2020 1 A Wl K2R RAF 0O Jan. 2020
BT 1 Journal of Sichuan University (Natural Science Edition) Vol. 57 No. 1

doi: 10. 3969/j. issn. 0490-6756. 2020. 01. 014

ZERARMEHRHEEMERNTHIEE G E

A S L
(L RWREHRE AL {5 B T A H % . 1 2013065
2. WA KA FUR A B, WA 944100)

W OE AdelERE s R PR ENSE AR RE AT S ERmREER
JEFa PUAT AL B 0 B B AR AY 22 W B AL 3 B B A A R IR AL PR 0 A R AR AR AR AR ).
ZHFBEME BN RIS E AR i A ST AT TR AT R 4
RE B AR B G A RIERESEARMAN A EEREE . AR EHETRIN%E
AT S R R RS B 2 B B Y, RIS R B AR R IR AR IR o k. B,
KA W5 Rtk B AL AT 3T 547, VA Pavia University 2038 & A 4], £ 3 600 A~ 44t
AELT MK E A 1 800 MEA, KX ik E#E A 90.23%, LeNet-5 E# % 4 87.94%,
Linear-SVM E# % 4 90. 00% 5 4 21 000 A DI kAR A LT, MK 4R A A3 AR, K XU ik B
#FEH 97.23% ,LeNet-5 SE# A4 96. 64% , Linear-SVM E# % 4 92.40%. 34 % &9,
ENGESEDELT AL T HE TRAVE RN L, LA IR RIS AE, F B 45 E EFe
T A LAl T ARG R P B SRk A R AT SVM k. £ RALEEDI 4R 4R B,
AXFiEFIE RIFO LT Ao £ E LK T LeNet-5. KL 89 5 & B3R B dm ) 4%
LM IR T AT AR KA ARG 5 5T AR ) R R R ALABE KN AR AR i 09 SVM e — R 89 IR JE
5 3 W 2 B ALA A FUR Bk B AR P 60 B AR S0 R I RAE 8 R R B R AL
KPR SERE: ERWEML; IHQII; 5% FRBFIE; § &R s
hESES. P37 X HERFRIRES . A XERS . 0190-6756(2020)01-0103-10
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Abstract: To solve the problems on high nonlinearity in spectral features in hyperspectral image classifi-
cation, a classification algorithm, based on multi-layer perceptron convolutional layer and batch normali-
zation layer improved convolutional neural network in spectral domain processing, is proposed to im-
prove the nonlinear feature extraction ability. By constructing a seven-layer network structure, the algo-
rithm implements a multi-layer local sensing structure, analyzes the spectral information pixel by pixel,
distinguishes the spectral information of different targets, takes the full spectrum segment set as input,

discards the spatial information, and uses the momentum gradient descent training. The algorithm trains
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multi-layer local perceptual convolutional neural networks to realize the extraction and classification of
spectral features of different target objects. In the experiment, two sets of hyperspectral remote sensing
images are used for comparative analysis. Taking the Pavia University data set as an example, in the
case of 3 600 training samples, the test set is 1 800 samples, the accuracy of the proposed method is
90. 23% and the accuracy of the LeNet-5 and Linear-SVM method are 87. 94 % and 90. 00% respectively.
In the case of 21 000 training samples, the test set is all samples, the accuracy is 97. 23%, 96. 64% and
92. 40% respectively for the proposed method, LeNet-5 and Linear-SVM method. The experimental re-
sults show that the proposed method is superior to the traditional neural network in the case of small
training set, which can effectively extract the data features, and is superior to SVM algorithm for the
small sample classification in terms of accuracy and computational cost. In the large-scale training set,
this method shows good learning ability and is superior to LeNet-5 in classification accuracy. The multi-
layer local perceptual network structure proposed in this paper enhances the learning ability of nonlinear
features, it can utilize hyperspectral images much more effectively than traditional SVM and general
deep learning networks, both in small sample classification and large sample classification. The spectral
domain information of the pixel-by-pixel point can effectively improve the classification accuracy.

Keywords: Hyperspectral image; Convolutional neural network; Support vector machine; Classification;

Nonlinear feature; Multi-layer local perception
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Fig. 1 Linear convolution layer
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Fig. 3 Typical convolutional neural network structure
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Tab. 1 Multi-layer local perceptual CNN classifier
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Fig. 6  Spectral information of asphalt
road pixels
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Tab. 2 Pavia University hyperspectral dataset
251 K4 TARHEARL YIZREE 1

1 Asphalt 6 631 400
2 Meadows 18 649 400
3 Gravel 2 099 400
4 Trees 3 064 400
5 Painted metal sheets 1 345 400
6 Bare Soil 5029 400
7 Bitumen 1330 400
8 Self-Blocking Bricks 3682 400
9 Shadows 947 400
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YWEEE 1 ERE—KEHBY S P REYLIkZE 400
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(2) SE6 v T 2 A A i e X

MK 1 FEUIZREE 1 BEPLPRE 78 5 IR A
FH R H R Y P BEPL PR 200 MMERER A
FEii 4.

MKER 2 Prfs B R R mifE iR,
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AU Linear-SVM = Fh 5 08 O b, A SCH 65
AT R AL BB KN SR cE I I
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FH A J7 ¥ R 47 Z 84k Linear-SVM Al
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Tab. 3 Salinas hyperspectral dataset

eSSl #4 BERREAKL YIRS 1
1 Brocoli_green_weeds_1 2 009 400
2 Brocoli_green_weeds_22 3726 400
3 Fallow 1976 400
4 Fallow_rough_plow 1394 400
5 Fallow_smooth 2 678 400
6 Stubble 3959 400
7 Celery 3979 400
8 Grapes_untrained 11 271 400
9 Soil_vinyard_develop 6 203 400
10 Corn_senesced_green weeds 3 278 400
11 Lettuce_romaine_4wk 1068 400
12 Lettuce_romaine_ 5wk 1927 400
13 Lettuce_romaine_6wk 916 400
14 Lettuce_romaine_7wk 1070 400
15 Vinyard_untrained 7 268 400
16 Vinyard_vertical_trellis 1 807 400

A R A/ NEA I AR SOT AR T
WO CNN TERSEE A4 B R4 v [ i m fps
THEG OIS 73 26 1Y Linear-SVM J7 ik, A%,
RULH A/ NI ZRRE AT B0 T A8 SO0 5 g
AR T A B 2 W 2% GG K BRE EE. TR
U0 I A SO SR i v 1 A 0 A R PR AR AR 119
FEIAE .

T4 FRBBEEN=MEELERMWRERCNZEE |
FnimiteE 1)
Tab. 4 Three algorithm comparison results test results of

different data sets

Bl | ERT CNN Linear-SVM R
KR/ i/ % KiRg/ %
Pavia University 86. 32 90. 00 90. 23
Salinas 87.21 91. 00 91.52
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Fig. 9 Method training process
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Tab. 5 Performance comparison of each method of training

set 1 and test set 1

WIS YIZRBI) /s WA ] /s KR /%
ARSIy 132. 00 0. 31 90. 23
WA CNN 86. 00 0. 28 86. 34
LeNet-5 61. 00 0. 29 87. 94
KNN(&=7 Fff) 0 31. 42 83. 86
Linear-SVM 11. 15 0. 48 90. 00
RBF-SVM 1,06 3.25 82. 39
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Tab. 6 Performance comparison of each method of training

set 1 and test set 2

ik YRRt /s MEXRTE /s KiRE/ %
AT 180. 06 8. 46 86. 52
Ptk CNN 87.56 6.52 80. 66
LeNet-5 65. 00 4.02 79. 49
Linear-SVM 7.92 5.87 87. 74
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Tab. 7  Overfitting degree for each method of training set 1

i ML 1 MRS 2 FUE ey
Kl /% K /% TR/ %
ARICTT 90. 23 86. 52 4.25
BeikRT CNN 86. 34 80. 66 7.04
LeNet-5 87. 94 79. 49 10. 63
Linear-SVM 90. 00 87. 74 2.57
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Tab. 8 Performance comparison of each method of training

set 2 and test set 2

Jrk YIRS E] /s W ] /s KiRg/ %
AR SCTT 843. 85 8. 29 97.23
Ak CNN 755. 45 7.12 94. 56
LeNet-5 743. 00 4. 26 96. 64
Linear-SVM 452. 94 5. 87 92. 40
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LiG BRI A R . SVM e /NS I 25
BEAS L TS AS N SRt R0 2 AT B R e
(EURFEA I ZR8E 30 K A B ek S it 9F KL
BRI A REIB BB P RORS L. gt A CNN
J7 A LeNet=5 1E/NMIUEIIZRAEA b AREIAE )
UFE P IR RE. TEBRMBEN A BT -
W2 A 36 S ) o SN L. Bt I R ok ] LA
) B L HIATRCRRE. A SO 22 )2 JR) R R
22 0 265 BE MR R BUREAS G T AR » () AL i
HINGRAE B OROK BE RE AT A . M AR SR Y
LeNet-5 VREE24 3 [ £ F1 SVM, 48 SCHE H 1 7 7
TCVRAE/IFEA 73 JERURAEA 3 AR BEAT 8% 12 HURY
fiE o AEXTF G RTY CNN 232828 71 LeNet-5 78K
B BA AW BT

B 11~ 5] 13 R MOTIEAEINZREE 2 V2R T
AN 2 A T R4t

Shadows
Self-Blocking

Bitumen

50 100 150 200 250 300

B 11 Linear-SVM | £ R 92. 40 Y04k 54
Fig. 11 Linear-SVM prediction results 92. 40% accuracy
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