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BEBEHM_EERXH CNN S HIEE GRS

AW, KB, KEE, RE, B

B LR RAE, HIH 450001

HE: HRMAMZ CNN (Convolutional Neural Networks) FAT 58 K ARFAESREUEE F1, W H T8 615 G RFE
FEWURAT T RAFBIRCR , XUE 1 CNN AR REAS 73 512 Ui D6 3% RS A G ISR AR A 23 [ 4R AE, IFSE B TR R A9 Tk
MR . R —{HAILBP (Local Binary Patterns) J2&— R i S{EAT LA 25 M AR AEA IR 7, AEAEIRAR CNN 4F
MESR I 1 IS S Ay SR B o O T S840 T CNN B RRAE S BAE ) S LBP ARAE R0 BE /1, $2 H — b 0L 18
CNN I LBP HIZ5 & 1 B B 7 2 ik, 15, SRA 1 4ECNN (1D-CNN) AR Ah B I 4 i 3 SO HR BOR 2
JEHEAFAE,  [RIRER TS5 — 4> 1D-CNN A8 gk B LBP 45 AE X4 o — 2 P2 OO 2 25 AR, SRS, R 1> CNIN A28
WA R R AT R, LR E B RE A AR ELE , IR R E R A R 2R 2 h i K. SR
R, Z I LT Indian Pines U4 . Pavia University 304 & Salinas 4 I B 4% 73 51 HLAS 98.54% . 99.73% .
99.56% M 4TSRERE , B AR A FREUE AN ZRRE AR S5 1F N L BE U e B A 28388
REWE: B, LSRG, 22K, BRREM%, WEY, R AR
SIS BRAEER, RIBAD, ISR, BREE , 40 .2020. BX & B EB ZE A CNN St E R 43 2 B REF 3], 24(8) : 1000-1009
Wei X P, Yu X C, Zhang P Q, Zhi L and Yang F. 2020. CNN with local binary patterns for hyperspectral images
classification. Journal of Remote Sensing ( Chinese),24(8) : 1000-1009[ DOI: 10.11834/jrs.20208333 ]

1 5 7

G R B B OGS o B, BEE 3R
Bow Y W2 ek i 2, 1520y a2 Witk
JCHERFAE , T2 @ 7y n R BE T, mokis
PR 73 2R A v 't 1 2 S PR 0 1 1) o 22 07 T
T &) I B TAEROR A . FREE NI . A
HE a4l 55403 (Bioucas—Dias %5, 2013), Hufs
TREFCR . R, TRk R AR S 20
2D SE 1, o AR SO <8 I B ) 55 54 14 AH
Kk, EOLIE R RATF R Z IR

PG, G fa) DA A2 2% PG 25 48 v 48 ORI 51 R A
K G AR Sy S R WF S XE o AR5 R e T ]
180 2877 1R ik T 2 AR e i) R A S O %
UUES-S S 21P1% RS SV i S S = 4 ST o g
AR A e DA OIG1% 25 1] i BOH 301 B8 g B 9 )RR AIE
SR, T2 2Rz DGR S5 1, =i G
TR AR PSSt A AR Rk R AR SR TS ik
2R A, ROT A, BRI A

i HHA: 2018-08-14; FIENZA: 2018-11-07
HEWB . e B RHEHOHRIT H (455 : 152102210014)
FE—1EEEN:

A AT AL AL

e GG R AR [ ) 5 e TR s S &R
SR DG F BB L IR 2. ol
T G ) B i 4R TR TR A 4 AR L L
AR FUAH T A 2R S, AE R RS ORI 73 28 i 2
o A 25 ) AE R BE B8 A AR AR o3 28 1 AN E
P, REEHEE (Plaza 55, 2009) ., A 4E
1IE MP (Morphological Profiles) BEMEIA T £ Fp %y
BB H A R R BUAR 1 25 (A5 B, (Pesaresi il
Benediktsson, 2001) . {&& 4 J5k CK (Composite
Kernel, ) FIJ OG5 4FAEF1 25 [ HREAE 53 591 31550 A ]
(A% pR B2 IR G A%, WREA R DG — =5 [A]
FHIE 26 (Li%E, 2013). 34, HhRml KEEHLY
MRF (Markov Random Fields ) 3 i X 4] 4R 73 25 4%
REATIRAEH, A= EE R, ARy
Hgh B (Moser Fll Serpico, 2013), #RIMj, X7y
BAFERAIE TR B . 2 AR 22 S B, N REA SudR
E RS fER (Shudf, 2018),

JHH A EFE X LBP  (Local Binary Pattern) &

BUAEYE 1991 A28 B oA, TE9E 05 o i IR R AL B 5 43 M. E-mail : 13526635671@163.com
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— MR A U SR B R BT, M T A
J: R B S By RIS T RAF R RCR (k32 A0
TR, 2015; BARIEEARLL, 2016). LBPHIT
1o G G 23 B R B B A S A A T AR 471
BOR, WA EE (2017) i x4 S RO
% SR LBP $2 0 2s R AE R FH AR i 267
SRR AU S FRIE AT A0 28, BEE A AdR
TN . LBP SRS M R S WL & g
RO TE R AR S A MR R Y 45 S (HRER 5%,
2018). 534h, ¥ LBPIRELHIFREH T2, 1153
Wi TR 2 RIMER , 5 MRF KM% & 5855 )5 Ab
H SR W 245 A A BB A A0 B T — 4% (R RRAIE 43 2
(YeZ§, 2017; Jia%%, 2018).

VAR, TR EE A7 ) GE Al H o3 J2 2 ST HE SR e R
MR AR SR O U TR A ROR . HEAREU A
it 2% SAE (Stack Autoencoder) FIVRE B 5 M 4%
DBN (Deep Belief Network) x5 F &1 i &4
I 1% — 23 18] FF AE 42 BUAT 40 28 (Chen %, 2014,
2015), {HFG 208 3 du B i 4y 1 4k g A1) i
PR T AERGEE . BRMZMYE (CNN) @it imA
AL MG PR AL, BRI A AR AR LM —2s 1)
FEAE (Chen 5§, 2016), XL iE CNN (DC-CNN)
(Dual—channel CNN) A5 71 J&— Ff 43 51| $2 BO'G 1k 4
ik B2 28 [V RRAE 09 773, A 1 4E CNN (1D-CNN)
1248 CNN (2D-CNN) 43 54 BOR 2 G ik R ik Al
UR)Z 25 ARAE , AU RCER T BHG T R AE 1
HS2E T 6 3% RRAE N 2 8] R A A9 D ok gl &
(Zhangg‘fp , 2017),

LBP £ U AR i A By F M ae 1, 5
CNN 25 & BE 0% Ul 4% CNN 45 AFE 42 BUA JE /1 (Chen
&, 2017), AT 340 FIH CNN BYRRIE$E BCRE 77 Fil
LBP $2IURFE A GE ), ASCHRE T —Fi NG 1
CNN 5 LBPMZ5 & B o eig g ik, & X
“}j LBP Dual-Channel CNN, LBP-DC-CNN, J&#f
EUEE 1 1D-CNN S BURZ R RRE, LBP 42
I FRRAE 0 5 1D-CNN $F— 25 HRHUOR J2 25 (R REAIE
FEE BRI 2, SCIIRZ i R e
FNRJZ 25 MR G, e B A Rk S A )
R E S EDCIE R 4325, i 5 SVM,
CNN. 2D-CNN. LBP-1D-CNN K DC-CNN %7 %
15 3 H DT A EEAT 4020 ik, SeiiEAs 3¢
FEVETF B A, X e TSR i 5 43 2k
J&E KA RIE U GRRE A LT 108 BE AR A .

2 HEAREE

21 BEH-—E#ERXLBP

LBP & — A 2011 Ja 3 4% (B RRAE E 2 50
B, HA AR A, SHME—F
B G ERE (x.,y,), TOBRER (x,,y,) 5 H 8B
BEISEEIT R R B]— A P (HES,
FE UK LBP, Hoh A6 FRIR A 8 7 i il £
T

LBP(x,..y,) = > S(i, = i,)2" (1)

X, L RN DR R (v, y,) KM, i, Famh
DR E PN R ZF K . LBP B il i % £
] B (1 B AR B ELA AR, BIARHAT I PR R
SR BBAB B — IR AR
:1,x>0 @)

0, x<0

B R 8 4RI LBP IR R, 1 (a) 45
T3x3EH, ABBURFRIKEEE S TR K
ZH, WRKTFEM N, BT, 153 (HE,
H R i Al 489 & (LBP), = 10011100, &1 (¢)
S RS I g AR, A 2 T R RS AL R
B, XN A LBP 4w 5% (LBP) = 4+8+16+
128 = 156,

S(x)

87 | 75 | 126 o[ o |1 1| 2| 4

99 | 95 | 141 1 1 8 16

o1 | 91 | 100 o[ o |1 32 | 64 | 128
(a) KEEIA (b) A% (c) Zifi s

(a) Gray-scale map (b) Binary value set (¢) Code set

El1  LBPiHRH
Fig.1 Example of LBP calculation

LBP i i AU F R 3R S AR R R A K
ZEA R, A 256 M, e T AN [l A S AR X
5, LBP i bR B AP AT — 53R 0 K (e
S50 LBP gk, 22 EJ7 geit n] LIS 2181142 59 LBP
L7 R PR A SRy o 2 TR o
2.2 CNN#&RH

CNN A5 7R 38 3o X 15 3R 9 A Bk 47 45 R
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WAL e, SRR IR 2R E . b i TR
CNN RN T 2 4EEME, eGSR T
TGS 7 2 KB MEE R, 51k T CNN
A (R AF 5 48

ID-CNN 5 2D-CNN S A H AR [R], 32X
SE T RS R A AL PR E RO 4ERE , 1D-CNN #Y4:
FZd N 1 458 (Hu%, 2015), 145k
WAVEH T 1 4E e B, THRAR T

H-1

v =S Y ki + by A3)
m h=0

K, o, BB 25 A FRAEE AL S 2 A
F ) RBTERE K, RN U2 B E
hALRIE, ZEREE L — 25 A5 m S RRE
A% ; HFREPRNKEE; b, IRE, 14546
TR Il B4 S HE G0 P 2 T

B2 4GB b R R

Fig.2 Illustration of one~dimensional convolutional filters

T A2 R A Tt A4 VR 4 P 240 it AR A R b
AR, EEMRAEERZZE, EHTEH
JZ B BRRAE AT, AT DA INRRAE T A RS, i

CONV-ReLU CONV-ReLU
T, CONV :
2m@a

r. m@a

|

r
I-l- CONV-ReLU CONV-ReLU ™

e

—_—>

CEP r r m@a N 2m@a
'm

SRR . SRR W S O R AR 1] 5 40 K
AFIPRZH, SEMor Iiat .

2.3 ETFLBP-DC-CNN I iLE &2

%5 LBP-DC-CNN [ & GG EHR 4328 F 24
15 3945 JELAR MBI AT 1 D-CNN AR 4 O
JECTERFE, LBP SR RHAE A FH 1D-CNN #5281
— IR IOER 2 A5 [AVRRAE % 42 795 ) CNIN AR (1 4
AR )Z IR G 58 U328 . 1D-CNN R A4
PN BRE—A 28R (M ERE 2 7E
3270 F), W 3R, 1D-CNN AL 4h B P 4
EREAMGIT (B W 14ERER &, 1882
WEmANFKNRa BB, F2MERRRE2m
MNKNK a BT, REEZERE n, WAE
T ) A 2 53 I R TR R G AR AR R J2 28 )
fiE, EREPAMRRL ) 435 B R SOARE L A, PR
FilL A RRAE A 3 Softmax 73282 P e AP

ReLU pRECAE A 45 B2 BTG R AL, RS o
L5t 1 Sigmoid . Tanh 55 0 pRECZS 5 Hh B0 )32
T 2 In) i, T LW s B Bt (Krizhevsky 55,
2012) . HEEALROLAL PR BCR T Adam PRI, REASHK
U b At ke Al o O Ak K R 4 2 TR G B0 Ak B )
(Kingma fll Ba, 2014). Softmax PREVE R0 229
S RRBCA EIP R . SRR R AP AR AN .
WM, EBRUZ T 3 x 3 K/N LA 1 BERS
AR IF R H (Simonyan Hl Zisserman, 2014),
PR B UL RN R 3. BRERIERAE K R 1,
AEfE R rl BER R B A (5 B, EERENK
BERE R 128,

Spectral features .
~~ Spectral-spatial

RelU =~ _ features
T »
n Mg
%
Mo
ke ]
N
\ ‘
>
~
-
>
-
-
- - P
< P
\ | ~
ReLU ) / Softmax
—_— ; ’4
n \\ 7 F o
. b v
Spatial features

3 LBP-DC-CNN J5UH/R 2 ]
Fig.3 Illustration of LBP—-DC~CNN classification method
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3 SRAURS

3.1 SCIHE

R T BAEA SO A B AR, R34
o G MG E A T S0 IE S 5 . SER R TE PC AL L
SCHf, BC B M Intel Core i7-4720HQ @ 2.6 GHz,
Nvidia GeForce GTX 965M #i1 16 GB N 7 - Indian
Pines $3 J2 i 55 [ AVIRIS 54206 1% 1S8R B A BNV EFS
G PGICTREAR X A S, G K /N 14515 x
145143, ZBRARTRM )L B I 3 200 4~ B, &
G 16 351, 165050 5 bk B SRR AR B
B, AR 9K (Li%E, 2017), 5E
55 rp I SR AR I R AR 1 B R TR
Pavia University £ /2 H 7 5] ROSIS BGOSR
L) B RRIMA AR R~ R, SRR /N 610 15 3 x
34018 K, FBRAKIRWMCE B s 3 103 P B, 25 (]
SPHER 13 m, FERIAT 935y, HAIZRREAR A
MEAFEARFCR UL 2 17K o Salinas $4 & FH AVIRIS
FAG I 1 AR IR in 1 4 JE IE M Salinas L1 45 11X
BT A GG R, RN S 128 R 21715 %
F AP I B 5 A6 AT 204 AN BE, A5 [a) A R
3.7 mo EURH I A 16 2588, I ZRAe AR
IRFEARFCE A3 3 FiR .

%1 Indian Pines #iEH RS

Table 1 Number of samples used in Indian Pines

R Z) WZRbEA  MHAEEA
1 Corn—notill 200 1228
2 Corn—mintill 200 630
3 Grass—pasture 200 283
4 Grass—trees 200 530
5 Hay-windowed 200 278
6 Soybean—notill 200 772
7 Soybean-mintill 200 2255
8 Soybean—clean 200 393
9 Woods 200 1065

Js¥il 1800 7434

32 MEEEFS

7 CNN BRI A 1R 2 F B M 28 240, RERR
FHSE BRI PERE, LN e ) 3, BRI,
W28 SR B . 27 2 FRBBAE T SE B 1) 4 4 ad R Wi
SE S, AR RROCR . RIECS AT, TR
S255 oK Indian Pines 8045 . Pavia University £40i &

Salinas 4 X 1 (1) CNN AR [y 2% 2] 253551 1 B R
0.001. 0.01 }20.001,
%2 Pavia University $lER AR E 2

Table 2 Number of samples used in Pavia University

F s el PlEREZN IREA
1 Asphalt 200 6431
2 Meadows 200 18449
3 Gravel 200 1899
4 Trees 200 2864
5 Sheets 200 1145
6 Bare Soil 200 4829
7 Bitumen 200 1130
8 Bricks 200 3482
9 Shadows 200 747

A 1800 40976

R3 Salinas $iBEHEAHKE

Table 3 Number of samples used in Salinas

P eyl WZRREA A
1 Brocoli _weeds_1 200 1809
2 Brocoli_weeds_2 200 3526
3 Fallow 200 1776
4 Fallow_rough_plow 200 1194
5 Fallow_smooth 200 2478
6 Stubble 200 3759
7 Celery 200 3379
8 Grapes_untrained 200 11071
9 Soil_vinyard_develop 200 6003
10 Corn_senesced_weeds 200 3078
11 Lettuce_romaine_4wk 200 868
12 Lettuce_romaine_5wk 200 1727
13 Lettuce_romaine_6wk 200 716
14 Lettuce_romaine_7wk 200 870
15 Vinyard_untrained 200 7068
16 Vinyard_vertical_trellis 200 1607

pEvil 3200 50929

(1) BRZHE . B B 05 R
EXTEALERE R S, B CRRE T ERZE
Bt RRIE P B RORE B E 1D-CNN BT 40 75
WAERZE . IR KM Z R A2z,
SR 1 D BRZEREEE 4. 8. 16, 32
PR SR R, 3 AR I o e g SR sk 4 B
N, RPIHECF SRR BB . R 4P LR
L A R B8 B X 4 S B 5 ) O AN R, PR A
S5 R 43 9 EE X Indian Pines 504 . Pavia University
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Bl K Salinas B8 %F 0 ) CNN REHY, J3-591] 35 8 H:
B BREMETZEE N 16, 8F116,
R4 FRERGHMBHOSEBE

Table 4 Overall accuracies of different conv filters

1%
. BB
s
4 8 16 32
IN 98.32 98.20 98.35 98.33
PU 98.92 99.09 99.02 98.74
SA 98.63 98.82 98.89 98.67

s LB F 8 B EERS )2, IN (Indian Pines) , PU (Pavia Univer-
sity), SA(Salinas) .

(2) PIZJRE YA [F] A 28 JZ 00 73
JOR RN, B SEBOE 3 BN I RORRL S 1 45
RIEWEPRER ), 70N Z 8083, 5.
7. QMBI PRGN, BRb s — 2 R 4nide
FJZAN, BRIh B RR AR S, 345
P o R EER N5 fron . NSRS HalLIE L,
THIZPE G T oy i BURE BETH R ), B
W2 SRR S, oy SR B e TR, I X
Indian Pines #(#ii . Pavia University 504 ) Salinas %
3 X 07 B9 CNN A, o3 3l 1 P 48 J2 0 3.
313,

x5 AENEZERBTEEE

Table 5 Overall accuracies of different network depth

1%
EE =
Bt
3 5 7 9
IN 98.46 98.35 98.17 97.88
PU 99.21 99.09 97.59 96.33
SA 99.16 98.89 98.32 97.18

e I R R S HEARS L IN (Indian Pines) , PU (Pavia Univer-
sity), SA(Salinas)

(3) SR RMACSE o d5cJ5 D3t 5 R v Ak 2 % 43
KK RS20, X} W Indian Pines 50 §i& . Pavia
University Z045 2 Salinas Z45 i) CNN 55784 g o 26 2
B, B RZEPREEE I N 16, 8116,
W28 R HIS Ry 3 It I 48 A R i Al 5 e R
HCIEXS IR E R . SEERE RN 6 i, 3R
PO T Ron AR . WTUUE L, A SRR
WAL Z B CNN AU RE RS 4 = 70 KGRI LBP-
DC-CNN H 1D-CNN Y 2544 g A4 BUZ Hl—
MR

®6 BEARKBUEHNDLBE

Table 6 Overall accuracies with or without max pooling layer

1%
Bl R YN A P SN
N 98.46 98.54
PU 99.21 99.73
SA 99.16 99.56

e I R Rt AERS 2 L IN (Indian Pines) , PU (Pavia Univer-
sity), SA(Salinas) .

33 ZBERSHH

N T L PEH LBP-DC—-CNN J7 32 1 43 2 1
fit, ¥ LBP-DC-CNN 5 Z 4432 kb 174t L,
L8 R L (SVM) 4325288, 2R ] RBF & bR
B, JFREAZ S FEET R e 9 R 2 A 16,
CNN A (Hu%, 2015) LA K 2D-CNN #5480 o f
SR, o 2D-CNN T g ACAT R KN
WE A 9x9, R T 5 IE NG B CNN AR AU G 41 35
¥ 3T LBP 5 1D-CNN [ 20 K ik E M X He, 1
LBP-1D-CNN. [Alff, 4 T 3k LBP 42 BURAIE 1Y
FISEE S, DC-CNN (Zhang %5, 2017) HLiHVEXS
k. RSB T, Bl greA
O34 R 200, P HE R R AN HL) 19 53 2K
T ARG OA (Overall Accuracy) , MUK EERT LA
P I 43 2 108 b 3 A AR %) 5 R R ok A A AR
B S, AR E BN AR o

FTeT—FR PN T 3 21 5200 B 1) o JORs E
A N F AT s E, ATUA
LBP-DC-CNN [ 53 0GB 2L W 10 AL T X Lo 5 v
WX AT, AT DU A S

(1) LBP-DC-CNN J5 ¥ g% U5 [t LBP-CNN
FIDC-CNN B = 9 20 0 B2, UEW] T CNN AU 1Y
FRAE 42 BURE 7 A LBP 42 BURRAE (9 2 50 6E 1 . LBP-
DC-CNN J7 % . DC-CNN J ik 8K o i,
B 7 LBP $E B ERAE H 2D-CNN $ B 25 18] R AE
FAPEH; LBP-DC-CNN J5 ¥ F LBP-CNN J5 %43
FAERE T R, SOAIE T OBGE IE CNN ALY ) A Pk

(2) LBP-DC-CNN J5 ¥ i) S 485 B2 W A T
AN He T 2 ) RARORS BE o &P X Indian Pines %
P, LBP-DC-CNN (1) S A0KS B 15 21 98.54% , A Lt
DC—-CNN #5 2%, #HH LBP-CNN #2555 4%; £ Xf
Pavia University (4%, LBP-DC-CNN [ 2L 4K i 15
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$199.73%, #HE DC-CNN#&75 1%, #H LBP-CNN
L9 4% ; 15T Salinas 3 , LBP-DC—CNN 1) E 44
K B35 3 99.56%, AH L DC-CNN 2 5 2%, #H It

R9 Salinas iR R KM 5 RIEER DHAEE
Table 9 Class—specific accuracy and overall accuracy of

the Salinas data

. 1%
LBP-CNN $2& 5%
e e S 2D- LBP- DC- LBP-DC-
%7 Indian Pines #iF 8 Eih ¥ 5> KIEER SEAEE o ‘ CNN CNN CNN  CNN
Table 7 Class—specific accuracy and overall accuracy of Brocoli
the Indian Pines data 1 weeds. 1 99.60 97.34 99.80 99.70 98.16  100.0
1% Brocoli_
2 100.0 99.29 98.04 98.52 99.25  99.30
2D- IBP- DC-  LBP- weeds_2
J¥%5 2l SVM CNN
CNN CNN CNN DC-CNN 3 Fallow 99.65 96.51 98.58 100.0 99.69  100.0
Corn— Fallow_
1 83.61 78.58 80.18 90.89 97.06 98.53 4 99.64 99.66 100.0 99.86 99.57 99.93
notill rough_plow
Corn— Fallow_
2 87.23 8523 91.56 97.22 96.63  98.43 5 98.39 96.97 99.51 9791 9537  99.81
mintill smooth
Grass— 6 Stubble ~ 99.70 99.60 99.97 97.32 100.0  100.0
3 98.34 9575 99.37 95.85 95.65 100.0
pasture 7 Celery 99.72 99.49 99.11 96.14 97.51  99.69
Grass— Grapes_
4 99.73 99.81 99.17 98.76 99.86 97.95 8 . 84.38 72.25 76.80 82.15 9232  98.70
trees untrained
Hay- Soil_vinyard_
5 X 100.0 99.64 100.0 100.0 100.0 100.0 9 99.65 97.53 99.60 98.31 99.77  99.98
windowed develop
Soybean— Corn_senesced_
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9494 9542 9527 96.62 97.13 96.63 12 . 99.95 100.0 100.0 97.24 99.95 100.0
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3 L e
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U ML B R 14 MM o088 9505 9935 97.10 9925 99.53
romaine_7wk
%8 Pavia University $liF 2R HREER BEBEE Vinyard
Table 8 Class—specific accuracy and overall accuracy of 15 untrained 7439 76.83 90.81 98.25 98.25  99.52
the Pavia University data Vinvard
myard_
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Gravel  85.04 85.88 9456 97.42 99.29  99.52
Trees  96.64 97.24 98.75 89.55 98.83  99.80
Sheets  99.78 99.91 100.0 99.70 100.0  100.0
Bare Soil 94.89 96.41 95.16 99.22 96.84  100.0
Bitumen 95.19 93.62 97.06 99.32 9992  99.69
Bricks 8536 87.45 9236 97.55 9948  99.83
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OA 90.62 9227 9482 9592 98.74  99.73
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Fig.4 Thematic maps resulting from classification for Indian Pines dataset
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Fig.5 Thematic maps resulting from classification for Pavia University dataset
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Fig.6 Thematic maps resulting from classification for Salinas data
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Fig.7 Classification accuracy with different number of training samples per class
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Table 10 Training and testing times for different methods
/s

2D~ LBP- DC- LBP-
CNN CNN CNN  DC-CNN
HER 113.7 257.5 955.4 868.3 1545.8

A% 2% CNN

IN
i 0.46 0.72 1.66 1.59 4.63
Y 102.1 2363 5924  519.6  708.67
PU
HANEY 1.03 2.34 5.14 426 13.46
Y 378.6 77878 16534 14392  2381.5
SA

A 7.67 15.98 26.56 21.05 34.68

7 : IN (Indian Pines), PU (Pavia University) , SA(Salinas) o
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CNN with local binary patterns for hyperspectral images classification

WEI Xiangpo,YU Xuchu,ZHANG Pengqiang,ZHI Lu,YANG Fan

Information Engineering University, Zhengzhou 450001, China

Abstract: The classification of hyperspectral image remains a challenging task because of the complexity of spectral and spatial structures,

high dimensionality, and strong correlation between adjacent bands. The combination of spatial and spectral information can provide

significant advantage in terms of reducing the uncertainty of the samples because the same object has different spectrums and objects with
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the same spectrum in a hyperspectral image. The Local Binary Pattern (LBP) has also been introduced for spatial-domain feature extraction
and classification of hyperspectral images as a simple but powerful texture descriptor. More recently, deep learning has been proven to be a
preferable way to extract nonlinear high-level features because of its hierarchical learning framework. The combination of LBP features and
the CNNs can lessen the workload of CNNs because of the discrimination capacity of LBP features. In this paper, a novel classification
method combining DC - CNN and LBP features, called LBP Dual-Channel CNN (LBP - DC - CNN), is proposed.

In LBP - DC - CNN, original hyperspectral data and LBP features are processed in a DC - CNN framework. On the one hand, original
hyperspectral data is fed into a 1D - CNN model to extract original spectral features. On the other hand, LBP features are fed into an
identical D - CNN model to extract hierarchical spatial features further. Next, the fully connected layers of the two 1D - CNN models in the
DC - CNN framework is concatenated into a fused layer, thus completing the fusion of spectral features and spatial features. Finally, the
fused layer is fed into a softmax layer to conduct classification.

Result: Experiments were conducted on the Indian Pines dataset, Pavia University dataset, and Salinas dataset to verify the performance
of LBP - DC - CNN compared with conventional methods. The results are as follows:

(1) The OAs of LBP - DC - CNN are better than those of LBP -~ CNN and DC - CNN, which validate the feature extraction capacity
of the CNNs and the advantage of LBP features. LBP - DC - CNN provides better accuracy than that of DC - CNN, which is an advantage
of LBP features compared with the spatial features extracted by 2D - CNN model. In addition, the accuracy of LBP - DC — CNN is better
than that of LBP - CNN, which validates the reasonability and discriminative power of the dual-channel CNN framework.

(2) The OA of LBP - DC - CNN is apparently superior to those of compared methods, which makes DC - CNN and LBP features
advantageous. For the Indian Pines data, LBP - DC - CNN (i.e., 98.54 %) yields approximately 2% higher accuracy than the DC - CNN (i.
e., 96.68%)and approximately 4% higher accuracy than the LBP - CNN (i.e., 94.74 %). For the University of Pavia data, LBP - DC - CNN
(i.e., 99.73 %) yields approximately 1 % higher accuracy than the DC - CNN (i.e., 98.74 %) and approximately 4 % higher accuracy than the
LBP-CNN (i.e., 95.92 %). For the Salinas data, LBP - DC - CNN (i.e., 99.56 %) yields approximately 2 % higher accuracy than the DC -
CNN (i.e., 97.33 %) and approximately 5 % higher accuracy than the LBP - CNN (i.e., 94.52%).

(3) LBP - DC - CNN can improve the class-specific accuracy of some ground materials, such as Corn-notill and Soybean-mintill in the
Indian Pines data, Asphalt and Bricks in the University of Pavia data, and Grapes_untrained and Vinyard untrained in the Salinas data. LBP
features aremore discriminative than spatial features extracted by 2D - CNN.

Key words: remote sensing, hyperspectral image, classification, CNN, deep learning, LBP
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