Computer Science and Application HEHLAIS 5 M, 2021, 11(10), 2568-2578 Hans Xl
Published Online October 2021 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.1110260

ETWEERSREN/PMERSIBRE R X

REHK
KRB B, BRPG P%

ks H . 20214F9H22H; FHAHEM: 20214F10821H; KA HM: 202145104 28H

B

EGEBREGTSAEEENRREIER, N TERGERG K FEIFRIANRE LS 2= [ KR
YARAE DL R BHME R R SR, BE T —MIEERSEMNEG K. ATBREGRERIRE
TAEEEKR. AR, NTEMEERFRFREEESENE, BHA—MERNT T FIHERS
ST (PCAYKT R 4B (Ml Bk AT e 4, DUHREHRIITAR, NIEERIMEEEES: N TREREE
SIMGHIFEITGE S, XURH T —FXGEER A, SRR —MEE TR (T—ES5HHEER),
AR TR S B, HEIXCEER T, ARTEARNARESRER, RENEKREE. 5,
HEEAT ZEHNELE SRS LT RELY, EMEEABERT, 2XEESHEE T796.55%-
98.77%- 99.31%. SRERH, CHRBHIEFERMBET TRE.

X 5#iR)

BIRAEHE, ROLERE, HAT R, BE¥S

Small Sample Hyperspectral Image
Classification Based on Dual-Channel
Mixed Model

Huimin Zhang

School of Science, Chang’an University, Xi’an Shaanxi

Received: Sep. 22", 2021; accepted: Oct. 21%, 2021; published: Oct. 28", 2021

Abstract

Hyperspectral remote sensing image contains rich information of land surface classification, and
the rapidly increasing development of machine learning makes it an effective method to obtain
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land surface classification. Due to the difficulty and high cost of sample calibration of remote
sensing images, in order to improve the spectral classification effect in the case of small samples, a
sample expansion method is proposed; Principal component analysis (PCA) is used to reduce the
dimension of high-dimensional spectral vector to eliminate data redundancy and prepare data for
deep learning. In order to improve the learning ability of the deep learning network, a second-order
two-channel hybrid model is proposed, in which the features of the current layer and the previous
layer determine the features of the next layer together, which is conducive to the transmission of
feature information. The design of dual channel is also good for the implantation of different convo-
lution techniques, which can improve the flexibility of the network. Finally, numerical experiments
are carried out on three widely used hyperspectral datasets, in which the classification accuracy
achieves 96.55%, 98.77% and 99.31% respectively in the case of small samples. The results show
that the proposed algorithm can effectively improve the accuracy.
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1. 518

BEE A IR TR IR, mo IR B R ER BT, T S AR SN . O TR &N TT
THI PR 5 2R, W 9 e i@ B oy R AR e v BB S5 [I, wh 22 P 4 IR s R 2, 3455 R 4 I 25 (CNIN)
WFFCEAS TARR D, CNN 2 35 B RN A, R TIEH A s rtEgE. CNN
FE R GG RE IR A R TT TR I TR Kk fe .

Li S AN[15IN T TR R YO B am AR, R B2 I HE 21 HSI 7328, Song S A[2]38H T
— PR FERFIER & N 2%, Cheng 48 A [3]ff ] CNN #8447 HSI 4325, JET 2D-CNN [4]f#] HSI 732K Al
I A BHREECE DG B IRHE, v DARISAH U KA R, (Aad — R E N2 B0 E B XK.
Chen %5 A\ {87 3D-CNN IR FERFESREGIEAT HSI 43 25[5]. Zhong S5 A $& H T AT 2 ) 5k 22 ) 45 1 Bk 22
i H A U E B A A Z4EBRZR 6] otk EdE ES AR EREE . AN R A0 1 = 4R R N g ik
PR [T FEH GG 2% [ FRAE

I Fang 25 \[8]51 N 1 TR FE WA 75 M4 WX 4% K 4R X HSI HR1E . Feng FE T CNN [ E G 16 2 2 25 18
TR IE R A AR AS 18 580 1) =5 3 R E SR B 2 B 07 [9]. Dong 28 NG5 AR FE 23] 3R T —Fh I TR E 245
25 - RIS A [10]. A T AR HSI D5 5, Fang 28 AR T IE =4ER 48 5| A
JEEE AL, BRI AE AR B AE /1[11]. RoyDd Z5E[12]4 H 1 — 13k 3131 ' 4% 18] s 45 Rk 25 2
SIHESE, Je I H ) T0 FAS BRAR 1 73 SR EE T RAAE LS AR AE RO X I R RSN SR R RS 2 o Safari 5 N 456
ANTAI CNN M AN R 2 2] 28 1] - i AE[13] - Swalpa 25452 Hi —Ff = 4k — 4k & 54 W 2% (HybridSN),
RSN =4GR G 4B B — DR B S i RHE, 8 SEIR IR TR A B M TE skl
Y IIE J1[14].

Feng %5 [ 1514 AN RIS I ZRREAR AT 7 RERISER, RICUFEARS= DB, CNN B8 R IR
WWo N TAPVIMEARIFE, Chen 28 AAEHHES H )AL 4% (SAEYE AL ARbRIC AL A AT 0 Ha B R Tt
g5, SRJEN CRRIC IR AT I B oA . Lu 22 N[16]15 H B I&E R TR ZRMN— AT RFE R EE AR5 M
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Figure 1. Image expansion data rotation diagram
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Peth 17— P T AR 22 I 2% 1) v R R EUR 4y KT, 1 TR R RIS — MUl T VR A AR Y
HEATSZEL, AR A 5]\ T =45 R (3D-CNN) A1 45 F1% (2D-CNN), 3D-CNN A I =415 2
(REST, HAPANERE sl gE, HAb—4E0uiE, AT DASRICS B (0 RRE, L ReA RO IS
SHRHE. T 3D-CNN 4%, SECIZE XM, T2 7 3D-CNN 1 2D-CNN @& 8, H 2
I T SESE M S BU AT RN . O T ORI R B RIE, AEM SR B T A,
Y BT ERHEAN T ERAE S F 2 N — 2 I0RIE . BE IR 7 — AN 5 3, FI R XOGEE 1) BT
W2 1 RyG 1, RIS 28 B F A R AR RE 7T 47A B BTHD IR, WE T —FhSUB IE IR A A
(Second Order Two Channel Hybrid Model, SOTC-HM) 1l 2 fiizw, 245 ) LL7E 43 ) FH i A0 25 (AR AL
B ML e v, DL K AT REREFE .

BT R EYEA R RCETE R A AL, R B4R S i BUR P E N BN N, 1 e
3D-CNN BT 2 REBE A HFE S >, AR5 H F 2D-CNN #4725 [0 {5 B . LRt BILEds 6 )2,
343D B, 14 2D BRZ, 2 Mk R, Horh 282605 Dropout J2 17 1B 004, i 5 Softmax
JRAERGE, E B B — AN 2% 73 3, AT A7 0 28 1) S Il A5 % ST S 3O A A3, TR R

BN
flatt flatten
\%%m> ajg%:%%ﬁ
conv l
flatten flatten ftm:
2D N j%ﬁ@sw label

Figure 2. Schematic diagram of second order dual channel hybrid model
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Figure 3. Network structure diagram
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Table 1. Experimental simulation platform construction
#* 1 XWHETFEEE

Experiment Platform Value
System Frame Tensorflow 1.4
Compile Environment Window 10
Program Language Python 3.7
GPU GTX1080Ti
System Storage 16GB
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Figure 4. Flow chart of deep learning
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TR B EATRAAE SR, FE(E A PCA Jiik PR ER 4 . fEA KRG EIURIIATIR T, R aH
ARG, 2425t EIE S & =99% LA_L, Xt Indian Pines %3 B# 31 30 N4k . Salinas AT University
of Pavia [% ] 15 MM4E .

i1-F Indian Pines [{)#5 € FEAS B & H¢ Salinas A1 University of Pavia /b, {EfRE =FhEda 4 1) Zhkf A
FHAE ST, I HANZRREARG S P & B R S 103000, 43 ik B Bk = Fh s S e A S 401 5%,
1%. 1%1ENIIZRFEA

KH=FE R € BB A RAUR, RIEAKSFE (Overall Accuracy, OA). ~F-35# % (Average
Accuracy, AA)F1 Kappa Z4.

M
TR
OA=—E )
(TR +FN;)
i=1
1M TP
AA=—. ! 3
M ETFHFNi )
M
Kappa = ,Pe = 4)
1-Pe N*N

Forp TR ACRMER VS 1 B0 IREAANE, PN ARERES T 2R IR A A AERA TR A2, MARER
BRI EL  FRAREAE 55 1 N SRAIEBRBINER | AL N ACRITA TSR

X478 25 R R AN JEOR (K K AR [ (K R 28 R AT 2%, Indian Pines %i#i, RHJ 15 x 15 x 30
gy Es, G SWMIBIRERIHAT NG, IGRICRINZE 2 Fios:

Table 2. Indian Pines data training effect comparison table
2 2. Indian Pines HiE ISR TELF

Data AA (%) OA (%) Kappa (%)
Original data set 87.8680 95.8406 95.2439
After expansion 90.5249 96.5801 96.0953

£ University of Pavia #4541, K 15*15*15 7 #Id, 1 H 1% EHR £ M7 IR, g8
% 3 Fin:

Table 3. University of Pavia data training effect comparison table
5% 3. University of Pavia #3B IR XTEL R

Data AA (%) OA (%) Kappa (%)
Original data set 94.7756 97.0908 96.1336
After expansion 99.1977 98.9214 98.7990

M7 2. & 3 Fon, BURY R EA BEMCR, WEMIRE TS E, DU RS I
B R,

% SE56 K FH (1) 773249 2D-CNN [3]+ 3D-CNN [4]. HybridSN A4 H (7R A 17 SOTC-HM 347X EE
Forh 2D-CNN. 3D-CNN A7 ) 28 45 #4521 HybridSN A58 s 5 FUZ 4E 5000 B el 2D B R 3D B
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M 4 24 e] LLEH], £ Indian Pines #4824, $2 tH TR AR BUAE R T A A ST 43 RS B B4k vy
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Figure 5. Indian Pines comparison of data accuracy
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Figure 6. University of Pavia comparison of data accuracy
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Figure 7. Salinas comparison of data accuracy

[& 7. Salinas B & B EXTEE

Indian Pines A 16 2%, University of Pavia 5 9 2%, Salinas & 16 25, #IEC FEWLLES], $#2HK

SOTC-HM A E T Hofth S0 A6/ MRE A b R S K000 3%, AT AT M

Table 4. Comparison of classical network accuracy of Indian pins data
Fz 4. Indian Pines # 1B & B M4EAE B XTEL

Indian Pines 2D-CNN 3D-CNN HybridSN SOTC-HM
AA (%) 73.9981 82.3635 83.5736 90.5209
OA (%) 88.6105 91.3012 94.3617 96.5595
Kappa (%) 86.9445 90.0459 93.5597 96.0718
Table 5. Comparison of classical network accuracy of University of Pavia data
%% 5. University of Pavia {14 B/ 4815 E XTLE
University of Pavia 2D-CNN 3D-CNN HybridSN SOTC-HM
AA (%) 92.0839 91.2662 94.4864 97.2008
OA (%) 96.0353 95.7354 96.1203 98.7721
Kappa (%) 94.7262 94.3079 94.8603 98.3711
Table 6. Comparison of classical network accuracy of Salinas data
5z 6. Salinas ${iEL B4R HE B XTLL
Salinas 2D-CNN 3D-CNN HybridSN SOTC-HM
AA (%) 97.7907 97.6182 97.9027 99.4081
OA (%) 96.9545 97.1337 97.2699 99.3114
Kappa (%) 96.6046 96.8092 96.9564 99.2330

] 8~10 A% Indian Pines. Salinas. University of Pavia = M8 &4k 7 fd B & AME R A5 3 1) 43 2

4R
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Figure 8. Classification results of Indian Pines: (a) Ground truth; (b) 2D-CNN; (c) 3D-CN; (d) HybridSN; (e) SOTC-HM
8. Indian Pines 4> 2845 R [E: (a) Ground truth; (b) 2D-CNN; (c) 3D-CNN; (d) HybridSN; (e) SOTC-HM

(a) (b) (c) (d) (e)
Figure 9. Classification results of PaviaU: (a) Ground truth; (b) 2D-CNN; (c) 3D-CNN; (d) HybridSN; (e)
SOTC-HM

[E] 9. PaviaU BY4> 2845 R & : (a) Ground truth; (b) 2D-CNN; (c) 3D-CNNj; (d) HybridSN; (e) SOTC-HM

(@) (b) (© (d) (e)
Figure 10. Classification results of Salinas: (a) Ground truth; (b) 2D-CNN; (c) 3D-CNN; (d) HybridSN; (e)
SOTC-HM
10. Salinas BY4T K5 R B : () Ground truth; (b) 2D-CNN; (c) 3D-CNN; (d) HybridSN; (e)
SOTC-HM
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