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Convolution neural network method for small-sample

classification of hyperspectral images

Wu Honghao', Wang Liguo'" | Shi Yao'
1. College of Information and Communications Engineering, Harbin Engineering University, Harbin 150001, China;

2. College of Information and Communication Engineering, Dalian Minzu University, Dalian 116600, China

Abstract: Objective Classification is a major research task in hyperspectral remote sensing image processing. Extracting
appropriate features from hyperspectral remote sensing images is a prerequisite to ensure the accuracy and effectiveness of
classification. Traditional feature extraction methods can only extract single, shallow spectral or spatial features and have
difficulty extracting deep spatial-spectral features. This limitation results in poor classification accuracy. Compared with tra-
ditional classification methods, hyperspectral image classification method based on deep learning model can extract deeper
features of hyperspectral image. However, the existing deep learning methods can classify hyperspectral images but have
low classification accuracy because of their simple network structure and insufficient feature extraction. Moreover, the

parameters of deep network are hundreds of thousands of millions, which need a large number of labeled training samples
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and longer time to complete the model training. However, manual annotation of hyperspectral images is a time-consuming
and laborious project, and only a few labeled samples can usually be used. Therefore, constructing a depth network model
for hyperspectral image classification with a small number of training samples is a key research problem. A data expansion
method of stacking pixel spatial transformation information is proposed to address the problems of simple network structure
and insufficient feature extraction of existing classification methods based on deep learning. A hyperspectral image classifi-
cation model based on different scales of dual-channel 3D convolutional neural network is also proposed to extract the essen-
tial spatial features of hyperspectral image. Method On the one hand, the stacking space transform information method is
used to expand the training samples for solving the problem of insufficient training samples in the process of hyperspectral
image classification. On the other hand, the dual-channel convolutional neural network is used, and its overall structure is
composed of preprocessing, data expansion, and dual-channel convolutional neural network ( DC-CNN) . First, the
hyperspectral image is preprocessed to transform the pixels into 3 X3 and 5 x5 pixel blocks containing certain spatial infor-
mation as the unit to be processed. Then, the unit to be processed uses the data expansion method of stacking spatial trans-
formation information to expand the data. The expanded dataset is transformed into shape to meet the input dimension of
dual-channel convolutional neural network. Then, the pixel blocks of different sizes are input into the branch convolution of
different scales of DC-CNN, and they are combined with the spatial spectrum features extracted from the two channels for
training to improve the generalization ability of the network. The spatial-spectral features of hyperspectral images can be
more comprehensively and fully extracted using different convolution branches to process different sizes of pixel blocks. The
information loss caused by dimension reduction can be reduced, and the classification accuracy can be improved. The
method of stack space transform information enriches the potential space information of the center pixel and expands the
dataset by rotating each pixel and its adjacent pixels, row column transform, and other operations. The expanded pixel
blocks are input into dual-channel 3D convolutional neural networks with different scales to learn the deep features of the
training set and achieve higher accuracy classification. Three popular hyperspectral image classification methods are select-
ed and compared with this method to verify its effectiveness. The three methods are 2D convolutional neural network
(2D-CNN), 3D convolutional neural network (3D-CNN) , and siamese neural network (SNN). The network structure of
3D-CNN is the same as that of 3 X 3 branches of DC-CNN, which can be considered a single-channel network model of
DC-CNN. Result Experimental results show that the Indian Pines and Pavia University datasets achieve 98.34% and
99. 63% of the overall classification accuracy, respectively. The running time of different algorithms is also compared. The
running time of the proposed algorithm is relatively shorter than that of the comparison algorithm, and this feature ensures
the efficiency of the classification model. In addition, this study analyzes the influence of different convolution layers on the
classification performance. It verifies that the convolution neural network composed of five convolution layers has the stron-
gest feature extraction ability for hyperspectral images. The proposed method also has good classification performance on two
groups of real hyperspectral image datasets. Specifically, the proposed method has certain generalization ability and advan-
tages in running time. In this study, dual-channel convolution neural network is used to complete the deep spatial-spectral
feature fusion of hyperspectral image, which fully extracts the hidden information of hyperspectral image and is conducive to
the application of deep learning model in hyperspectral image classification. In the follow-up research, we can further
explore the effect of multichannel convolution neural network, such as three- and four-channel convolution neural networks
in hyperspectral image classification. The application of deep learning method in hyperspectral image can also be promoted.
Conclusion The performance of hyperspectral image classification model with limited training samples is not ideal. Thus,
this study proposes a data expansion method of stacking pixel neighborhood spatial information and designs a hyperspectral
image classification method based on dual-channel convolutional neural network, which is called DC-CNN. The data expan-
sion method of stacking pixel neighborhood spatial information conducts spatial rotation and transformation on different scale
pixel blocks to expand the number of training samples and obtain the hidden spatial information of the center pixel. This
method solves the problem of insufficient training samples of depth model and insufficient spatial information extraction of
hyperspectral image in feature extraction process. It inputs pixel blocks of different scales through DC-CNN network frame-
work to comprehensively extract more abundant spatial information, completes the deep spatial-spectral information extrac-

tion, and inputs the fused spatial spectral features into softmax classifier to achieve more accurate classification.
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PRI AR, RO il i 5 %S
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arPER

6 )t Ja 1) % i JZ B FH A9 /2 softmax PREL, soft-
max PRI AT LURE 4 45 2 it AR IE EA T 0 — A Ab
PR AR TR B
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class(X) = arg max P, (9)
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SRRIEAEARERR B N R TR R
R T FE 4 A 25 RV AE LA BOGTERRAE , 75 2238
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Fig.5 Convolution unit
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Fig.6 DC-CNN network structure
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Fig.7  Overall structure of the proposed method
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SLHG G A9 = O3S SR B AR 45 8 Indian Pines
Fl Pavia University "B A7 QA A9 42 K K 50
DC-CNN (#4326 P68, HrP Indian Pines %45 4E h
MO X S FERR , AN [ 2850 22 8] (8 56 15 1th Bk
FAL, T EAEA 3 AT TR AR 5] SR 2 6] 43 B
25709 20 m, it IR Z IRG 180T, 20 70 2638 1%
XMERE . T Pavia University Za4E 7 (04 M) 2 501 60 45
BT T B A 5 DG M 2 XA B R, H
AR HER R 1.3 m, TR AR oe ik B 5 1
WM, IR 1 BRI A EoE SRR A mDL
AL RS 2SR BRI BEECFIEOE A R/ FEAR
TS S5 AT R 22 57, A B RE A St AR SO v
o AEPEREFIZ AL RE T .

®1 SREEGBESE
Table 1 Hyperspectral image dataset

Indian Pines Pavia University

AL G AVIRIS ROSIS
SVl nm 400 ~2 500 430 ~ 860
B 200 103
Bk 1% 145 x 145 610 x 340
23 () 43 HE/m 20 1.3
FEAKL 10 249 42 776
%L 16 9

2.2 LWHERSHIZE

ARSI T E ML EAR B E A Intel (R) Core
(TM) i7-4710MQ CPU @ 2.50 GB #Zb¥E2% .8 GB iz
TTAF ,NVIDIA GeForce GTX 965 M K ,4 GB &
FEo WHFERES J7E Windows7 T 4 Python 3. 8.3 #il
tensorflow-gpu 2. 3.0,

S PR R B 1) 2 45 K Y S RUCE TR 6 B
IR TR R SRR T A R AR
TR Z I R SR AL B
K& 1, ERZg I B, 68 A A 3 0 2 ) 3
R FEALAS BT B 4L 77 5 Adam ( Kingma F1 Ba,
2015) H iR 2, HAntn2F 2] BRI R 0. 001, —
WM 0.9, ZIREEHR0.999, TR iR

il B A RO/ N S 128, 3 LA e 2
] A2 A5 S B 78 05 XN AAEA AT 8 54
7t IR NI 3 4R O TE B9 R A LE 9 Dl 10% A
90% , IZE I EE 1 40] 73 2 % Bk — SR RE AR BHBLIT U
PR LB HEATRI, ORAE T REA BRI . JF B A
SCRITAT S5 s 24 A BELR 3 Bl R R R 0 T B
ST 5 RIS AR - B

H TSR AE R IEAT E XS L PP, T
A—SEPEMEE bR . W PRI R AR A . SRS NG
& (overall accuracy, OA) V-4 Z5K5 F (average
accuracy, AA) Fl Kappa 2%, FHIXX 3 PEM
TEPR AT —SE TR B 4

1) BV SORG BEGETE T IE A 2 SR A 1Y) B
CINPRERYS: Ny N 2o R A g

0A = %Zm (12)
2) I3 NG B RS v — 2 E B A 2
FEAS 52 AR SO LU E R E, TR
1 ~ m,;
AA = 721 N (13)
3) Kappa ZRECHIE— 5L TR 16 J B i 1T 3K
BRI, HHEHR

(14)
N = Y N xm,

K, e FORBBIZANECR, N, TR | KMFEARSL
i N FORFEAR R, m R KANH e xe IR
TERERAE 2 R A 2 b R 0 b 3 B S R A T e 3
T, m RN PPN R @ IOFEAKL,
2.3 XBHE

R T YAEAR SO VA A ke ST H R E PR
AT 3 FhE G MR 20T I AR SO AT
XFEG, 3 3 Rl 4R 2D B LM 22 M 4% (2D-
CNN) ( Makantasis % ,2015) 3D #5122 W 4% (3D-
CNN) (Z=5E 4 45,2019 ) A28 A= 1 22 ) 4% (SNN)
(Zhao 55,2018 , 7£ 33X L6 7 3 X 0 14 SR v 47 3 1o
P ELSEBRIGUE T 3X 3 Pl ik — e R LRI B
UF 53 2SR, R AR SCREIRGX 3 5 1A S X
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B AR T R 28 AR Y o ) B SRR YRR AE . O T SRR
T A RO, A A X LA A% 220 DC-
CNN 548 Hi% J5 89 DC-CNN (no data expansion )
TEAR R AR AR T B e PERen 2 5%
2.3.1 Indian Pines ${#E4E

Indian Pines %4 48 19 3 B S {E DL KA ] 43
KHIETE Indian Pines 48 4R 1Y 73 245 RAE & 48 7]
PALAL S A 8 FroR o X R A 1 53 2N L i
frits sk 2, MIEL 8 Hnl LI Hi,2D-CNN
(1 8(b) ) )5 BARTEREAR b X 2528004 i IX.
oy AR AEVRZ S BERL X PO 2D-CNN ANfiE

(a) by EAE & (¢) 3D-CNN

(b) 2D-CNN

ARG M 25 G i G 19 23 ()45 B FDGIE(E B 1 3D-
CNN( [ 8(c)) Byt THAFHZE S T = L1k
B2 5 AR B, B BE 57 G W b
SNN(FEl 8(e)) 5K 8 (a) WXt Le, vl LIA H L E
A TARGFRY 3 SRR B 5 IR B/ | 3K 72 1
TR IZ 5% 22 46 1 TR 2 R B U i R iy kit . 3
ot 5 HAW T 200 e, v LATE I B Y, A5 3C DC-CNN
(B 8(f)) iR s b  fe KRR B 58 i T %t
FEOCIE GRS, MIAER 8 (d) i BB EA A
Mgz () AR AR B EAEY 7807 12, S BUHIN EDG
TR 1Y 2 A5 B AR IBUT AT 53 IR ZE RS

(d) DC-CNN (e) SNN (f) DC-CNN

(no data expansion)

B8 Indian Pines 56 7 kAg 454
Fig.8 Results of classification for Indian Pines dataset

((a)ground truth; (b)2D-CNN; (¢)3D-CNN; (d) DC-CNN( no data expansion) ; (e)SNN; () DC-CNN)

% 2 Indian Pines 5 ¢ it iE &

HEBHBEESERBE

Table 2 Classification accuracy of Indian Pines hyperspectral remote sensing image dataset

XTI S SR IE /0

e o Ve smpr s 8 RS

2 HEABE IR kA SDACNN 3ADLCNN DC-CNN (.no data SN DC-CNN

expansion )

Alfalfa 46 5 41 93.47 95. 65 97.83 97.83 97.83
Corn-notill 1428 143 1285 69. 38 95.73 87.75 96.92  98.46
Cornmintill 830 83 747 94. 58 87.35 93.73 96.27 97.23
Corn 237 24 213 70. 89 97.47 94.94 99.58  100.0
Grass-pasture 483 49 434 31.47 95. 65 97.52 96.48  98.14
Grass-trees 730 73 657 95.34 99. 59 99. 45 99.73  99.32
Grass-pasture-mowed 28 3 25 96.43 78.57 96. 43 96.43  96.43
Hay-windrowed 478 48 430 96. 65 98.33 95.61 99.80  100.0
Oats 20 2 18 95. 00 95. 00 100. 0 100.0  100.0
Soybean-notill 972 98 874 80. 25 91.56 97.53 96.81  99.28
xSoybean-mintill 2 455 246 2 209 96. 54 94.13 94.95 95.76  97.31
Soybean-clean 593 60 533 88.36 89. 88 98. 65 99.16  98.82
Wheat 205 21 184 99.51 99. 51 100. 0 100.0  100.0
Woods 1265 127 1138 99. 05 98. 58 98.34 99.68  98.18
Buildings-Grass-Trees-Drives 386 39 347 95.85 85.23 90. 93 96.89  98.70
Stone-Steel-Towers 93 10 83 100.0 100.0 98.92 98.92  100.0
BRI INEIE OA/% 87.19 94.39 95.22 97.51  98.34
FHIPIANGE AL/ % 89.52 93.06 93.47 96.63  97.88
Kappa 0.8533 0.9360 0.945 6 0.9716 0.981 1
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2D-CNN 3D-CNN AL T A4 2PERE , M XT Alfalfa
FEARLERIR Y SR 73 245 B AN AR B 16 1 W] RS2 FH
FREHEARELDFHWN, B TIEFHENL, 7
Corn ,Hay-windrowed 528 5| Ff BT 235 2 T 100% A9
AYSREIE WAL AR EAL 75, 1 H, DC-CNN J7
PAE R SR NG B T2 40 JKE B R Kappa R4
(B FLAC I . 5 2D-CNN ARG, Ay 2ks R
T 11.15% I RS- R T 8. 36% , Kappa £
BT 0.127 8, SR B A SNN AH EL
SRS KNG SR T 0.83% , PR kG B T
1.25% ,Kappa REHEE T 0.009 5, 7346, i S
23 (A1 AS 45 B BAE Y 50 0  U AN ATZ O FE S
RO IHEIE AT 3. 12% [T A3 ks i A
4. 41% (3T, Kappa RECIAET T 0.035 5, kL5
A5 TSR A T DC-CNN 75 &3 618 ER 4 2 1)
AR KET P, I T HE S 7S () AR e B B
I E IR W REN LSS
2.3.2 Pavia University Bpte

K9 JE7R T Pavia University ZE 42 /) b 36 52
1 L B R) B VEAE Pavia University 55 T 14328
SERA AT G HOG B AP FR AR an 2 3
o () HEI9(b) [ 9(c) H5E 9(e) BIXS

Y

PRl AT ML i, 1 9 (b) (FE 9 () R 9 (e) #E
AW BRI IE TEVF 200 BRI HIREL B
SYREER A 9 () i s (T fin P, A W i
“BERTILR AT RD R T R R R,
X UL TE Pavia University B AE A0 HoAh 42
75, DC-CNN J5 A BEIORS i 1) 20 26 M B, JF HL
HIPE 9 (d) 51 9 (f) BT EL T 1, 76 A M 2% %5 [f]
A DR 0 7 R IR 0 i S S XA Y
IIEVEREAT BT E T, X — W HRAIE 1 HE & 2 0] A8 e
BB Y 57 R AT b, B3R 3, % Grav-
el .Bare Soil 1 Bitumen 5% fh 28 X 43 5 i B S8 1)
MR s 45 T LUE 1, DC-CNN A 4 Le
75 2 5 Y 3 SN B, X 2 R DC-CNN 5 R TR
FESS G B CIE MR 1) 23 S5 RRAIE , S T S A 1Y
25, T H, AR SCH X} Pavia University 504 £ 43
KRS ARG BEIA B T 99.63% , L SNN Jr k4
1 3.43% , It DC-CNN(no data expansion) $&& T
5.36% ; FISrJAEREIRE T 99. 59% |, L SNN Jr ik
#5517 4.20% , b DC-CNN(no data expansion ) 2/
1 5.43% ;Kappa REGAF T 0.995 1, kb SNN Jyik
$EET70.033 5,k DC-CNN( no data expansion ) $2 /5
70.070 7, #ETF 2D-CNN #1 3D-CNN, 4~ 3 )5 1%
PEFFTE IS 2, AR O e A B O AR A 2R
(R T R ey | A S5 A0 Bl ol 5 12 A 5 o v 295
B 2 ERE

(b) 2D-CNN (c) 3D-CNN

(a) Hufi FLAA A

(d) DC-CNN (e) SNN
(no data expansion)

(f) DC-CNN

€19  Pavia University 5 G RGN ) 75 12 B0 43 2845 31
Fig.9 The results of classification for Pavia University datasets

((a)ground turth; (h)2D-CNN; (¢)3D-CNN; (d) DC-CNN(no data expansion) ;(e) SNN; (f) DC-CNN)
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#& 3 Pavia University & JtiiE 3

Table 3 Classification accuracy of hyperspectral remote sensing image dataset of Pavia University

X W v 4y MG B/ %
5 FEAR S IIERREA  MlRREAR Jbin ap.eny PCCNN (.no data o Deenn
expansion )

Asphalt 6 631 664 5967 96. 55 94. 12 98. 40 96.02  99.89
Meadows 18 649 1 865 16 784 82.72 97.58 95. 87 98.32  99.62
Gravel 2 099 210 1889 65. 51 65. 13 73.56 85.56  98.19
Trees 3 064 307 2757 98. 47 95. 40 94.97 96.17  99.97
Painted metal sheels 1345 135 1210 100.0 99. 11 100.0 100.0  100.0
Bare Soil 5029 503 4526 97. 40 77.85 92.01 94.45  99.88
Bitumen 1330 133 1197 95. 41 82.03 88. 65 90.60  98.57
Self-Blocking Bricks 3 682 369 3313 58. 80 88.92 91.77 94.24  99.59
Shadows 947 95 852 99.26 97.89 99.26 98.94  100.0
SRS ZEHEE 0A/% 86.12 91.80 94,27 96.20  99.63
X IHNE R AA/% 87.88 92.01 94.16 95.39  99.59
Kappa 0.8203  0.890 6 0.924 4 0.9596 0.995 1

x4 BEEINZEEITLE

Table 4 Comparison of training time of each algorithm

/h
Tk Indian Pines  Pavia University
2D-CNN 1.2 1.5
3D-CNN 1.8 2.5
o date xparsion) '
SNN 6 7
DC-CNN 12.5 16.5

x5 BEZWKEE

Table 5 Test time comparison of each algorithm

/s
Tk Indian Pines  Pavia University
2D-CNN 2. 64 5.2
3D-CNN 331 7 s
ooty exprsiony 1 .2
SNN 24.63 31.97
DC-CNN 9. 24 12. 84

B R T RAOCR
2.3.4 AR RZEON S5 5200

TEDR B R 2 W 28 A v 5 FRUZ AR 80k 2
—NEESH, S HEE AR 2R YERE .
E Ui I A B 28 0 28 1A [ B0 A B FRUZE A 20
X G R A PE BRI B2, 7E Indian Pines %
PEEEFN Pavia University B4 0 5347 7 A
Ko B PUZ M S8, BEBRITEA 6] B AR HN X e
JCHEFIGR 32 BRI SRS FE BT 2 I AN ] 10 B
o HIEN 10 AT, S B RZEUNT 5 1), Sk 2k
s R Bt A REUZ B 14 nni ks RS BURBON 5
BRI R BB B e M, B FREEOR T 5 1
SR ZERE I B2 T 38 X A4 Y St B Al

#r Indian Pines dataset <> Pavia University dataset

= 0.995F 0.991 —0.99%
R 0.990F ' 4
£ 0.98510.981 0% 0ow
& 0.980} ¢ 0.977 0.975
3 09750972 |

3 4 > 6

BRUZEL
B0 B BUZEON AL R

Fig. 10

Influence of convolution layers on classification results
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