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Hyperspectral image classification based on lightweight
network with attention mechanism

ZHANG Yinghao, YANG Fang

(Institute for Artificial Intelligence and Information Fusion, School of Information Science and Engineering,
Wuhan University of Science and Technology, WuHan 430000, China)

Abstract: Hyperspectral image (HSI) classification is a challenging task in the field of remote sensing, because
the HSI has high spectral dimensionality and low spatial resolution, which makes it difficult to fully extract the
spatial-spectral features of hyperspectral images in the classification task. Aiming at solving the problems of the
existing convolutional neural network ( CNN)-based HSI classification models, such as large parameter size, high
computational cost and low classification accuracy, a lightweight network hyperspectral image classification model
based on attention mechanism ( AMLW-CNN) is proposed in this paper. In order to enhance feature extraction
ability of the network, the spatial-spectral feature extraction module is designed based on two multiscale extraction
modules. In addition, we use the residual structures to connect the convolutional layers of spatial feature extraction
module and incorporate the attention mechanism to enhance the extraction of useful features. Furthermore, to
reduce the number of model parameters, an asymmetric convolution and a depthwise separable convolution are
introduced to replace the 3D and 2D convolution kernels, respectively. The experimental results show that
classification accuracy of AMLW-CNN is better than that of the comparison algorithms, with lower computational
complexity and higher robustness. The overall classification accuracies on the datasets of Indian Pines, Salinas and
Pavia U has attain 98.5% ,99.8% and 99.9% , respectively.

Keywords: hyperspectral image classification; multi-scale extraction module; attention mechanism; lightweight
network ; asymmetric convolution; depthwise separable convolution
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Kappa =0.972  Kappa=0.992  Kappa =0.995
OA =0.985 0A =0.999 0A =0.998
2NERNE
AA =0.984 AA =0.997 AA =0.999
PRI LR
Kappa =0.982  Kappa=0.999  Kappa =0.998

2) BRZE P

PRAE R 28 FLAMBE RO AR S LA In A BR 258 |
JIA T AFRZERIH A 2 4S5k 22 1 He iy ) 2% 32k
2EI ) SEEGEE R UNER 2 PR 7F Indian Pines 1 Pavia U
Bl b, JCBR 2 BEH AR SR S SRS BERLAG, in
AT AFRZEREL 2 DR BT | EAR5r FENG BE
BESRTETE Salinas BG4 b, Jook 22 A Y AR
PIRGRERAR A1 D FRERI S | R A T
FETF A 2 5k 22 B it 3 20K B A A 1 A5k
ZEBH BB R4 — 2, 3 M AT 1, Salinas 45 4
FHEET Indian Pines Al Pavia U $04E 4 G170 #ER
A ] 3 B e IR EAR U 2 (R,

=5 0 45 5 A 2 IUAE 7 3k B — % PR BE IR 7 3 Ak 2
BERTCIE HE— L P2 T JE R Rt . £ b, Bk 25 R
B 22 AF SO, T LA R M A RE T,
PTG R, s A BRUINZRAEAS T (1 9 28 M g AN
HE)

K2 FRAHEBXREZERNEBSLBE

Tab. 2 Classification accuracy of the models with different
number of residual modules
A Indian Pines Pavia U Salinas

TEFRZEREE 0A=0.972 0A =0.990 0A =0.996
AA =0.952 AA =0.983 AA =0.9%4

Kappa =0.968  Kappa=0.987  Kappa =0. 995
1 AFREMEE 04 =0.976 0A =0.997 0A =0.998
AA =0.972 AA =0.9%4 AA =0.999

Kappa=0.972  Kappa=0.996  Kappa =0.998
2 AR 0A=0.985 0A =0.999 0A =0.998
AA =0.984 AA =0.997 AA =0.999

Kappa=0.982  Kappa=0.999  Kappa =0.998

3.6 ITEERIEH

1) RIS 2 i 6t L

B ANBE R ST R 145 x 145 x 200, 28 53 i b 3
B B e R BT ), A8 B 30 x 25 x 25 K/
BB UL batch_size R 4, W A = 484582 (19 88
TR 4 x1 x30 x25 x25, RKIKETA = 4E &2 |
2 A Z REEFFESR IO 58 8 T B AL e 25
[ B LI | 23 ()RR B2 BB B ifE 47 R i 4
B B b M 2 i A o S B oe AT o e i . &
BB FUZSHNER 3 i,

#*3 AMLW-CNN EREERSHIGE
Tab.3  Parameter settings of each module of the AMLW-CNN model

B 5 BRBA/ PR BRI T iy AN K R et
AL B AR B PCA + #287 — 145 x 145 x 200 —
SHERZ 3D-Convl/1 x1 x1 3x3x7 4 x1 x30 x25 x25 1024
Z R FRFIE SRS x 2 3D-Comv2_1/1 x1 x1 1x1x1 4 x16 x24 x23 x23 272
3D-Conv2_2_1/1 x1 x1 3x1x1 4 x16 x24 x23 x23 784
3D-Conv2_2_2/1 x1 x1 1x1x3 4 x16 x24 x23 x23 784
3D-Conv2_2_3/1 x1 x1 1x3x1 4 x16 x24 x23 x23 784
3D-Conv2_3_1/1 x1 x1 5x1x1 4 x16 x24 x23 x23 1296
3D-Conv2_3_2/1 x1 x1 1x1x5 4 x16 x24 x23 x23 1296
3D-Conv2_3_3/1 x1 x1 1x5x1 4 x16 x24 x23 x23 1296
BTIBEREFSWALIN L 85X Avg Pool 23 x23 4 %384 x23 x23 0
Max Pool 23 x23 4 x384 x23 x23 0
2D-Conv/1 1x1 4x384 x1x1 9216
2D-Conv/1 1x1 4x24x1x1 9216
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R 3(4E)
e e Sl BRI/ K BRI iy A K R SRt
25 (A S L R Avg Pool 384 x 1 4 x384 x23 x23 0
Max Pool 384 x 1 4 x384 x23 x23 0
2D-Conv/1 7x7 4 x2 %23 x23 98
23 [l B deep_Conv/1 5 x5 4 x384 x23 x23 9 600
point_Conv/1 1 x384 4 x384 x19 x19 24 576
(deep_Conv2/1 3x3 4 x64 x19 x19 576
point_Conv/1) x5 1 x64 4 x64 x19 x19 4 096
SrIEHIG — — 4x23104 —
Lnganket — — 4x16 —
F4 EHEREARTERSHIEE
Tab.4 Parameter setting of each module of the traditional model
e eSSl ESIVESS BRI RT iy A B R SRt
b A e PCA + 33 — 145 x 145 x 200 —
=4EERUR 3D-Convl/1 x 1 x1 3x3x7 4 x1 %30 x25 x25 1 024
4 T AU X 2 3D-Conv2_1/1 x 1 x1 1x1x1 416 x24 x23 x23 272
3D-Conv2_2/1 x 1 x 1 3x3x3 4 x16 x24 x23 x23 6 928
3D-Conv2_3/1 x1 x1 5x5x5 4 x16 x24 x23 x23 32016
ST R L A Avg Pool 23 x23 4 x384 x23 x23 0
Max Pool 23 x23 4 x384 x23 x23 0
2D-Conv/1 1x1 4 %384 x1 x1 9216
2D-Conv/1 1x1 4 x24 x1 x1 9216
25 [ 2 7 ML R Avg Pool 384 x 1 4 %384 x23 x23 0
Max Pool 384 x 1 4 x384 x23 x23 0
2D-Conv/1 23 x23 4 x2x23x23 98
25 [ R T e 2D-Conv/1 5x5 4 %384 x23 x23 61 464
(2D-Conv/1) x5 3 x3 4 x64 x19 x19 36 928
Vi sL b — — 4 %23 104 —
g5 R — — 4 x16 —

J T % AMLW-CNN (952 8 A4 5, 6 H 5
A AR X FR A BURITR BE ] 73 B B R G S B )
B B S HE AT X L, R G B R ) &5 B e
BN 4 Fon, XGER 3 3R 4 BRI, 2 AR
R = Y4 BUZ AN B LR R () B B2 S 40
FHAE | 22 R R IO e 1 25 (] 4 1F 312 OB e 2 850 i
TETEZE S, TR, AMLW-CNN 2 %4 & R ¥
PR SO A1 13 024, 75 [ SR AiF 42 HUs
WSH BTN 57 536, L GG REAL 2 M2 R
JE RS R SRy 39 216, 23 [A] R AE 2 BURE e Ay
SRt 246 104, 183 XF Ha] %0, AMLW-CNN iy

BRESHR IER BT T 214 760, S5
AU ASART LAY 2T H AR VR I A 4 v I

2) S G RERT L

AMLW-CNN Fil# 48 465 FRAS Y 11 43 Z0KG 1 B2 XoF
HeaE RNk 5 iz, 75 Indian Pines Pavia U Fll Salinas
B b, AMLW-CNN {5025 B Al G046 AUSE Al
FLLERA $ETE . ATl 45 M AL G B A
XK BN B AT 43 25 5 BUMR T AMLW-CNN 1y
L8 DR BT T BRIALL 5 e 7, A FLAE T 47 M FR R
AR RZ R RRE
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R5 fRGERREI AMLW-CNN R 5 KEE
Tab.5 Classification accuracy of traditional convolutional models

and AMLW-CNN model

Rk Indian Pines Pavia U Salinas
G ERUER 0A=0.979 0A =0.997 0A =0.997
AA =0.964 AA =0.991 AA =0.994
Kappa =0.978  Kappa =0.997  Kappa =0.997
AMLW-CNN #7%  0A =0.985 0A =0.999 0A =0.998
AA =0.984 AA =0.997 AA =0.999
Kappa =0.982  Kappa=0.999  Kappa =0.998

AMLW-CNN Al H: Al XF B B 32 19 4 25 45 2%
F6.K7 K8 PN, IR MEERE T # 8,
B9 i, HEETAL, BTG ER 2 R 4 R
FEAAG, VI REAS R JE , SVM KNN 2845 45 (1 P 2% 27
2T IERAE SR IR ) A R, N RE AT R O A 1) v

GURRIE , D O e 22 S e et e 22 i L R
X BRSO I . BRI AR 22, 1D-
CNN {RBOGTERHE , FefE R A 7855, o3 FRE B
AR, RS RS S8 £, 2D-CNN H R LS
JEiE S B 23 [RVRRAE , LT BT ' ik G A7 %
AL PR AN REA R BUCHOGIE R AL, 20 R BRI T
3D-CNN FI AMLW-CNN, 3D-CNN fy T 7] DL 78434
B % MG i 23 S AR E BT A3 2 45 SR AR T1%
iM% > Fl 1D-CNN 2D-CNN F 4T, 4325 4%
RETH RS s> TIRZ  (HR LML S5 4 2 2% |
R B R IR AR S . AMLW-CNN AHLE 3D-CNN
1t Indian Pines Pavia U Salinas {38 & - f) S /& 2K
KERE P T 4.6% 5. 6% 2. 5% ;5 CNN-ASS #f
L, AMLW-CNN 4 Jay 73 2k B2 FIF- 15 43 K B T
15, A RN JF IR AR 5 o Sk 4 3, RIS M S
b oy ISR

*R 6 A[EFHETL Indian Pines &£ FHN K E

Tab.6 Classification accuracy of different methods on the Indian Pines dataset

el SVM KNN 1D-CNN 2D-CNN 3D-CNN CNN-ASS LW-CNN AMLW-CNN
Alfalfa 0 0.67 0 1 0.95 1 1 0.93
Corn-notill 0.69 0.69 0.64 0.951 0.93 0.98 0.98 1
Corn-mintill 0.68 0.67 0. 66 0.57 0.92 0.94 0.94 0.98
Corn 0.48 0.57 0.62 0.6 0.91 0.99 0.92 0.99
Grass-pasture 0.92 0.88 0.44 0.74 0.95 0.97 0.99 1
Grass-trees 0.91 0.89 0.87 0.99 0.99 1 0.99 0.99
Grass-pasture-mowed 0 0.88 0 1 0.95 1 0.93 1
Hay-windrowed 0.92 0 0.94 0.7 0.99 1 0.99 1
Oats 0 0.36 0 0.94 0.6 1 0.91 0.95
Soybean-notill 0 0.72 0.64 0.91 0.9 0.97 0.97 0.97
Soybean-mintill 0.79 0.79 0.75 0.93 0.95 0.97 0.98 0.97
Soybean-clean 0.62 0.68 0.76 0.8 0.93 0.99 0.97 0.97
Wheat 0.91 0.92 0.88 1 1 1 1 1
Woods 0.93 0.94 0.86 0.84 0.97 0.99 0.98 1
Buildings-Grass-Trees-Drives 0.64 0.51 0.51 0.36 0.87 0.86 0.93 1
Stone-Steel-Towers 0.88 0.98 1 0.96 0.99 0.96 0.98 0.88
OA 0.787 0.786 0.734 0.759 0.939 0.962 0.973 0.985
AA 0.586 0.697 0.598 0.831 0.924 0.981 0.966 0.984
Kappa 0.753 0.755 0.693 0.733 0.931 0.957 0.971 0.982
®7 AETFETE Salinas BIRE FHH LB E
Tab.7 Classification accuracy of different methods on the Salinas dataset
25 SVM KNN 1D-CNN 2D-CNN 3D-CNN CNN-ASS LW-CNN AMLW-CNN
Brocoli_green_weeds_1 0.99 0.99 0.95 0.98 1 0.98 1 1
Brocoli_green_weeds_2 0.99 0.99 0.97 0.99 1 1 1 0.99
Fallow 0.97 0.99 0.85 0.97 0.99 0.99 1 1
Fallow_rough_plow 0.98 0.99 0.99 0.99 0.99 0.98 0.99 1
Fallow_smooth 0.98 0.99 0.91 0.98 0.99 0.99 0.98 1
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RT(8E)
el SVM KNN 1D-CNN 2D-CNN 3D-CNN CNN-ASS  LW-CNN  AMLW-CNN
Stubble 0.99 0.99 0.99 1 1 0.99 1 1
Celery 0.99 0.99 0.98 0.99 1 0.99 1 1
Grapes_untrained 0.81 0.85 0.79 0.81 0.94 0.94 0.99 1
Soil_vinyard_develop 0.98 0.99 0.98 0.99 0.99 0.99 1 1
Corn_senesced_green_weeds 0.89 0.95 0.87 0.9 0.99 0.97 0.99 1
Lettuce_romaine_4wk 0.92 0.97 0.87 0.91 0.99 0.98 0.99 1
Lettuce_romaine_Swk 0.98 0.99 0.97 0.98 1 0.98 0.99 1
Lettuce_romaine_6wk 0.96 0.98 0.96 0.95 0.99 0.98 1 1
Lettuce_romaine_7wk 0.95 0.95 0.95 0.96 0.99 0.98 0.99 1
Vinyard_untrained 0.59 0.76 0.68 0.6 0.91 0.88 0.99 1
Vinyard_vertical_trellis 0.99 0.99 0.87 0.99 0.99 0.92 0.99 0.99
0A 0.895 0.929 0.878 0.898 0.973 0.952 0.996 0.998
AA 0.935 0.961 0.911 0.937 0.985 0.974 0.997 0.999
Kappa 0.882 0.922 0.864 0.886 0.976 0.957 0.997 0.998
#®8 AREFAETE Pavia UHIBE FHHEBE
Tab. 8 Classification accuracy of different methods on the Pavia U dataset
25 SVM KNN 1D-CNN 2D-CNN 3D-CNN CNN-ASS LW-CNN  AMLW-CNN
Asphalt 0.88 0.93 0.92 0.9 0.97 0.97 0.99 1
Meadows 0.94 0.94 0.91 0.94 0.95 0.98 0.99 1
Gravel 0.64 0.78 0.47 0.69 0.93 0.94 0.97 1
Trees 0.94 0.93 0.91 0.94 0.96 0.99 0.99 1
Painted metal sheets 0.99 0.99 0.99 0.99 1 1 1 1
Bare Soil 0.77 0.79 0.65 0.78 0.98 0.96 0.99 1
Bitumen 0.54 0.84 0.83 0.69 0.97 0.96 0.99 0.99
Self-Blocking Bricks 0.84 0.86 0.79 0.85 0.97 0.94 0.98 1
Shadows 1 1 1 1 1 1 1 1
OA 0.888 0.909 0.855 0.898 0.943 0.971 0.989 0.999
AA 0.843 0.896 0.831 0. 864 0.971 0.973 0.988 0.997
Kappa 0. 849 0.878 0. 804 0.862 0.926 0.968 0.986 0.999

(f) 2D-CNN (2) 3D-CNN (h) CNN-ASS (i) LW-CNN (i) AMLW-CNN
Alfalfa Corn -Grass-pasture-mowed - Soybean-notill - Wheat - Stone-Steel-Towers
Corn-notill [/ Grass-pasture || Hay-windrowed I soybean-mintill B Woods
Corn-mintill - Grass-trees -Oats - Soybean-clean - Buildings-Grass-Trees-Drives

7 Indian Pines 9 Z 4 R E

Fig.7 The Indian Pines classification results
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(a) JRIE E1R (d) KNN (e) 1D-CNN

(f) 2D-CNN (g) 3D-CNN (h) CNN-ASS (i) LW-CNN  (j) AMLW-CNN

PBrocoli_green weeds 1 Fallow_rough_plow [JJJj Stubble [ Corn_senesced_green_weeds
Brocoli_green_weeds 2 Fallow_smooth . Celery - Lettuce_romaine_4wk
Fallow . Stubble P Grapes_untrained . Lettuce_romaine_5wk

.Lettuce_romaine_éwk . Lettuce_romaine_7wk. Vinyard _untrained . Vinyard_vertical_trellis

B 8 Salinas 5> ELERE

Fig.8 The Salinas classification results

(a) IR E&

(f) 2D-CNN (g) 3D-CNN (h) CNN-ASS () LW-CNN  (j) AMLW-CNN
I Asphalt Gravel [l Painted metal sheets [Jll Bitumen I Shadows
Meadows -Trees -Bare Soil - Self-Blocking Bricks

9 Pavia USFEERE
Fig.9 The Pavia U classification results
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