Cluster
CNNI | Fast 3D NN, 3 i fh 7 R R 2 TR
JESSI Tk, # 4. 5. 6 0 51FKR T Indian
Pines. Pavia University, Salinas scene Z(#g4E I A%
RIRG ST S — 2Ry R 5 2ol i
ok R R AR . R LULE
HDC-Attention 7t =/l dE b Y7 0K B2 ki 55

THALTTI, F5BI0E Pavia University Zdlide, AN
K4y 2584 1EHG . Pavia University F1 Salinas
scene F AL B 43 2K FE Y S T Indian Pines, iXJ&
PR Ay 35K 1 A 5040 A A B 9 8505 0 B2 =5 T Indliian
Pines Z#ls 4, FrLAZrZEMEEEAHEL T Indian Pines %X
PRI AK, FEUIZRAS R 7T, Fast 3D CNN FBEAUE
ARH, E =B R UIZRET R 3 b,
HDC-Attention J7 i I YIZRASEIE S, A2 HDC 45
PO T SRR OG- A RHE, BT AT K
ORRCAINN I

Table 4 Comparison table of classification accuracy of each category of Indian Pines under different methods

£ 4 ANEFET Indian Pines FRSXKREEXT L E

# Class SSRN Fast 3D CNN Cluster CNN HybridSN HDC-Attention
[ 1 Alfalfa 98.24 100.00 100.00 97.30 100.00
2 Corn-notill 98.30 98.11 97.02 96.85 97.98
-3 Corn-mintill 97.39 92.14 98.72 99.70 100.00
4 Corn 98.46 98.21 98.89 100.00 100.00
- 5 Grass-pasture 99.21 100.00 98.33 99.74 97.40
6 Grass-trees 98.92 100.00 99.01 99.83 99.14
- 7 Grass-pasture-mowed 100.00 100.00 100.00 100.00 100.00
- 8 Hay-windrowed 99.25 88.00 87.50 100.00 100.00
9 Oats 97.69 100.00 98.43 93.75 100.00
10 Soybean-notill 98.50 96.42 98.87 98.71 100.00
11 Soybean-mintill 98.36 100.00 99.23 99.39 99.84
12 Soybean-clean 97.37 97.32 97.06 96.63 99.16
13 Wheat 98.29 97.60 100.00 99.39 100.00
14 Woods 98.73 100.00 99.47 100.00 99.90
.15 Build- 96.79 97.70 100.00 99.68 100.00
ings-Grass-Trees-Drives
-16 Stone-Steel-Towers 95.49 100.00 95.94 97.30 95.94
OA(%) 98.00 98.00 98.77 98.83 99.40
AA(%) 98.35 97.69 98.83 98.98 99.33
Kappax100 97.71 97.72 98.66 98.64 99.31
Train Time(s) 2031 113 199 171 1367
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Table 5 Comparison table of classification accuracy of each category of Pavia University under different methods

5 AREHFET Pavia University G4 NE BT HE

# Class SSRN Fast 3D CNN Cluster CNN HybridSN HDC-Attention
1 Asplalt 99.89 97.74 99.57 100.00 100.00
2 Meadows 99.43 99.75 98.98 100.00 100.00
3 Gravel 98.67 93.93 100.00 99.94 100.00
4 Tree 99.74 96.98 98.91 99.31 99.61
- 5 Painted metal sheets 100.00 100.00 99.91 100.00 100.00
6 Bare Soil 99.71 98.83 100.00 99.89 99.40
7 Bitumen 98.16 92.11 98.08 100.00 100.00
. 8 Self-blocking bricks 98.02 95.01 99.06 99.90 99.94
- 9 Shadows 100.00 99.87 98.59 99.98 100.00
OA(%) 98.69 98.07 98.77 99.37 99.93
AA(%) 98.79 98.13 98.50 99.48 99.95
Kappax100 99.27 97.16 98.70 99.29 99.97
Train Time(s) 6521 512 851 237 6430

Table 6 Comparison table of classification accuracy of each category of Salinas scene under different methods

#£6 AFHFET Salinas scene BRSEIEEXT HE

# Class SSRN Fast 3D CNN Cluster CNN HybridSN HDC-Attention
- 1 Bro- 98.54 95.79 100.00 98.57 100.00
coli_green_weeds_1
- 2 Bro- 98.44 97.93 96.46 97.98 100.00
coli_green_weeds_2
-3 Fallow 97.47 97.01 99.04 99.75 100.00
4 Fallow_rough_plow 98.21 96.37 97.76 100.00 99.85
- 5 Fallow_smooth 98.71 100.00 98.58 99.69 100.00
6 Stubble 98.89 99.30 98.96 98.83 100.00
7 Celery 100.00 100.00 100.00 100.00 100.00
. 8 Grapes_untrained 99.45 99.25 100.00 100.00 100.00
9 Soil_vinyard_develop 97.54 100.00 98.10 98.75 99.96
-10 Corn_senesced_green_ 97.79 98.72 98.58 98.49 100.00
weeds
11 Lettuce_romaine_4wk 98.30 98.59 99.47 99.92 100.00
12 Lettuce_romaine_5wk 97.12 97.06 96.45 97.95 100.00
13 Lettuce_romaine_6wk 98.78 97.60 100.00 99.39 99.88
14 Lettuce_romaine_7wk 98.63 100.00 98.47 100.00 99.97
.15 Build- 96.99 97.50 100.00 99.61 100.00
ings-Grass-Trees-Vinya
rd_untrained
-16 Vinyard_vertical_trellis 94.00 93.22 97.59 98.50 100.00
OA(%) 98.87 98.62 98.47 98.87 99.79
AA(%) 97.98 97.59 98.29 98.98 99.94
Kappax100 97.59 97.97 98.57 98.97 99.96
Train Time(s) 7989 760 1201 1020 8059

B578 (c). (d). (e). (f). (g)
TR TR AN BRE s R,
& da] DI, 78 Indian Pines 3i#84E |, SSRN .,
Fast 3D CNN. Cluster CNN J7 V£ & 143 2545
R & — LB 5, IF HAFTE /NI 0 1 1
#, HybridSN J7ik &5 AR — 2, O%A
KAEMBELL, 1] HDC-Attention BRI BE AR H /D

Indian Pines i 4EHH285) 2 f9 “Corn-notill” F12&
S 4 1 “Corn” —SU{R RN IR IM AR,
PR Ay 33 A~ 4 i 7 5 DX 3 A AR AR ) % - 25 ) A
fiE, AT LOULEE S5 i 52 ) AR AR 34 14 4028 R 0
W FERTE Y o el 5 HABBTALAR L,
THERME S B/, S R R PR E I .
AT A B, 1RAREE MR 1 g
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(a) Colorimage  (b) Ground truth  (c) SSRN

(d) Fast 3D CNN

(e) Cluster CNN  (f) HybridSN  (g) HDC-Attention

Fig.5 The classification maps of Indian Pines using different methods

B 5 AREFELE Indian Pines 14325 E

(a) Colorimage  (b) Ground truth  (c) SSRN

(a) Colorimage  (b) Ground truth  (c) SSRN

(d) Fast 3D CNN

(d) Fast 3D CNN

(e) Cluster CNN

(f) HybridSN
Fig.6 The classification maps of Pavia University using different methods

& 6 NEJEEE Pavia University FEI4rKE

(9) HDC-Attention

(e) Cluster CNN  (f) HybridSN (9) HDC-Attention

Fig.7 The classification maps of Salinas scene using different methods
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