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D) MAZE T K2 . % AR B UG &R S8
1% 5% 1% 1Y (reflective optics system imaging spec-
trometer, ROSIS) f& & e F1H 3R 44, R KN K
610X 34018 2 , itk i [ 4 0.43~0.86 pm, R &
S PER 1.3 m, AR 9> i ) 28 i A 103 I
B, HARNE SN ER 1R
F1 HETKFHBELNSBER/

Tab.1 Division Situation of Pavia University

Dataset/Patch

25 ﬁmi -
pIE %S TN A
v % 180 20 6631
b 180 20 18 649
R 180 20 2099
A 180 20 3064
4 I A 180 20 1345
#wE 180 20 5029
ks 180 20 1330
itz ¢ 180 20 3682
[ 5% 180 20 947
Bt 1620 180 42776

2) BRI O RA AR AR . I AR e i AS R DL AT
A 1% A4 6 i {2 (airborne visible infrared imaging
spectrometer, AVIRIS) f& J& 2% 38 1% , K /N
145X 14548 3%, L1 W Bl 0.40~2.50 pm, B %
SRR 20 m, HEAL S 200 A~ I BEAT 16 4 4 455
o ASCHR AR T 9 bR FEAS B B 2 1
P2 N HEAT SE 5 , LR B AN 26 2 TR o

F2 OEZRNMREREBIRER S E R
Tab.2 Division Situation of Indian Pines Dataset/Patch

o — T
IRk N REW:S
Lk RN 180 20 1428
U EEP/S 180 20 830
i % 180 20 483
) 180 20 730
HEFRT 5T 180 20 478
Uik NS 180 20 972
Uk PN 180 20 2455
PN 180 20 593
AR 180 20 1265
it 1620 180 9 234

3VEEFIAIT LAY o %S AVIRIS $AHE 3K
15, K/NR 512X 21718 R, 6 3% 6 Fl 2 0.40~
2.50 pm MR Ry HER N 3.7 m, AL 16 48
IR 204 4> B, BN Bl an 3k 3 TR .

R3 FEFMELEBIRERSER/ R

Tab.3 Division Situation of Salinas Dataset/Patch

; B i

2 - —
PIERS iR 4
M 4 B 1 180 20 2009
M 4 W 2 180 20 3726
N3 180 20 1976
LS 14 PR B 3t 180 20 1394
- IR B 180 20 2678
F bk 180 20 3959
T 180 20 3579
ARG RS A A 180 20 11271
1 AE FF & 119 4 45 el + He 180 20 6203
EiR B - E AR S 180 20 3278
o g E (4 ) 180 20 1068
K5 E (5 ) 180 20 1927
KB E (6 ) 180 20 916
K g5 E (7 ) 180 20 1070
A 25 L S 1 A 4 ) 180 20 7268
2 LN B 180 20 1807
Mt 2 880 320 54 129
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& PR B ) Bl 28 I 2% 1) M R A A B Y
Wi o 4 SR B R i D B T SR O A
FURHIE s IR B BRE 2 , 2 MK S
TUAY . PRI, B0 3 4 e i Bl 4 L 23 R i
5 V5 W € P-CapsNet By fig (46 FRAZ Bt , 25 1
FAFT7R o MAZE T = L5 22 240 K R bR K B 4
18 B A A R B0 0 301l Oy A8 11 405 X T B A1) 44 2
L 25 B di 4R T 5, 24 4 AR RO X O 32 A 40
I R0 88 B B 1 o M RE L 1B B B I
WA, e 2N 8 B RO BE B 32,

®4 TREERBZBENENBESERBE/ X
Tab.4 Overall Classification Accuracy Corresponding to

Different Numbers of Convolution Kernels/ %

BRUR B RO
16 24 32 40 48 56 64

Ko 52

IA4EE K% 93.76 93.47 93.54 93.74 95.79 94.81 93.43
ENER 22 A AR 94.03 94.19 94.40 95.51 94.12 94.37 93.84
BEF AN ILA 94.81 95.02 96.03 96.04 95.58 94.78 94.33

JB2 3 il 28 TC 1) R /N T 42 5 ) AR R (1 S 451
LS B BRE J1, K 5 T 3 4B AR i R K
SRKESKRBEMEITTRKNZHB LR, S8
SCHR 20 ] R0 SCHR [ 24 ] i 52 36 28 0, 4007 e 8 )22
P TT RN E R IR )E P2 T KN 245 .
o5, 2/4FR EREREM AT KN 2, 507
R ZEM LT RN 4, AT LR B, BE A I
LUK A FAEEE e LG R . X R I



432 ) G == T

f5 B F 2 R 2022 43 H

2N U N A R U NV N ¢ SR - A i D s
PEfE

£S5 AAREMETKNMGEHNESEIEBE/Y
Tab.5 Overall Classification Accuracy Corresponding to

Different Sizes of Capsule Neurons/ %

Jis 2 h 2T KU
HRE 2/4 4/8 8/16 16/32
S DN 93.73 94.67 95.79 95.02

EES 22 g P I bR 94.34 95.33 95.51 95.18
BERI AN i 45 95.18 95.67 96.03 95.95

AH 200 5 2 )52 22 0] R FH Bl 245 3 ol Sk AT M
AL T A B H R e AR R K
. B3HE 4D HRR T A REIEE Lok
G 12 A0 I S5 o ] i i PR kAR R SR B A . mT LA
RN 2wk (] Bl 6 Pl 22 AR B0 3 i W kg
1o, 3008 B Bl A B B AR U R B rp o A TR
KIBEFEITH . L AR 3K 4455, I 205 if 4
PR 2 BSR4 R R PRI B R 40 307 L A5 B HE A
A AR B S s 2.1 1.

97

=1
- =2
9% . =3

SAKEE /%%

2
B Nz
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Fig.3 Relationship Between Overall Accuracy and r
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Fig.4 Relationship Between Training Time and r

BERI AT L2

Sz b, R Xavier 75 700 45 BB AR £ 17
BIHR AL, IR H Adam B EAE ML 2. 2

A CNN BRI — R 0, R BB N
0.001, Il 2k 2 AR K $ R 100 1K . P-CapsNet ££ il|
GRAE LT SRR R R INAE o kG
T 1R 1) I 2 A IR A Sy S 2R YN R 25 51, 9 )
EVEAR A A (0 43 S Ve RE o O T O AR AR AT
PEAY, R BAKE B (overall accuracy, OA) -3
A B (average accuracy, AA) Fll Kappa £ $4E N
MM IEH5 -

A T 8 UE P-CapsNet B9 80P, #4025 45 1
5395 SVM B e J& % 2% 8 BE 55 E (extended
morphological profiles, EMP) *' | 2D-CNN'""" |
SD-CNN"FI#g & 7 1141 EBUZ AR BE CNN A
EI R i Tl A s B /N S N T S 7 ¥ RPN ]
IR B A AT 48 B0Hie it 8 A W] . SVMLL
T o) B pRBSCAE S A% pR B, O SR A T 45 2R vk o
ZHC My, R R (277, 2702°)
2D-CNN . 3D-CNN FIT# & CNN #2818 B 9 X9
14 25 (] 205 S8 A Sy i A B30, D 3k 38 B A 45 3R 4B 3
KNI B . T2, SClk [ 22] b i B
CNN A 26 BT 452 200 S REA T80 B0 45,
AR SC H B BT B 25 180 P AEAS , A b 4 28 4 B
ARG T I Sk

T 6~ I T A BB IL M G
SVM AFI DG AR B AT 5328, TR I 43 kG B o
fik. EMP #1 2D-CNN ¥ Be % 1| FH &5 % 3% 52 45
By s [AE B B 2 RO B SVM A —E ik
o 3D-CNN FI ] = 4 & B UE A7 = 4 % Bliz
L REAE A R S AR TP s S A R L
I H OA L AA fil Kappa & 23 EMP fil 2D-CNN
B4 82T o TR CNIN 55 7 3 5ok g 8 % 32 ) 445 i
% ) FH B O il 52 0 R BERRAE DRI L OA LAA I
Kappa REHE — L4 . W2 AY S, i T 52
5 R AR R AR SR A ] R /N BRI R 9<9, 3 F
CNN B 53 ARG BEIF AN & o ikl LUE 1%
45 CNN 43 2 B 0 7 15 22 40 Sul v 1 52 IR B e LA B
5 R 0 4 205 . P-CapsNet 76 A 4 WK 2% |
B SRS 22 Al b BB L R 0 3T LD A 3 Bdle 4 T
BRI T EF oy M RE . X L 3D-CNN 4
KA, P-CapsNet 75 31 E4ls 5 119 OA (L AA I
Kappa Z 834 9 W42 &, b OA 43 5l & T
1.83% .4.28% F12.14% . X i AL 58 CNN 43
FAE LT 7, P-CapsNet B % M /N 408 38 7 Fil P 2%
2] FI) L M B Bl REAE DR e 68 IR T
15 KM

Bl 5~7J&/R T AN o JE 50k 7E S B 46 I
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532518 . SVM Y43 28 v d & 1 Rt i e
Ko 2D-CNN 1y 43 2 &l rp e 75 3 4 4 Fir sl 55, (H
Hor R AR R AR SRR i Bk, I A 2 A
Ab /N H ) DX AT SR BT K R A B S
(LLHERRTE ) o 3D-CNN FITEEE CNN B A iy 4326
I as o it — D0 o N2 — Bk Y ff i
531, P-CapsNet i 73 28 B B AT S o 1) AL 98 808
AL Y, AR 2 0 Ak /s i g X8 45 52 2 A
BN RES o B g b B B g 1 A 2R
KBS

x6 AREEEMETKRFHBEENIEBE/ X
Tab.6 Classification Accuracy of Different Algorithms on

Pavia University Dataset/ %

RRIG I T 3D-CNN #Y i 8] IF 45 , % B CNN A
P T 11 A~ 4 U2 0 UR B A 8L )1 2 Bk Ji) Al A%
o P-CapsNet 7£ 3 4 845 4 b 1% I 2 A0 12k it
] 2454 fe b, R T HAE SR R BCR BRI BRME

x8 AREEEFEFMMILUSBIBEENILBE/ X
Tab.8 Classification Accuracy of Different Algorithms on
Salinas Dataset/ %

F 2D- 3D~ P-Caps-
SVM  EMP CNN
= CNN  CNN Net

51 2D- 3D- P-Caps-

FE SR CNN  CNN CAN Net
1 97.34 86.17  88.80  92.08 97.18  99.07
2 97.32  91.57  90.33  92.02 97.08  97.12
3 77.25 88.61  91.19 86.57 89.68  90.04
4 84.73  95.07  99.71  99.64 94.43  99.80
5 98.09  99.03 100.00  99.78 99.78  100.00
6 7147 9435  92.22 9648 86.67  82.02
7 61.49 9579 9556  98.95 88.75  90.01
8 85.60 83.24  95.17  97.77 97.08  96.57
9 99.89  99.89  99.58 100.00  93.00  100.00

OA 88.59  91.00 92.11 93.96  94.95 95.79
AA 85.91  92.64 94.73 9592  93.74 94.96
Kappa 85.22 88.24 0.8972 92.12 0.9333 93.49
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Hyperspectral Image Spatial-Spectral Classification Using
Capsule Network Based Method

GAO Kuiliang' YU Xuchu' ZHANG Penggiang' TAN Xiong' LIU Bing'
1 Information Engineering University, Zhengzhou 450001, China

Abstract: Objectives: The deep learning model such as convolutional neural network(CNN) has achieved
satisfactory results in hyperspectral images classification. However, because traditional neurons can only
perform scalar computation, the existing deep learning models cannot model the instantiation parameters of
hyperspectral image features, so they cannot achieve satisfactory classification results under the condition of
restricted neighborhood scope. Aiming at the problem, we design a new network model by introducing cap-
sule network structure, to further improve the classification accuracy. Methods: The model is composed of
traditional convolution layers, capsule layers and fully connected layers, which has a stronger feature repre-
sentation ability. This model can further improve the classification accuracy of hyperspectral images using
the vector calculation of capsule neurons and the spatial relationship between features encoded by the
weight matrix. Specifically, the hyperspectral image patches are firstly processed by a convolution layer to
extract local features. Next, the primary capsule layer and the digital capsule layer are used to extract the
deeper abstract features at higher levels and classify the input data. In addition, the fully connected layers
are used for reconstruction to further enhance the abstract modeling ability and generalization ability of the
capsule network. Results: Three public hyperspectral images data sets including Pavia University, Indian
Pines and Salinas are selected for experiments. The results show that the proposed method outperform the
support vector machine(SVM)-based and the traditional CNN-based classification methods. Specifically,
compared with the SVM-based methods, the proposed method improves the overall classification accuracy
by about 4.7%—7.2%, 8.2%—10.9% and 2.5%—6.9% on three different datasets. Compared with the
traditional CNN-based methods, the proposed method improves the overall classification accuracy by about
0.8—3.7%, 2.7—5.5% and 1.3—2.5% on three different datasets. Conclusions: In conclusion, the pro-
posed network model has better classification performance than that of traditional algorithms. Under the
condition of sufficient training samples, the overall classification accuracy of the proposed model is higher
than the traditional SVM-based and CNN-based classification models, and it has a lower time cost. In addi-
tional, the proposed model has better adaptability under the condition of further reducing training samples
and pixel neighborhoods.

Key words: hyperspectral image classification; capsule network; capsule neurons; convolutional layer;

deep learning
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