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Abstract: To address the problem of insufficient utilization of spatial-spectrum features in existing
convolutional neural network classification algorithms for hyperspectral remote sensing images, we propose a
hyperspectral image classification strategy based on a hybrid convolution capsule network under multi-feature
fusion. First, a combination of principal component analysis and non-negative matrix decomposition is used
to reduce the dimensionality of a hyperspectral dataset. Second, the principal components obtained through
dimensionality reduction are used to generate a multidimensional feature set through super-pixel segmentation
and cosine clustering. Finally, the superimposed feature set is used to extract spatial-spectrum features through
a two-dimensional and three-dimensional multi-scale hybrid convolutional network, and a capsule network is
used to classify them. We performed experiments on different hyperspectral datasets, and the results revealed
that under the same 20-dimensional spectral setting, the proposed strategy significantly improves the overall
accuracy, average accuracy, and Kappa coefficient compared to traditional classification strategies.
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Fig.1 The distribution of variance ratio of PCA dimension
reduction components in Pavia University dataset
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Fig.3 Analytic diagram of capsule network neurons
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Table 1 Parameters of each layer of convolutional classification of Pavia University dataset

Network layer (type) Convolution kernel ~ Stride  Parameter Output
Input layer 0 (11,11,20)
Conv3D layerl (3,2,3,16) (1,1,1) 304 (9,10,18)
Conv3D layer2 (2,3,3,16) (1,1,1) 4624 (8,8,16)
Conv3D layer3 (2,1,3,64) (1,1,1) 6208 (7,8,14)
Conv3D layer4 (1,2,7,64) (1,1,1) 57408 (7,7,8)
Reshapel 0 7,7)
Conv2D layerl (1,1,64) 1,2) 32832 7,7)
Reshape2 0 (49,64)
Conv2Dlayer2 (2,2,64) 1,1 131136 (6,6)
Reshape3 0 (36,64)
Conv2Dlayer3 (3,3,64) 1,1 294976 (5,5)
Reshape 0 (25,64)
Concatenate 0 (110,64)
Capsule 9216 (9,16)
Output layer 9

3-dimension spectral
band

spatial position
NMF SNIC
n —p —_—
3rdimension

610x340x3 610x340x3

spectral channels

5-dimensioq

PCA

610x340x103
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L
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equalization
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11 - dimensional spectral
bands after removing the
top five principal

Labell
mean value
Label2
_— —
Labelm

COMponents

610x340x16

610x 340

610x340x 20
data fusion image

normalization

classification result image

5 MFF-HCCN Sk 45#E
Fig.5 MFF-HCCN algorithm structure diagram
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2 Indian Pines £{4 &8 ) 258 il FIRE A £
Table 2 Land cover classes and numbers of samples in Indian
Pines dataset

No. Class name Numbers of samples
1 Alfalfa 46
2 Corn-notill 1428
3 Corn-min 830
4 Corn 237
5 Grass-pasture 483
6 Grass-trees 730
7 Grass-pasture-mowed 28
8 Hay-windrowed 478
9 Oats 20
10 Soybean-notill 972
11 Soybean-mintill 2455
12 Soybean-clean 593
13 Wheat 205
14 Woods 1265
15 Buildings-grass-trees-crives 386
16 Stone-steel-towers 93
Total 10249

#* 3 Pavia University (4 £5 (1) Hh 4 28 5 FIAE A3
Table 3 Land cover classes and numbers of samples in Pavia

University dataset

No. Class name Numbers of samples
1 Asphalt 6631
2 Meadows 18649
3 Gravel 2099
4 Trees 3064
5  Painted metal sheets 1345
6 Bare soil 5029
7 Bitumen 1330
8  Self-blocking bricks 3682
9 Shadows 947

Total 42776

32 BHKE
TEXT 5 G v UG AT 43 280, 48 SNIC ¥ Indian
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N 0.001, FERGEF N 1X10 8. MLIZERIRECH
300 ¥, MIZEIA K/ 11X11X 20,
4 WHU-Hi-Longkou (4 48 i )25 il R A< 54
Table 4 Land cover classes and numbers of samples in WHU-

Hi-Longkou dataset

No. Class name Numbers of samples
1 Corn 34511
2 Cotton 8374
3 Sesame 3031
4 Broad-leaf soybean 63212
5  Narrow-leaf soybean 4151
6 Rice 11854
7 Water 67056
8 Roads and houses 7124
9 Mixed weed 5229

Total 204542
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10%7FH 90% 73 HIAE AN ZRAE AR FIIRRE AT, 4 45 1
W% 5 Frzs « & Je 5t H SVM AiTPCA-SVM L) & 3DCNN
F1 PCA-3DCNN 7324500, 5y WA B4 (1) 43 S5 g Fir
AT IHKE N T PCA FERLEM 73 JEKME . X
AT Indain Pines i 4 HA K1 25 18] 2 R Fl vy
ek e, “FERY), RYFERE” WEERM™
H, AR K 2 2 JE e 3 R B B s S e v 4
B 22 S vk on -G e AT R HE > 25 1T PCA 2k
PEREAERIR T S D B AR R EAR G R R, BRIK T
BoulR R enE 2= 5, SERREE T SIbFEE,
B IR AT DL B F 3DCNN 428560 £ T- SVM
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Iy MG, XN 3DCNN 7E 3T B AR VR I fE %
AR AR A (R R AR, AT HE— DR o A
B . %58 ] MFF-SVM #1 MFF-3DCNN 4325508 5
I T AT F 43 28 S b AT 0 B, v LUR BLA EEF PCA
B2 RN AR PR AE ) 23 2500, T R I 1) OA.
AA Fil Kappa #3k 75 7 2 & M. FEAATHEN MFF
HEAE A SNIC B R AR L, HAH B I 15 e k) 53 31
ZAVNXIR, IR AR R AT B A T
[F) R b 015 76 AR AL RN S P s A% o I 22 S o i
H MFF S SO B A 1) S i 2 R iR fE ik
—BhEm T BT ZE R, B> T SNIC R4 E
RIS . 5o ¥ iR MFF-HCCN 232K 5Km% 5 i
HI] PCA-HybridSN 732K SEmsAH LG, mT LA 4 SR w7
OA. AA Fil Kappa ¥ & oy 3T+ 1 2.472%. 1.924%
Al 2.814%, R 1 Frde SRuE Be8 A AR A 2 15 R
#*5

fE. X SR NAREL T PCA-HybridSN 7328 5m%, Frig
(1) MFF-HCCN 72 5mg 78 — e T 3 Fiois
R 4R . BT = e B 2 5 AR E
Pl 22 RBE () Sy R R AE R B, AT v 1 %o 2 T AR AAE 1)
FIHZ . HULREIN, B o skms S Ad H IR FE M 254
R, Gl RS R R o B
K/NFTT [l B 3 vy AR i e, PT DA x5
JCRIAIRIRE J1. 29K, FEVISRI AT, BT g Al
%FF 3DCNN A HybridSN /418 Fi 5 %2 12540 2 A
MRHEM 2%, SARERm, FTUAEARTE 20 4E g4t
T, Frde o RS I 2R TR 3K . B 6 24 Indian Pines
HIRER D AR ML B bric . B 7 ERT
ANF 73 R AE 10% U ZRFEAR R )40 K45 R, ATRLK
BUFTHR 700y R R e i, T AR MFF SR04
S SR FH Eb LAt S UG B AT

BEVELE Indian Pines HUE S 10% I ZRkE A R 20 2845 R LK

Table 5 Comparison of the classification results of each algorithm under 10% training samples of the Indian Pines dataset

SVM PCA-SVM MFF-SVM 3DCNN PCA-3DCNN MFF-3DCNN  PCA-Hybrid SN MFF-HCCN
OA(%) 80.369 65.431 89.442 91.09 86.101 92.926 96.758 99.230
AA(%) 75.027 54.874 86.284 90.443 80.647 94.204 95.871 97.795
KappaXxX 100 77.493 59.306 87.964 89.743 84.134 91.943 96.309 99.123
Train times/s 590.3 275.2 275.2 248.2 733.4

(@) tht

(a) Pseudo-color image

(b) S hRiC ]

(b) Real ground object marking image

B 6 Indian Pines {h %t K HAric
Fig.6 Pseudo-color map of Indian Pines and its marker map

(e)PCA-3DCNN

(MFF-3DCNN

(9)PCA-Hybrid SN (hYMFF-HCCN

7 B HIEAE Indian Pines £fn4E 1000 ZRFEA T 73 K EE
Fig.7 Each algorithm classifies images under 10% of the training samples in the Indian Pines dataset
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£ Pavia University 73283250, EHEUEHREER
2% 98% 73 B E NI ZREEATI LR, 1 a5 Rk 6
Fi7R. S %N7E Pavia University R4, Birfdi 732
SRS RS FEAHEL T Indian Pines (3RS #2905
TFII 23 288808, IXZRA Indian Pines %l & 1778 %k
PSP ) J5, i Pavia University T8 55 %5 & 45 1A
SRR FNE D Y H . B X SVM, PCA-
SVM. 3DCNN H1 PCA-3DCNN PUFf 432 56m%, 7] LA
I PCA-3DCNN 70 J5 Kb & B imi, PCA-SVM 73 J5 K
JE R X Z T 3DCNN BENS [F] I 2 [a] A i
FHIE, 32 1B oC KA AIBRE 7). SR 6 1
eV AETS 7 3DCNN 45 (B AE AG (S BANRE
U HL A, 3 2 T T AR o D 8 K T R A ) 2
HY, Ak PCA-3DCNN 3545 T B UFHI 2R 3002R . )5

# MFF-SVM Al MFF-3DCNN %1873 55 SVM F
PCA-3DCNN 5emg st b, & B4 F MFF S92 10070 2K 5K
WS TE 73 SR P U7 TH AR A B R E AR, EW TR T
SNIC 73111 MFF BE 0] DA S Rl A 2 1R . fx
J& ¥ FT it MFF-HCCN 3% 5 PCA-HybridSN Sz X}
EE, RILET#E AT DUBAS B 0 RAS 2, H OAL AA
Al Kappa ZH0H E T PCA-HybridSN 5% 2> 38 & 1
1.312%. 1.317%AH1 1.743%. # I/ #& MFF-HCCN fi¢
5 A H X = o R G IR T A A 2,
T B R 2 R TR A . SRR ECN R A
WIE RO T R S TR E . 8 M1 9 R T
AR 2> REIETE 2% GRFEA T 170 245 K,
A UKL SR T VE B S i, R KRBT,
X2 BT AR 2 o BRI A A 45

# 6  KHIELE Pavia University $3E 4R 2011 Z-FE AR R 23 K45 R LI

Table 6 Comparison of the classification results of each algorithm under 2% training samples of the Pavia University dataset

SVM PCA-SVM MFF-SVM 3DCNN PCA-3DCNN MFF-3DCNN  PCA-HybridSN MFF-HCCN
OA(%) 91.913 78.147 95.274 93.338  95.840 97.674 97.941 99.253
AA(%) 88.899 64.517 93.946 90.960 94.157 96.386 97.304 98.621
Kappa>X100 89.204 69.417 93.699 91.137 94.475 96.904 97.267 99.010
Train times/s 366.6 256.2 256.2 212.9 574.4
B nknown
I Aphali
Meadows
B Gl
] = II'.I;;]:\\-.'. metal sheets
Bare Soil
B Bitumen
B Scli-Blocking Bricks

@Rt

(a) Pseudo-color image

Shadows

(b) S hRiC ]

(b) Real ground object marking image

8 Pavia University £ 4 B K& Hbric B
Fig.8 Pseudo-color map of Pavia University and its marker map

(a)SVM (b)PCA-SVM

(c)MFF-SVM (d)3DCNN
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(e)PCA-3DCNN

(MFF-3DCNN

(g)PCA-HybridSN

(MFF-HCCN

9 HHYLTE Pavia University 3U3E4E 2%l FEAR T 2514

Fig.9 Each algorithm classifies images under 2% of the training samples in the Pavia University dataset

f£ WHU-Hi-Longkou 735155 H, Fifi bk BUE 45
£E1) 0.5%F11 99.5%1E Nl ZREE FI R EE, 17 B 45 Fan
RTHR. HRTAIHL B 2Rk i a ik oy J0G
& 43 348 F PCA-3DCNN F PCA-HybridSN 432, [d]
i, A A PLUR B, WHU-Hi-Longkou %4 £
&Ml A (8] > R R m G o BER AR, M EAE
GuEETEIUI SVM 43 2K560%, FETHERME ML
Iy RAMETE S R0 TRl G T 2SR, Fibr Ik
JEM IR . XL MFF-SVM #1 SVM 2y 2K5mg, w]
PRI, MFF TRALEE T VEAE A SNIC 381075 4E—
FERE LA T — e G R, #ERZMEITH
AESE R, G ER MR, HHT SVM 733K
22350, K 10 Jy WHU-Hi-Longkou %48 5 1D

EIFH AR e . B 11 8 0.5% I ZRFEAR T &4 72
TG 23 245 R
N T T E TR RS AEA RIS AR T &,

X BSOS B OA 1 I W kv, A& 12 i
TRe HAREALARFRIR AR ZRAE A S E L], Ak
FrRENXT R OA K5, v LR ILTEIE /2 Indian Pines
iDL Pavia University $iE£a2 WHU-Hi-
LongKou #fE4E, &Nk IE 1Y OA i 2R I35 BE Il
GRREARIIE I 2R BT, RAREZMIgE
REA BT 20 KEFE R T . B3R MFF-HCCN 432855
WEAEA R AR AR AN FIREARTE LT, OR¥FE T FoE 3K
B, DR ERAR T AN . EAEENE, B
& TR W AT R/ UG AR T AT Be e HUAR B AT 1) 23 K

7 HEIIE WHU-Hi-Longkou FUHEEE 0.5% I LA T 732 st LR

Table 7 Comparison of the classification results of each algorithm under 0.5% training samples of the WHU-Hi-Longkou dataset

SVM PCA-SVM MFF-SVM 3DCNN PCA-3DCNN MFF-3DCNN  PCA-HybridSN MFF-HCCN
OA(%) 95.036 88.933 98.032 94.233 98.336 98.759 98.716 99.024
AA(%) 83.133 58.389 94.894 83.464 98.736 96.309 97.233 97.278
Kappa<100 93.437 85.388 97.400 92.409 95.163 98.369 98.315 98.718
Train times/s - - - 491.2 382.1 382.1 353.9 816.3
Rl Mixed weed
B Com
Cotton
Bl scsamc
Broad-leaf soybean
B Narrow-leal soybean
Rice
~ I Water

QLGS
(a) Pseudo-color image
K110 WHU-Hi-Longkou D 1 K Hopric
Fig.10 Pseudo-color map of WHU-Hi-Longkou and its marker map
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(a)SVM (b)PCA-SVM (c) MFF-SVM (d) 3DCNN

(e)PCA-3DCNN

(f) MFF-3DCNN (g)PCA-HybridSN (h) MFF-HCCN
K11 #H50EE WHU-Hi-Longkou %i#E4E 0.5%1IIZ:kEA T 702K E{%

Fig.11 Each algorithm classifies images under 0.5% of the training samples in the WHU-Hi-Longkou dataset
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Fig.12 OA curves of overall classification accuracy under different training samples
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