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FE RN T M OAL 58 = ik B R 25 07 0 B AR LT 8 AR o B R iR TR A R & ik AR B ) R,
ARSI —Fh 3T £ 4k F I 17 % A2 R 4% (multidimensional parallel convolutional neural net-
work, 3D-2D-1D PCNN) (¥ & 6 i B /3 25 ko & 58 % 50 36 R AS ) 4 3 46 AR 48 ) 4% (con-
volutional neural network, CNND #2 B ) 3% BIF A5 B 1 25 55 RFAE | 25 AVRRAE KOG 1 FR A 2 )5
KT AT EBIZ G A G R W% 5 R AE 25 [ R A 6 3 R fE AT R R Al & s e e - 8 T 4 M
A3 AR RO BR G B HEATRE W4 28 . AR SCRT 4R O B OR ACRT DR B O g B R T TR IR E R
25 [B) 5 AE A 3 RRAE 5 B, S [R) B BB % 5 % 1 B R OR [R) 4 B 0 R AE SR AT A N IE B AR . 7 In-
dian Pines, Pavia Center il Pavia University 3 4§ 52 b X} A SC 809 Fl 4 Fh A& 48 8803 JE 47 X6 LE 32 56, 2%
RFW A SO B R G R A JORE B4 B BT 99. 21026 ,99. 75550 1 99.770% .
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Research on remote sensing image classification method based on
multi-dimensional features
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Abstract ; In order to solve the problems of low accuracy,high computational cost and failure to make full
use of space spectrum information of traditional hyperspectral image classification methods,a hyperspec-
tral image classification method based on multi-dimensional parallel convolution neural network (3D-2D-
1D PCNN) is proposed in this paper. Firstly, the algorithm uses different dimensions of convolutional
neural network (CNN) to extract the spatial spectral features, spatial features and spectral features of
hyperspectral image information. Then,the same parallel convolution layer is used to fuse the combined
spatial spectral features,spatial features and spectral features. Finally, hyperspectral image information is
accurately classified by linear classifier. The proposed method can not only extract the deeper spatial and
spectral feature information in hyperspectral images,but also fuse the features of different dimensions of
spectral images to reduce the computational cost. Comparative experiments are carried out on Indian
Pines,Pavia Center and Pavia University data sets. The results show that the proposed algorithm obtains
the optimal results,and the classification accuracy reaches 99. 210% ,99. 755% and 99. 770% respective-
ly.
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B A T B R o B SO T R O E
R EL 28 BRI S I . R O 1 R
AR SR I R O ik AR B AR L D 3% 22 0y B B B bR X
S D AR N | PO i I SN = 3|
B, mGIE RS AT W A YOG S B R A
[N =S R P2 ) S E e o (9 RN 1 R 11 i)
RERI T AR,

H A X 't 3% 2 8 R R 0y 4 B 7 v A
5O B 2 R A 25T L AR AR T R A A A
TN AE b i R RS A 2 R O IR AR b B
AN IO 3 A B = PR S R el i D e
—AMRER B ME — AR AL TR ROk R R
SR 5% o R BCA A 8 S0 B A R, 1 A5 R AR 48
SBCHTfim PR e . 8T AR R 0 BRI 5 R A RR B9 AR g
FEAS S 1Ry 615 18 8 R 43 S5 9K T I R Pk R

TEm G ER i Xy BB B, F iz Y
T3 A I 0 bR R R R A Mk R AR (R X
2o Ay 2 gn Y [R]85 %) 77 4E Hughes 81
G, BT R — B4, CAMPS SR 42 T X
¥ 1) & L (support vector machine, SVM) f J5 i .
X — Bk BE 05 A RO A ] Hughes BLZ 197 4, A
W h Z JE AR K — Bemf [ 70 280 FEm ik, H
SVM B3 43 5K BE I, T ik g 3 52 B vy 3 —
[B) A R B 2 ) TR A5 B T A R i o, H b i R
I A B 2 4 LA & W 4% (convolutional neural net-
work, CNN) ,

CNN H B JZ 454, 7] Ly JZ 48 IO 2 3 &
A R R 2 R B REAE T 5 R AR R DG T . W UL Y KR
T CNN 8 i 5 06 1% 70 26 773 - 1D CNN $i B[
5Ot 1% 15 B, 2D CNN 48 B K % =5 W] {5 B, 3D
CNN fie i 3 o 0t 1% 15 B2 5 2 py$e i, HU
U S 1D CNN M F 42 B o 3% B2 1
T AR AR AR XF SVM BRI F B A 0 1 KA
B M Z T, CHEN 2120 4di F§ AutoEncoder
BB Ok AR E . HU A CHEN i H (%) 75 15 X
R TOEE E R B OIS E B 2 T AR 1 =S ]
518 . MAKANTASIS % T —FhOopr i 2 T
WREE2 2 0 J5 6 % 7 % 2D CNN 5 £ 2 & 50
HLAHZE & I 2D CNN $2 B EHE 25 [0l {5 B
Z A BMBLIE AT 4 2. LT N4 — Fh R 4
TAE: An] 1 b PR 5 Ak B ) B R AR 25 S s R
MM 2% (3D CNN)HESE L 1% 75 75 38 it = 48 5 TR
e ver O T R 0 63 AR SR 2 8] 4F B A AR
G BARA RO & T AR B BB T A
A .

[l

WHI - B W 20224 33k

BEXF LA B 43 2EOKG B IC T 55 R AR = 1 ) A
EATRE T AR T, HE S0 —f 2 R
BE = 4R B & R M2 K 45 (multiscale 3D depth
convolution neural network, M3D DCNN) £ &l , 1%
AU B A% LA ity 21 ity 1) X 3 JR TR 4% b 4R OGS
AR R 25 (0] RE AT 8 R0 A RS Aok iR A
KGR, B U 3D CNN #F 40 il — X
BT IK — 45 BORBEALE B A . KA
ARAETOT PO S T I HLH B 3D-2D CNN 5
s SR R R AL X S i AR E AT R 4 A B
ZJE A 3D CNN 4 B 2s i B¢ A 5 B fRLH 2D
CNN 222> G 8 Z 3 2 09 25 [0 {5 85 1% 07 2 [
3D CNN M b, 76 O 45 o0 0 BE 9 S il LR T
TR A . DL by vk BOAR F 4 2ORG BE AR R a2 B
AN B ) BB R AT T A R R L (EAR SR A A 2 )
. 22 R 3D CNN LA 4 42 B0 850 % ok 12 /1 40 2%
K 5 B 20 20 3D CNN % g B =5 -3 5 B4 &% ft
BT EZ VLM 3D-2D CNN %A 743 % &
I3 AR B

R T P B a8, A SC R IR 4T 3D-2D-1D
CNN B, B\ xBE kM7 EBRZE R —
YE R UGB UM = k3 R 4R 0 O 3 &
15 89 63 FRAE | 25 8] R AF R 25 -3 4R AE s 2 5, PRI
FIFH 347 6 B2 8 42 BURY 2 4 B R AE 0F A7 Al A
B 38 o 2Rk A 28 R i ot 0 AR 2k AT A 26
R R T B ROR W IR TR R O
T R ) 7S T BORDGIE S B IR E 2B
2 EXFiE
2.1 347 3D-2D-1D CNN 4513

ASCHE AT 3D-2D-1D CNN BEA 4 &l 1 fr
71 TE B AR 5 o 3D-CNN [A) 25 42 B 2= 8] #16
TERRME . 2D-CNN 42 i 9 il 4 %5 8] R iE . 1D-CNN
E— 2 R BOCTERFAE, 7o M T m ok Eg £
AR SR IDRT A IS

3D CNN &7 mLig s r kv iz F = 46 1%
HEAT & BUIE AL, [ BE 8 W) B 4R IR A 3R A R
AT AR B B AR AR B 3D CNN X 25 -4 B
A5 BRI SRl L oK R 2 KA AT 0 =4 B
TR Ry 4 M — B BT RS
FUE BB, AR 53k A X 2 R 3D CNINEY 34

s 15 i A S IS B BOB IR S HXW X C, —
AL RJE 3D CNN Z &R NECN N, A5
BB RN R SXSX S A ik 2 RE 3D CNN 4
MR RN BRI EN LK KN 1,5k
FH B 70 5 W il 45 5 47 45 4 h — A 4 U 1) i A i
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s R/ NARSE XS T — A2 U 3D CNN 4544 i
T —WE BB I A E Q W=l (D).

Q = HXWXCXSXSXSXN, (D)

#MAEAE L2 AT S5 M B, e 7R R R G 3 I
P M AR AL R 3 i Q. inali(2) .

Q =LXHXWXCXSXSXSXN, (2

ik AR SCHE A 94T 3D-2D-1D CNN A& B 43 22
AT e D =B o D 4B 0y A
— Y BT (E A N=n, +n, +ny) , W] HAE R 83155
7 Q, = (3):

Q= mQ, +n,Q; + n;Qs (3)
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S AR IR T = e U T A Q=
LXHXW X CXSXSX S, — 4 BUE 7 iy i+ 4 it
Q =LXHXWXCXSXS, i BUa 5 it 51 it
Q=LXHXWXCXS, M1y 3D-2D-1D CNN #
5% R 3D CNN Bt P st (4)

Qs n1Q1 +ans +n3Q6 .

Q LXHXWXCXSXSXSXN

n X SXS+n, XS+ n;
SXSXN
A A ATE n,=n,=n,=1,S=3,0] P=0.48., H
WAL UL A SR H ) R B R A B 2 R 3D CNIN
BERL 53 8 R

P =

, 4
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Fig. 1 Diagram of parallel 3D-2D-1D CNN structure
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ARSCIW 2% ARSI 2 PR % W 4 E R
3D CNN, 347 3D-2D-1D CNN, Dropout JZF Linear
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PG F, e R X F, i ] =4 B 215
B F', RS 3805 B ) 4 B 3 1R 1R e A5 i 16
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Dropout 2, fie 5 i i Linear 43 254815 28] 70 245 1
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Fig.2 Overall network structure
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3 KWHEERIZIE

3.1 LHIE

A % B Indian Pines, Pavia Center FlI Pavia
University3 AN JF I 04 5 ' 1% Hodh 5 00 A SO 2 #E 17
03 5

Indian Pines ¥ 4 02 & 5 1 T 8 )6 3% B 15 20

WHI - B W 20224 33k

F I AE I 5L . T 1992 45 R AL T M 4L 4h i
JCIEAXOS 5 [ B AR 22 0 M1 — PR B RE A B 0 AT A
1%, BERK/NR 145X 145 pixel , JHIE L HEH 3. 2 X
3.2 km , K8 Bl 0. 4—2.5pm, %5 8] 53 HE RN
20 m, HAT 200 AOGTEAT £, T 2ALHE R O ARAR A
B RN A FH A 16 Ff AN [R] 9 Mo 9 3 & Indian Pines
Hn ORI 5 B S E B A .

(b)

BE 3 Indian Pines 5§ ¥}iE %% :(a) ¥ E; (b) EXEEE

Fig. 3 Indian Pines hyperspectral image: (a) False color map; (b) Real feature information map

Pavia Center il Pavia University (#E 4 1 RO-
SIS 2 J 45 3K W, 41 46 T 00 2 W v Lo R iE 48 3 K 2
WHOH T RO S 26 . Hd, Pavia Center &6
TR AR B BB R /N 1096 X 715 pixel, 25 [ 43 B
A 1.3 m, BAT 102 A6kl B, 2 a6 % T K

(a) (b)

FIR A5 9 i AN 7] 1) b4 s Pavia University /8 J6 i 44
P R M MR R /N A 610 X340 pixel, 25 (0] 73 HEF N 1.
3 m, BA 103 MG 80, EEAHE R AR AR
BEE O Fh RN EI B Y. & 4 S5 Pavia Center Fil
Pavia University £ 4if £ 09 e % KBl 5 & 5E b ) 17

(c)

4 Pavia Center #1 Pavia University &5 i€ 5 1% : (a) (b)Pavia Center % El; (c)(d) Pavia University B 32 {5 2 &

Fig. 4 Pavia Center and Pavia University hyperspectral image: (a) (b) False color map of Pavia Center;

(¢)(d) Real feature information map of Pavia University

JSNEI
3.2 gz

7R SZ B SRS B (overall accuracy, OA) 3
Y945 B (average accuracy, AA) fl Kappa ZRE/E ]y 4y
KRG BEVEM bR . Hodh OA 89 IE #4325 19 28 1%
JUECS B R TT A BN LU AR s AA $8 8 — 2 rp
TEW 73 28 AR T S e S8 R 0T B B LU (B Y 1

{H ;s Kappa REUE—F L], KR BRI 43245 R 5
56 A BEML A 23 2 45 B 7 A R el g b, HEE (—
1<<Kappa<1) B R 75 73 M B MUy . AR 9256 1 45
RS A i A O RsF (batch_size) Sy 7 X7, 3l|
GAEAR SRR LBy 3 0 7, F RUITZREE 5
Cepoch) % 150, KIS0 45 B 7 HUAY 2 £ 2% 5T %
0.01, AP A S ETE Windows10 #:4E R 48 T 58
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B A# ) visdom #E AT W, {8 I U8 IR B 2% ) HE 42
Pytorch,

P BRI EE 1A 3 e B BUZ 2 A IFAT 3D-
2D-1D B LR G R 3 Fh Al B (0 46 B 22 I 4% 72
SRR = B E B . Hb B4R 4T 3D-2D-1D
BRI 1A 3 4B LA 2 BB 2 4 1
BRI . 3 BRI SE hy 3 X3 X3, FR2s 1]
RSF R 3 X3 0635 R 352 4EB U RS 5 X
5:2 A 14 B RS 5 7 R 11, R A 2 A4
126 B 202 R T 4 UA [] 8% 32 7 (1 06 1% R A1E
i o 2SR .

4 LWHERMES S
T Sl AR SCHE th 7 i 1 AT 0
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2L MU VL AT R LG, o 4 SVML, 2D CNN, 3D
CNN firZ R 3D CNN, 785256 i & o, 45 Fp 5 i
R B S BRI R e flp o

Indian Pines,Pavia Center Fil Pavia University
BARER SRR R 1 PR, NRPal LUE B A
SCHEH B IEAT 3D-2D-1D CNN FE fiF 51 H 1) 83k
He RS, Ay R E r aE BT 99, 2100, 99.
755%.99. 770% . 7£ Indian Pines %{ #2 4 v, 2D
CNN R A3 SVM A5 R T4 K 3 B 42 T 78 49
WEBT T CNN Sk 78 St il @ B R o 28 i L 34
3D CNN #i# 2D CNN £ F+4 o &, £ 7+ T 5.
784 %0, MR TE B A B AR B R ER o S B A
HEAEM . ARSI 17 3D-2D-1D CNN 4 #4
3D CNN A 3. 001 %6 () $2 FF . 3 W AR SCHE S ) A5 A

% 1 Indian Pines Pavia Center 1 Pavia University {38 &£ L+ E (%)

Tab.1 Classification accuracy of Indian Pines,Pavia Center and Pavia University datasets( % )

Method Index Indian Pines Pavia Center Pavia University
OA 67.693 98. 105 83. 646
SVM AA 51. 331 93. 455 71.233
KAPPA 62. 187 97. 334 77.479
OA 90. 425 98. 956 95.702
2D CNN AA 91.194 98. 711 97. 311
KAPPA 89.132 98.497 94. 378
OA 96. 209 99.073 96. 200
3D CNN AA 97.562 98. 867 98. 289
KAPPA 95. 689 98.713 95.010
OA 98. 244 99. 498 99. 652
Wuliscale AA 97. 954 98. 989 99. 388
KAPPA 96. 431 98.993 99.021
OA 99.210 99.755 99.770
spanmalel o AA 98. 850 99. 547 99.703
KAPPA 98. 931 99. 687 99.611

B T 0 43 2E0KG B R 47 145 S PR R

Pavia Center il Pavia University ${ 4§ 4& 7F &1
CNN A58 e i) 53 20K BE AR i 2 ad 20 A At 258
T2 R A A 3K S RO A R AR B S A ) 2
] A9 O3 A5 S 2 W) Y 22 S, DRI B A% B A0 K
RSN R R B/ S Bl b 2 T R O N
Hi) B9 53 2588 2 L % LA Indian Pines ZUH 5 & F
O3 KT BE R X LA TR B 2 [) 22 5% . Indian
Pines B 4ff 45 45 — Fh b ) 76 A 7] 3500k 1 0 23 280K5 B2
Mk 2 pims.

AR AR ) I 47 3D-2D-1D CNN % &I 7£ Indian
Pines B ffs 4 b 0970 2005 BE A T HABRI AL, B T Al-

falfa LLAb Al 3 9 1) 43 26 K5 BE 3438 8 9740 KA |
Grass pasture moved 1 Oats 7£ 3D CNN, £ R 3D
CNN FJf47 3D-2D-1D CNN 43 2005 B #3558 1
100% . 1l 7 SVM FI 2D CNN 1 43 25 B 41K, U 1
X P b ) S A A SN B H B A B O 1R
K Ee 5 R s A A A BT R A
1E Stone steel towers H1,3D CNN #1347 3D CNN
Or SRS BEAL T A SCH R Y 947 3D-2D-1D CNINL 43 #r
Ji PR 2 32 M ) 1) O 3 15 A X S TRIE R ES L AR
Pt A0 BR 0 B 22 R A ] — M DG IE (S BRI
R s ()45 B A9 2D CNN i 825 8] 5 & /9 3D
CNN A FAb T 45 3, die 2 45 23 SRS B AR X 40588
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TR SE I B » B 0 3 1) =22 1) Ol 38 5 AE 22 S T A2 L 950 00
Wy 2 1) 28 (e P AIE 2 S BT A o % 2 ) 4 ik W A
HHy, 3D CNN HAT L35 % F 638 51 B 2 i 4y

ASCHE W B B B R
K5 R T A [ 5 35 46 Indian Pines 1 3% 48
RUArZRgE B  NE R ] DUE AR SCIR A9 Bk i

# 2 Indian Pines IR E TR H LIEE (%)

Tab. 2 Classification accuracy of different features in Indian pines dataset( % )

SVM 2D CNN 3D NN Mtiscale - Parallel 51 2D
Alfalfa 0 96.9 96. 8 100 95.7
Corn notill 56.5 91.7 97.7 99.0 99.0
Corn mintill 54.3 85.8 91.3 95.0 99.8
Corn 23.6  94.1 93.6 98.7 97.9
Grass pasture 53.8 94.3 97.4 99.4 98.3
Grass trees 84.8 97.6 99.7 100 100
Grass pasture moved 0 80. 0 100 100 100
Hay windrowed 91.2 100 99.7 100 100
Oats 0 86.7 100 100 100
Soybean notill 63.6  86.9 95.9 98.2 98. 4
Soybean mintill 69.7 89.0 96. 6 96. 8 99.6
Soybean clean 33.4  87.4 96.7 97.8 98. 0
Wheat 87 98. 6 100 100 100
Woods 85.8  96.4 99.8 99. 4 100
Buildings grass trees drives 26.7 75.3 94. 3 98.7 97.2
Stone steel towers 90.9  98.4 98. 4 100 97.8

M PR B T HS YK, X F 3D
CNN F13£47 3D CNN #E#, A% SVM A1 2D CNN
BT, W o 9 /D, A3 2K BE O (R o AE B A A 4 25 kG
JE AR 3 43 CIEL A A 38 4 ) o T AR SC 4 s ) 5
17 3D-2D-1D CNN B BUA 2 b BEAR T 3 38 43 16 43 28
K B o e A o NG B A T 4 v

BERIRT 150 YR 26 A v i S0 43 2K B AL 2k
LR PNIE 6 Firsn . DN H AT DL B A R AR SOk
W SR B, FE 8AR 15 Uk 22 A7 Bt o B S mT s E1) 90 % LA

(b)

o Ul i, A TES 50 IAEA ME 130 KA
A A A7 o) R e i 5 Bl R R Ok B S

N Tt AU WA SO B SR B A K 3
B H T A% B AR A TR K030 4R o A I 2 ek ] R 3 i
], AR LU A SO kA X 3D CNN 7 42
1o 73 SN JEE B [R5 3z 47 I [i] B A AN 72 5 A X 2 U
3D CNN 7E73 JEHE BE $12 w5 A [ I R R B AIR T 3 53 Al
AR RORTE .
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(d)
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B 5 Indian Pines HIEERFEZ DKL R (a) EELEEE; (b) SVM; (c) 2D CNN;
(d) 3D CNN; (e) M3D DCNN; (f) 3D-2D-1D PCNN
Fig. 5 Classification results of different algorithms in Indian pines dataset: (a) Real ground map; (b) SVM; (c¢) 2D CNN;
(d) 3D CNN; (e) M3D DCNN; (f) 3D-2D-1D PCNN

1.0
0.9 80
0.8 60
S
£ 07 2 40
3 3
< 0.6
20
0.5 L
0.4 0
0 20 40 60 80 100 120 140 0 2k 4k 6k 8k
Epochs Iterations
(a) (b)
B 6 Indian Pines B &7 150 R IER P M A LB EMIRELE: (a) BFHE; (b) ik
Fig. 6 Classification accuracy and loss graph in the first 150 iterations
of the Indian Pines dataset: (a) Accuracy; (b) Loss
3 BHEEERBEEIZE EFNK R E (s)
Tab.3 Training time and test time of each data set with different algorithms(s)
< . . Multiscale 3D Parallel 3D-2D-
SVM 2D CNN 3D CNN CNN 1D CNN
. . Train/s 5.32 108. 17 253.20 462. 44 231.21
Indian Pines
Test/s 1. 36 3. 60 10.72 11.17 6. 20
. Train/s 36.55 809.11 1872.85 3420.97 1735. 04
Pavia Center
Test/s 48. 74 70.63 119. 32 20. 00 111. 44
Pavia Train/s 13.75 230. 94 541. 17 987. 44 483. 42
University Test/s 20. 86 25.78 42.95 47, 44 44,02
5 & SO G AT XY E L 5 55 A H 0
A\ E

B XS A% G v Ol 1 2 2 PR Bk O SRS B AR
SRS i RN BE 58 20 A T AR 25 38 45 B 0 ) B, R
SCEEH T I4T 3D-2D-1D CNN KR, G246 B g it &
HEHE CNN 7870 F) ) B8 251505 B 7R3 = 0 26 0
B[R] I A AR T i S A . A 3l i Indian
Pines,Pavia Center fll Pavia University & 8% 7

O EAE OALAA fil Kappa 3 N IFM 48 b5 F B HUES
TR AR 3 A BAE AR 1 43 2OKG B 43 )3k B
T 99.210%.99. 755 % 1 99. 770 %,

A SCEIRGE R T 53 KGR AR T B8 A e 1 )
L AE SR VA i R R O i e R PRR BOHE TC A 1Y )
F2 T ORI & T T R RS e A 1 O vk LB Ot
s R T U AR ER 4y AE S RS R A B AR
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