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Abstract A capsule network (CapsNet) is a novel neural network that has been widely used in the classification of
hyperspectral remote sensing. However, it is faced with overfitting and gradient vanishing. To solve this problem, this
paper proposes a hyperspectral remote sensing classification method using a multi-scale adaptive capsule network
(MSCaps). The multi-scale convolution layer was used to extract the spatial and spectral features of the ground object from
the input images with different sizes (namely, multi-scale). To solve the overfitting problem caused by the sparseness of

the coupling coefficient ¢;, we applied an adaptive routing algorithm without iteration to further improve the CapsNet

i
structure. To validate the proposed model, we evaluated the classification performances of MSCaps using overall
classification accuracy (OA) and model training efficiency on two public hyperspectral remote sensing datasets, namely,
the Pavia University (PU) and Salinas-A (SA) datasets. The OA of MSCaps was measured and compared with that of the

benchmarks, including support vector machine (SVM), random forest (RF), deep convolutional neural network (CNN),
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CapsNet, multi-scale capsule network (MCaps), capsule network using adaptive routing algorithm without iteration
(ARWI-Caps), and the multi-scale CNN (MSCNN) on original images. Additionally, the OA of MSCaps was compared
with that of SVM and RF on images extracted using principal component analysis (PCA). They are named PCA-SVM and
PCA-RF, respectively. The training efficiency of MSCaps was compared with that of CNN, CapsNet, and MSCNN.
The experimental results show that the OA of CapsNet on the PU and SA datasets is 99. 14 % and 95. 38%, respectively,
which is higher than that of the benchmarks. Additionally, the training time of MSCaps is ~1/3 and ~1/4 of that of

CapsNet on the PU and SA datasets, respectively. Thus, the training efficiency of MSCaps is significantly higher than

that of CapsNet. Therefore, the proposed hyperspectral remote sensing classification method using MSCaps has a good

application potential and is an effective alternative for hyperspectral remote sensing classification.

Key words hyperspectral remote sensing; capsule network; adaptive routing algorithm without iteration; deep learning;

remote sensing classification
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Algorithm 1: dynamic routing algorithm

1: procedure routing ( &, r, [)

2:  forall capsule i in layer / and capsule j in layer /+1: b, < 0

3 for r iterations do

4 for all capsule 7 in layer /: ¢ « Softmax(b,)

5 for all capsule j in layer /+1: 5, < 0jc, i,

6: for all capsule j in layer [+1: v« squash(s, )

7 for all capsule 7 in layer / and capsulej in layer /+1: bg, <b, i, v
8

return V/

P12l % B30k B i A
Fig. 1 Flowchart of dynamic routing algorithm
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Fig. 2 MSCaps architecture
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Algorithm 2: adaptive routing algorithm without iteration

1: procedure routing ( &, , /)

2:  capsule 7 in layer / and capsule j in layer /+1
5 <X &,
v, < squash(ysj)

Jjli i

3

4

S: @, < v +a
P

6: return v,

7

: end procedure

I3 ARR A 1 A B o BT A

Fig. 3 Flowchart of adaptive routing algorithm without iteration

3 Hdick ik

SR B PU FT SA AN 2 e w6 1 B0 4ok
T F w6 3% B4 4E W uh : hip://www. ehu. eus/
cewintco/index. php?title=Hyperspectral_Remote_Sensing _
Scenes, FLA, PU B4 48 /& 2001 4F 12 3 =i A .0 BT 31
) ROSTS & I8 28 35 BUAY , LI DX 38k 76 K ) AL 356 i 2
K2, 18 K/ R 61034018 % L E S E N
430~860 nm, 48 PEHHy 1. 3 m, 2 4552 K VA% Wi A FH
i A K Y 0% B S, A% 1034 B, P 4(a) BT, o
B ECSE ML A0 O R A & 4(b) BT 7R o SA Bl 4
B 1992 4F 32 [ NASA Mt <4 i 55 46 =5 A il (1) AVIRIS
1 IR AS AR, UL DX 35K Ay 5 1 o ) 48 JE 2 M 1 4
AR K/ N 868315 F |, I 11 il >4 400~2500 nm, 47 H¥
FRON 3.7 m, 25 R A2 K IR WISV R e A R ) i B (5
108 /1™ Br 255 112U B, 50 154 I B 256 167 -0k
B E 224 NP0 B i, F A% 204 AP B, AN 5 (a) B
b 7 G FL S M D REAS 40 5 6 Rh 2SR, An &) 5(b) fros .
F PU FISA B4 4 43 2 5050 U SRR AS 50 TIE A AR %
TN 8 A 5 0 2 MR 1] 4.(b) AR 5(b) T 7 B L 52 by
Yo e (), B0 o3 an 3k 1 AR 2 B

. unclassified

B Asphalt

B Meadows

M Gravel

I Trees
Painted metal sheets
Bare Soil
Bitumen

B self-Blocking Bricks

. Shadows

K4 S B ge 1. (a) PU SRS 5 (b) PU SR AR HUH
Fig. 4 Experimental dataset 1. (a) PU dataset; (b) ground truth of PU dataset
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Table 1 Number of training, verification, and test samples of

various types of objects on PU dataset

Class

No. Land cover Training Validation Test
1 Asphalt 1000 1000 4631
2 Meadows 1000 1001 16650
3 Gravel 460 461 1180
4 Trees 890 891 1285
5 Painted metal sheets 400 401 546
6 Bare Soil 1000 1001 3030
7 Bitumen 400 401 531
8 Self-Blocking Bricks 1000 1001 1683
9 Shadows 260 261 428

T2 SABHRE T MY LR N GREA
B UEAE AR K R AR B
Table 2 Number of training, verification, and test samples of

various types of objects on SA dataset

Class

No. Land cover Training Validation Test
1 Brocoli_green_weeds_1 100 100 191
2 Corn_senesced _green_weeds 390 390 563
3 Lettuce romaine 4wk 150 150 316
4 Lettuce _romaine 5wk 470 470 585
5 Lettuce _romaine 6wk 210 210 254
6 Lettuce _romaine 7wk 250 250 299
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Fig. 8 Classification results of different algorithms on PU dataset
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Table 3 Accuracy, overall accuracy, Kappa coefficient (K), and p-value of different algorithms on PU dataset

Z.
°

Accuracy /%

SVM RF PCA-SVM PCA-RF  CNN CapsNet MCaps  ARWI-Caps MSCNN MSCaps

1 99.21 98. 89 99. 38 97.56 99.37 98.05 99.09 99.42 99.44 99. 49
2 98.99 98.32 98. 87 98. 24 99.78 99. 96 99.93 99.97 99.51 99. 97
3 76.32 79. 94 76.83 89.77 76.39 95.35 96.19 98.49 98.45 98. 31
4 95.91 89. 58 95. 86 87.10 98.96 92.76 95.46 95.77 99.74 97.15
5 99.85 99.48 99.85 99.85 99.93 96.13 98.82 99.70 99. 56 99.85
6 90.12 81.42 89. 86 82.98 98.13 98.45 99.41 99.83 99.23 99. 84
7 92.38 88.35 92.52 96. 38 98. 30 99. 33 99.25 99. 89 98. 81 99.92
8 93.39 91.31 93.45 89.68 97. 64 97.88 99.48 99.51 98.17 99.62
9 100 99.79 100 99. 89 99. 58 97.15 97.95 99.68 98.03 99. 89

OA /% 91.60 87.38 91. 86 88.44 95. 84 96.73 98.22 98.96 98.71 99. 14
K 0.82 0.74 0.84 0.76 0.91 0.93 0.96 0.97 0.97 0.99
P < 0.05 0.0 <0.05 <0.05 <0.05 < 0.05 < 0.05 0.011 1.501x10°°

4.3.2 SAHKBELEH»EER

X SA B 5 %, SVM .RF .PCA-SVM ,PCA-RF |
CNN. CapsNet, MCaps. ARWI-Caps. MSCNN K&
MSCaps [ & 14 43 2K B2 43 5l o4 81.57% . 73.41% .
82.13% . 82.21% . 85.01% . 87.27% . 92.16% .
95.10% .94.07% &% 95.38% , H.h RF 9 & 1A 43 F K
BE B A, MSCaps 1 SR 70 0GB femy o NIEL O FT LR
WA RIEY BT AR E W4 Hoh SVM
RF .PCA-SVM ,PCA-RF ,CNN CapsNet [ 4 73 Bl 4
AT E, AT WEY IS . TEPTA b 2 i h
Corn_senesced _green_weeds B %43 BL 4 e b ™ 5, #¢
SVM.PCA-SVM .CNN ,ARWI-Caps 2 MSCNN Kk
Hb 1% 43 A Lettuce_romaine 7wk, 43 % #% RF . PCA-RF
KO M iR 4> o Lettuce romaine 6wk 5 Lettuce
romaine_5wk, #% CapsNet K & M i% 4> 4 Lettuce_
romaine_5wk 5 Lettuce_romaine_7wk, # MCaps 1% 43 N
Lettuce_romaine 7wk 5 Lettuce_romaine 6wk, Jif &5

BRSSP, HA & Y Corn_senesced _green _
weeds #% 1= 43 & Lettuce romaine 7wk,

Rt — 2% A R R AR T SVMLRF
PCA-SVM . PCA-RF .CNN.CapsNet . MCaps . ARWI-
Caps. MSCNN J MSCaps % 45 25 4 19 43 2505 1% .
H#¢ 4 AT 0. B $2 MSCaps R H ) £ 2540, Br T
Lettuce romaine 7wk, 73 25 K5 B 40 = T B Ath %} b &
s U HUE X F 1R 43 LS i 0 ™ H 1Y Lettuce _romaine _
6wk, MSCaps R BT 73 2585 B R 100 %, 38 HoAth 9 Fh 43
oy R T 12,47 4 R 34 69 4 L 130144
T4 #0028, 834 43 4.6, 52 4R A 1L 614 4y
A100 014 H 43 4030 3 H 43 R K 3. 34N H 43 L
# T SVM.RF .PCA-SVM .PCA-RF 53 25K B . Tfii
% F Lettuce_romaine 7wk, MSCaps [ 43 28 K & $2 i1
ARWI-Caps 3 1% (1 5 & 0 280K B (92.15%) , &
CapsNet$& & 7 1. 174 A 43 53, F SVM 3745 1 Fe A% 53
KA 16, 184 | 48 il o H L AT WL, 3 T MSCaps
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Fig. 9 Classification results of different algorithms on SA dataset

Fd AT PU KRR A5 MW 250 19 70 G BE AR 2 S Kappa R (K) K p-value

Table 4 Accuracy, overall accuracy, Kappa coefficient (K), and p-value of different algorithms on SA dataset

Accuracy /%

o SVM RF PCA-SVM PCA-RF CNN CapsNet MCaps ARWI-Caps MSCNN  MSCaps
1 100 100 100 100 99.74 100 98.73 96. 54 100 100
2 100 97.08 99. 26 96.99  93.26 100 100 100 100 100
3 99.84  99.83 99.88 100 93.92 100 100 100 100 100
4 99.35  99.09 99.35  98.58  99.08 90.55 99. 74 99.87 99. 54 99.87
5 87.53  65.31 86. 86 71.17  93.48 98. 39 89.99 96. 70 96. 70 100
6 72.70  80.75 73.64  92.26  84.36 87.71 89.92 92.15 88.96 88.88
OA/%  81.57  73.41 82.13  82.21  85.01 87.27 92.16 95.10 94.07 95.38
K 0.66 0.52 0.69 0.67 0.72 0.76 0.85 0.90 0.89 0.91
» <0.05 <005 <005 <005 <005 <005  <0.05 0.033 0.025
) 1 T 1 JR 43 24 O 1 R AT A5 IX A Ak TS () AR A MSCaps [/ “PU v SA
A 4L 4% (4 Lettuce_romaine) o [A] #fE Hb | 78 1 3 5 K F CapsNet UL rmmmmmmmmmm,
0. 05 S OL T, F H McNemar’s test K5 56 JIr 42 55 32 ————
SYHPEREILIPE R T 5k . I APER, SVM RE,  MSONNJE
PCA-SVM. PCA-RF ., CNN. CapsNet, MCaps #J p- oN8G@E”
value {H i /N F 0. 05, i ARWI-Caps #J p-value {8 A ¢ A0 20 80 Tfa(}m?gotimegf(lggs)go 80" 100 10

0.033,MSCNN i p-value {1 0. 025,75 /N F 0. 05,
4.4 il ZRediE bE &

J T HE— 2 W 3iE T $ MSCaps B9 A Rt , F1) A
I 25 mF ] B % T CNN. CapsNet, MSCNN &
MSCaps B TH 203 . N AT REA T Mk 47 % b, 76
PR AIE ) 26 25 ¥4 ) 0] BEAH LAY AT 82 R L % & CNN J&
CapsNet B %5 A 812 KOs 3131, 1 MSCNN f&
MSCaps £ 43 3 19 i A BRI SE 43 )15 B Ry 31X 31,
25X 25 J 13X 13, #5HE AU () I 25 B[] 4 (5] 10 B o
ME 10 BT LLA H - CNN I 25 fir #E 9% 19 1) (8] £ 2D | 78
PU FSA ¥l 4 Il ZRnst (8] 43 51 29 2 8. 8 X107 s Fll

F10 A BERILE PU B 5 A SA B 4 F i Il 2 1]
Fig. 10 Training time of each model on PU and SA datasets

3.5X10° s; CapsNet Il 5 Jir #& 9% (¥ I [A] £ 22 , 75 PU A
SA ¥l 5 Ul 2Rt ] 43 0 29 2 108X 107 s Fl 33X
10° s 111 BT $& MSCaps 7E PU FIl SA % 4ls 5 I (9 Il 2k ke
B 2 3 MSCNN, 43001l 25 2k 39X 10° s 55 8.4X10° s,
MSCaps 7£ PU F1 SA ¥4 4 1 (9 Il 2546 i 43 51 29
CNN 1 4145 5 2% ; MSCaps I 25 5% K 4 2 CapsNet
HME 2 5, 78 AP R S b B FERT 2928 CapsNet /9 1/3
51/4,
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&) ) 25 18] 56 25, I i CNN 5 MSCNN ) 43 28 K5 FE 458
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J7 T LA B 0 RV LRI 78 oy A i o 1 B 1)
P 3 IX 43 52 2= s ¥y (4 PU % 5 4 b i Painted metal
sheets 55 Bitumen 4 1% i & T0 , SA B4R 45 b &b T K [A]
A KA Y Lettuce_romaine) o 8K 1fij Br 45 J7 B A A7 76 A
S AEB R Y T ST O R XA A
TR At b W B R AE o T ) X6 R 1 e JER 3 2] AT R
i Y L1 P NS T A SRS 7 B s R T T [ DO - i

22 RO B 4 W 4% LU T 22 0 3 s mi ot il i o 26, D
v M oy JERT I o
Z % x W

[1] Feddema J J, Oleson K W, Bonan G B, et al. The
importance of land-cover change in simulating future
climates[J]. Science, 2005, 310(5754): 1674-1678.

(7]

(10]

[11]

[12]

[13]

2428004-9

$59% F24H1/2022 F 12 B/BAERBFEHER
AR, RIOK, B, & LR/ b A s Al
(LUCC) #¢ B4 fF 5% #F J& [J]. Hb B 24 4, 2009, 64(4):
456-468.

Tang HJ, Wu W B, Yang P, et al. Recent progresses of
land use and land cover change(LUCC) models[J]. Acta
Geographica Sinica, 2009, 64(4): 456-468.

Ding X H, Zhang S Q, Li H P, et al. A restrictive
polymorphic ant colony algorithm for the optimal band
selection of hyperspectral remote sensing images[J].
International Journal of Remote Sensing, 2020, 41(3):
1093-1117.

Hu Y B, Zhang J, Ma Y, et al. Hyperspectral coastal
wetland  classification  based on a  multiobject
convolutional neural network model and decision fusion
[J]. IEEE Geoscience and Remote Sensing Letters,
2019, 16(7): 1110-1114.

TN, AR SRR R T2 A O B A e D
T Y AR fc U U Bk PR [T). s IR R 5, 2016, 31
(2): 275-284.

Ding X H, Li H P, Zhang S Q. Optimized band selection
of hyperspectral remote sensing image based on
polymorphic ant colony algorithm[J]. Remote Sensing
Technology and Application, 2016, 31(2): 275-284.
AL, A, B, 5F LSS WREF I RIS
Z U5 i BB Rl o 260 3 R e, 2021, 25(7):
1489-1502.

Zhao W D, Li S S, Li A, et al. Deep fusion of
hyperspectral images and multi-source remote sensing
data for classification with convolutional neural network
[J]. National Remote Sensing Bulletin, 2021, 25(7):
1489-1502.

JEEL, NIEZE, B8, 45 AR T RRE S IR A ELU A9 #f 22
I 2 2 S04 4 U 9 (D). MR AF BBk 2225 4, 2021, 23
(4): 692-709.

Tang Y, Liu Z J, Yang Y, et al. Research on building
extraction based on neural network with feature
enhancement and ELU activation function[J]. Journal of
Geo-Information Science, 2021, 23(4): 692-709.

Hinton G E, Salakhutdinov R R. Reducing the
dimensionality of data with neural networks[J]. Science,
2006, 313(5786): 504-507.

Li H P, Zhang C, Zhang S Q, et al. A hybrid OSVM-
OCNN method for crop classification from fine spatial
resolution remotely sensed imagery[J]. Remote Sensing,
2019, 11(20): 2370.

Zhang C, Pan X, Li H P, et al. A hybrid MLP-CNN
classifier for very fine resolution remotely sensed image
classification[J]. ISPRS Journal of Photogrammetry and
Remote Sensing, 2018, 140: 133-144.

Othman E, Bazi Y, Alajlan N, et al

convolutional features and a sparse autoencoder for land-

Using

use scene classification[J]. International Journal of Remote
Sensing, 2016, 37(10): 2149-2167.

Sharma A, Liu X W, Yang X J, et al. A patch-based
convolutional neural network for remote sensing image
classification[J]. Neural Networks, 2017, 95: 19-28.

PR sk, WHR B, 20, 55 T HOCE BTN R M



$£59% F£248/2022 F 12 B/HXEXBETFEHE

PM, B2 BRI S [T]. D24, 2021, 41(9): 0928001.
Fu S L, Xie C B, Li L, et al. PM,, concentration
identification based on lidar detection[J]. Acta Optica
Sinica, 2021, 41(9): 0928001.

XN, AR, MR . SR EEGE R ER R
WU F 52 e [J]. b BR A5 BORE 27 2 4, 2015, 17(9):
1080-1091.

LiuY, FuZ Y, Zheng F B. Review on high resolution
remote sensing image classification and recognition[J].
Journal of Geo-Information Science, 2015, 17(9): 1080-
1091.

RIoCH, ERA, 8IUK, 5. 88 H AR [ ORI
J7 kI 622, 2021, 41(16): 1628001.

Nong Y J, Wang J J, Zhao X B,
relationship detection method of remote sensing objects
[J]. Acta Optica Sinica, 2021, 41(16): 1628001.

W, R, REL, TR TR EHENZN%
YOG A8 7 & B2 3 A By 42 A [T]. g2 ik, 2021,
41(6): 0620001.

Peng X Y, Yang J Q, Wu C H, et al. Improvement of

dynamic range of laser positioning system based on back

et al. Spatial

propagation neural network[J]. Acta Optica Sinica,
2021, 41(6): 0620001.

XA, P, BRT, 45 Bla 248 CNN B w DL iR
MR RBE). P EWOE, 2021, 48(16): 1610003.
LiuJ X, Ban W, Chen Y, et al. Multi-dimensional CNN
fused algorithm for hyperspectral remote sensing image
classification[J]. Chinese Journal of Lasers, 2021, 48
(16): 1610003.

Xiang C Q, Zhang L, Tang Y, et al. MS-CapsNet: a
novel multi-scale capsule network[J]. IEEE Signal Processing
Letters, 2018, 25(12): 1850-1854.

Sabour S, Frosst N, Hinton G E. Dynamic routing
between capsules[C]//Advances in Neural Information
Processing Systems 30: Annual Conference on Neural

Information Processing Systems 2017, December 4-9,

[24]

(26]

(27]

2428004-10

2017, Long Beach, CA, USA. New York: Curran
Associates, 2017: 3856-3866.

Ren Q, Shang S H, He L. H. Adaptive routing between
capsules| EB/OL]. (2019-11-19) [2021-02-04]. https://
arxiv.org/abs/1911.08119.

Nguyen C D T, Dao H H, Huynh M T, et al. ResCap:
residual capsules network for medical image segmentation
[C]//Submissions to the 2019 Kidney Tumor Segmentation
2019, Shenzhen, China.
Minneapolis: University of Minnesota Libraries Publishing,
2019.

Duarte K, Rawat Y, Shah M. VideoCapsuleNet: a
simplified network for action detection[EB/OL]. (2018-
05-21)[2021-02-04]. https://arxiv.org/abs/1805.08162.
Chen R L, Jalal M A, Mihaylova L, et al. Learning
capsules for vehicle logo recognition[C]/2018 21st

Challenge, January 1,

International Conference on Information Fusion (FUSION),
July 10-13, 2018, Cambridge, UK. New York: IEEE Press,
2018: 565-572.

Beser F, Kizrak M A, Bolat B, et al. Recognition of sign
language using capsule networks[C]/2018 26th Signal
Processing and Communications Applications Conference
(SIU), May 2-5, 2018, Izmir, Turkey. New York: [IEEE
Press, 2018: 17914316.

Paoletti M E, Haut ] M, Fernandez-Beltran R, et al.
Capsule networks for hyperspectral image classification
[J]. IEEE Transactions on Geoscience and Remote
Sensing, 2019, 57(4): 2145-2160.

Wang W Y, Li H C, Pan L, et al. Hyperspectral image
classification based on capsule network[C]/2018 IEEE
International Geoscience and Remote Sensing Symposium,
July 22-27, 2018, Valencia, Spain. New York: IEEE
Press, 2018: 3571-3574.

Deng F, PuS L, Chen X H, et al. Hyperspectral image
classification with capsule network using limited training
samples[J]. Sensors, 2018, 18(9): 3153.


https://arxiv.org/abs/1911.08119
https://arxiv.org/abs/1911.08119
https://arxiv.org/abs/1805.08162

	1　引　　言
	2　方法内容
	2.1　胶囊网络
	2.2　多尺度胶囊网络

	2.2.1　MSCaps网络结构
	2.2.2　非迭代自适应路由算法
	3　数据来源
	4　实验结果和分析
	4.1　深度学习网络架构
	4.2　实验设置
	4.3　实验分类结果

	4.3.1　PU数据集分类结果
	4.3.2　SA数据集分类结果
	4.4　训练时间比较

	5　讨　　论
	6　结　　论

