DOI;10.13878/}.cnki. jnuist.2020.01.011

REMA HRAKR

il B 9y 2805 kv b

YEE® A k4R (1965—) , B 3% 1
A SR RN KR AR K
RKAKRFMRE S B wE T RFH L
F15.1986 FAREHFIZEIRRY
I3 HERFLABIT HATE
A A A IAE EIFRREEK A
HA ALK FRERT FAREK,
NEHFESETFRER KHRNEHK
FIAE REGFRT 2 5T AHE A
RARE HFMEGLAE30 3A, 9
ERRFHFZREL T HERFRR
HFL ERNFF LT LR
FTEHR I, EFER A FR
2B 3R @R AE 20 2R, K
RAs A EFREL80 $H.

E-mail : zhangjw@ nuist.edu.cn

Fm B H 2019-07-01
E&WMAB EHEARPEI4(61672293,6167
2291)

1 EARE TRRS: S5l eb, ma,
210044

HE

EdEHTF P, A ERBOARE LA LE TR T ALE A MKEBHL
HIFMR LR A EARARS T OF , GAEBRIECERAT —ARHA
BT £ R A E R R B A 09 4 K o R T A B PO AR R 542 B 49
BB ENET EIIFOERR AL A ST R AERES > £ F AT
)3 K Fe b G RN B EKEER T AL R 6 A T AR X R, B m T
W ILA 0 ISR T ko AR E AR AR B 3E AR T K Sk ST A
IR Ve AT B AR B AR X 2 ¥ LA 7 kit — 3 55 A AR B A AR 1
F I, BT ARBE RS LSO AR B IA G5 RT ER AR
AT R BUE A BB Ty k2R UG T TR B R UM 6 R ) R B 4
£FHEALTE S EHBE LGS EER.
K

Bm ARG B E AR TSR B RS R RRRAS R

FESES p227
XHERFRERD A

0 5§

1 i E4 (Hyperspectral Image , HST) J2& FH 44 28 5 Y615 AR AL
LA MR AT A S 2 A = 4R R, KR MR R & A
EEAARRB R AR R XA S S T2 SRR iR H
BRI R R Al A 7= A i MR 4 28 B MR o
HA— M BIFTE R

OGS MR 73 261 B AR R AR IR R A SRR A P8 19 AR T IR
TRBIGREE T R BA AR W aRE ih 2k, A V8 20 D
TR TR ok T RO MR o 28 AR Dy AT S 1)
HL(Support Vector Machine ,SVM) " Fiii# # 7% 5325 ( Sparse Represen-
tation Classification, SRC) '* 25 WHIBMR K (/02 A 5 2a fF
TR REAERE R SRR D7 2 ORI 21 1O E 4R 2 15 8., R 5 1
FEAS A 25 18] DI, BV ) oA 1) 25 () s S 3 25 S B0 > F2 2 1)
R 1) TR INBYREAS T X LA 20 0H e 4 1) $ 80 2 >0 — > s B Y
GRS X REE A MRS 52) m AR IR IE AL AR 2 3L
OYRBANP AL TS 5 I, X 2 3 G A LR TR 9z A
PEREXELISR T 55 b, [F) — 2 b 32 06 IR s 5 | B2 55 R R A s, HL



90

FETERFIE AN AR ], PRI AS A 15 25 [l 8 1 245
BT M AR A NI R 1) 7 R 25 51

WSCHRT 11 ] T4 Y, HST AR R Y44 AL B B A1 —
RIVE RS TN Y1 F VB A SRS 1 EE.
B8 ISEREAR ] 1 23 [H] S | mT LB AR & Xl
TR AR FE 1A A 3 R R AR R o e
B RPERE IR AL T 05 ) FE i R i AR 2 E TR
TR 2R G A MDOGIEE B A S 2Ky
P SR EE R R RS S (S RS, A Ik
By FEE R S A AR KR &, R s 1S R G
Gy T TR O ORI O R A 2R R
Tk

A SCRE R 2 (DTRG0 A T A
ARG IR HSL 43258 B9 7 Ta 3 HH — 2E35 5]
FELZHIT .

1) BT HST i AH S5 2R 19 2 Tl AR ¢ &
23 () G 3 1T LAY 7 53 S AR R ] 1) 28 [
T 22 RG22 2 591 ] ) 2 (B S 56 2, O LA Itk kg 3
Rl A TASE R Y 43 2 5] 4

2)) 3 3 AN [ (R AR R 4 T vk AR TR) A A 408 5k
D5 2K B D5 %43 o 3 [ AR iR AL T B
T AT B 1 W2

3) FET A Al A B BUAS R BUA T ik oy 3k
TR 53 2507 1 — Ak 2 255 L A T s Ak
PR 43207k = 2 X = 2R 5 AT DR )2 M ik 55
FNIA AR ZEOT7 1, #E3X —FB 5 A S X i A
BIBEPIAT BTN, LR A B &R

4) f i NP A I LR 3 28 0 1 43 il i AT IE
9, G — e Hp HLA AR SR 1 O vk 1 SRR, ko
17045 I Je il ad S ot i kAT g

1 EFZEkEixz1 HSI 73

1.1 2BsEiE Ay = AR B K &

TE ARG, W — A B s ) o A 2
TESEI 4R 3 1) A 7 25 R DA b AR R 114
LIRS T2 [ OC R AR 70 D LU PK

1) FHARAR R AR AR AR S AR AR R A DG
i A BORBERIE ALY

2) MR R A IR S . LB LR R A2
BIBRAE I 25 JE A R Y.

AT ) 25 T 3 07 TR R 2 M L st
HR A — s P A DL Rl S A R D BRI AR R R
{5 B, 8 B AT, <R B4 B2 o H AR R R

TR, A RO ER D TR,

ZHANG Jianwei, et al.Overview of hyperspectral image classification methods.

TTHR S ()R AE BT A 15 3R 2 A ) D3 T AR 4 i 4>
DX 1) R SRS 1) AN ], AR SO HST 732607 4k 730
HET (] 7 A0 B J7 vk R R T A 3 R AR B T vk
PIZE.

1.2 BEZEMBEMPIFN A E

1) FE T [ 2 AR 7 vk AR 27 b W g —
BEM T, 5B R R B LB [ E 1,
— BT T AR SR BT (R £ 07 1Y R A X
T =, — S 3T i B AAF Ty 325 SR FH 19 488 3 2 /N U
Gabor Fffif, LML X T H It O 4 A %I
PP SCR[33-34 R A TR T AR E D BECA TR
BRI, SCHR[ 35S JHR T —Fp 3 F £ u 2 45 [l
F I — AL LA A% 2%, SCIR[ 36 138 T 3T 7
TEw R B A% T vk 5 — 8 B A R R
[ 28 AR 1 R T — RS 2R IR W B S 22 5
Mgk e it — R BT G D B AR A5 F
FITE S 2F AR AE B V2 RVERAE | T AT HST 402K Bk
B2 Ah AL PR £ 07 10 AR S5 25 10 2 AR S 1k
e s B AR M T A BT H R AT R B L
Y7 ansSCik 39-45] 4.

2) T IS R AR i A X 2T R T
| 1) 28 ) &P 38 225 ] SR80 PN AN TR 22 A A S A Al
USRS [ 38 N 3 BT | 3X R T 1 K 28077
23 7 L —ABIR A IR 3 408 38 P R AR A T
G0 T B = B VA B M TR U AV S B B 1N
[46-49].3CHk [ 50-52 ] SR B A1 25 A6 i 5. 7 8] 7 408 35,
PIREAS (A R HHE AT DR 30 M 1 40 28 5 SCHR [ 50 ) 2%
100, BRI 2t T Bl Pk A £
MEFE A Sk 2E 2T H— AN B AR SRR [ 55-57 )
I A 18] Jr AR L 1) 25 o0 B Ak S 5 P A A
HET A Ak ok 35 B 4B 38 [ 35 W 1 R0UR. J5 & AR
T EARTBEERKE RS EN R
AR 43 E A ) X B AN U A — A TR) I DX
T HE VR — NS AR AT HST 4025, 3CRik [ 67-68 ]l
F—Z5 0 Il A 5 4 #1555k 11 38 B 3 1R
2 A Y 25 [A] AR & . SCRik [ 69-70 1 i i H ARG R
SH AR PR R B AR | 5 A R A Ok
G Tl S5 X3, 1 177 30 o B A e 43 28 45 vk
1T HSI 4324,

UEAN 38 AG — 26 7 2 ) FH A 2R AR [1] 25 1 A 56
PRSI 3 17 &3, U STk [ 71-74 1 1 56 R A X 3
A3 RIRAT S H AR 25, P 5 55K 0o o DX 3]
P& SCHR [ 75-76 1 AL M) 43 A 19 5 JR AT Rk DA 2



1R 24 22 M (HRBIERD) ,2020,12(1) :89-100

Journal of Nanjing University of Information Science and Technology ( Natural Science Edition) ,2020,12(1) :89-100 91

PR BRE AL A DU [R] 5 DX

WHAEOLT , — R Ik AL 2 R — AR e &
SKHEAT HST 732, IR R B0 5 7 ELAE TS0 81
AW RZEOTER R TIX— 200 4R B A —Lt
7 2 RN FH S A A< R0 A0 A ) AR 74 ol 5% 2%
SCHR[77-79 1M B 218 RIS BEAIL 7 A 45 PR BEIL 7 0K
Z 5 R 1] 156 25 SCHIK [ 80 ] e i 2 JRA A SR 4 )
PG LIS B, 2 1A B AR B R A ) 3
F4 T JUL T, SR [ 81-82 ] KF 1 S8 1A s 0ok 24531 56 A% el i
WIE SR E NI ES PSS

2 FBERAERMEH RN HSI 57T %

TEN A 56 25 MAROB OC R 5, i/ 75 BT 4
B Bk Rl & 28 1A B A SO LA 1 T ik o BT
TiAL BRI 532 T vk — A 43 2 5 s R T ) Ak 2
B 2807k = 2R T TR DL R A B BEAR A,
Bl 1 FR, X AR BB 2R E A 1 el
2.1 EFHABHSEFE

BE T T B 432 S a0 3 B s (B R AE 1 7 1%
o Z21 73 [R] {5 2 Y. 715 21 28 [MURRAE 5 75 )6 ik 4
TESEAT AL G, 5 R AN A B 43 288 A T 4 25 4y
FpREE AL PP B 1) 25 RERRAE B HL Y B
2) FEFHEEUE] PR AN R 9 20 AR 0 SVM 4§
AT B B H T — B B P 43 27 it
REFRILAY ™

IR 7 TL N JE TR 28 22 50 30 10 2 (B AR 4
BT, R — R AR R E B I i 550 H T
B FEG B SR A 8 SR 19 ] 2R A 2 )
FEAAR B /N AR H 4 B 1545 2 SR 5 R FH 2t R
R SRC H#ATIFHI4k. SCHR [ 20-22 ]38 1 5 T/ NI
A SRS AT 2 T R R i BB/ DN IR AR A1 SR [ 23-28 ] )
FH w2 1 v 307 6 4% 185 U oK 42 B Gabor ¢ 1iE. SCHR

[ 18,84 ] FI FE 1 B He A HE R R A5 31 45 (] R SCHik
[ 85-86 ] R 122 Y 452 2 fift A1 2 57 3 7 A7 R 1 B s
[BIRFAE. AT — 628 BRIK 5 70 H T IR TE A% 25 Al A T
HSI 7328, Bl 02 LV A % I AOR iR A7 25 18 45
B A A 26T T AR Oy A
HET [ 3 R AR i

2.2 —UemanRAE

IE T P [ st A 21 25 1) A4 BRI il — A4~
— AL 2 2%, I, & B2 ()RR AE 2 EURN 4
FANE A 2 . an SCHk [ 37 1R R AR 38k Py iy S0
5 EORIAE L BB 15 I SVM 5 1k 19 43 25 B Ar Al
YYRERE. SCHR[ 33,35 1l A Y 2 AR Sk Bl 1 — A 15
Rl S R R e R R HARMR R I AR
S AR TR N - 24 o, 2 T A S R T 4R
BN 2 115 B SRk 66-67 1 % FH R 31 — 31 43
B FH DX 3 I R0 B Rt v ik R A T DX 3]
A3 EN TR B 3k 30 4328 H Y. SCHR [ 52-53 1 FL I 3L F
CNN (1S | Hor FRAE $2 B2 A5 282 48 R — A4~
P 28 A AT RRAE B2 IS 32 T 3K 1 )2 T 4% 1) I 2
R T 1.

2.3 ETFRAEBHSETE

TEMITT I 38 W 2R — R DG (5
BBR T ISR HSL HEAT 4325, SR 5 7E AR
A5 3R ) 14 2 ) PO 5% 28 4 X T 8 45 R A7 1 )
PRAL B, F2 00 80 )5 A PROTVEA T ISR R Tk |
BT R LR BENL S 19 T7 vk T IR IE AR 7 7k
FHREALIE AP T7 155

SCHR[ 39 ] B SeR 1 2232 48 0] 5 0K i 2 45 X
HSI AT, AR5 T — 4> 221 I e 46 HE 3 1) 5 2
A FRIE AT 7 o b B 38 5 0 D e 15 28 ) s S ME
FRPEATIE NI L o RIS B 1) 73S 2 R &1 SR [ 57 )

TR AT
ERDESAFERIR ) | ST A FEHSU )
TSI SR
—PRAhy i A Ak ) i)
T IRAERI A%

|%?%%ﬁﬁ%ﬁ%?%¥ﬁ%)

éMEm@))

K13 AR 2SR B RS BB 2

Fig. 1 Classification of three different spatial spectrum information fusion stages
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Indian Pines M. A EIGUE— IR 16 by
fY 145x145 R R EMR, B a0 M 0.2 21 2. 4
pm 1 220 IR B FeBRe 20 KRG B
TR BDCRESE B 200 A4S0 T HiEAS SO e /M
A ISR IERE, 2R BEHLR I 3% M REAAE A 1 %
FEA HAR 979 E RS AS A 9200 (PRILER 1)

2) WA 4E VK 2% ( University of Pavia) ; % 508 J&
R 5 O % & 4t AR Ot 3% AL ( Reflective Optics
System Imaging Spectrometer, ROSIS ) 7£ & K | 17 X
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Table 1  Training and test number for different data sets
Indian Pines University of Pavia
el K i{”%% (ﬂ“hit% el K iJ‘lli;’ﬁ% U”'Jlit%
FF5 AL AR JF5 AL FEAKL
Alfalfa 2 52 1 Asphalt 20 6611
Corn-no till 44 1390 Meadows 20 18 629
Corn-min till 26 808 3 Gravel 20 2079
4 Corn 8 226 Trees 20 3 044
Grass/pasture 15 482 Metal sheets 20 1325
- Grass/tree 23 724 Bare soil 20 5 009
7 Grass/ pasture-mowed 1 25 Bitumen 20 1310
e Hay-windrowed 15 474 Bricks 20 3 662
9 Oats 1 19 9 Shadows 20 927
10 Soybeans-no till 30 938
Soybeans-min till 75 2393
Soybeans-clean till 19 595
Wheat 7 205
Woods 39 1255
Bldg-grass-tree-drives 12 368
Stone-steel towers 3 92
Total 320 10 046 Total 180 42 596
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Table 2  Classification accuracy achieved using different classification algorithms on an Indian Pines data set %
Class SVM SVMCK EMAP SMLR-SpTV SPCK JSRC DRCNN
1 62.78 49.42 4451 56.53 82.88 31.92 85.96
2 76.26 79.14 84.44 89.98 90.52 75.50 88.38
3 68.19 87.68 83.30 83.58 91.94 72.30 92.85
4 55.66 83.52 65.90 79.42 79.20 63.89 83.31
5 85.37 96.64 85.32 85.08 89.27 86.68 83.63
6 92.67 80.80 94.73 97.80 97.41 98.81 92.54
7 71.25 30.00 58.60 0.80 77.60 2.00 73.60
8 95.36 89.07 97.28 99.97 98.64 99.98 98.35
9 70.56 0 71.05 0 97.89 1.05 70.00
10 66.67 83.26 80.06 83.47 81.39 84.78 89.06
11 77.63 77.80 86.69 96.92 91.29 95.50 97.23
12 67.45 85.14 75.17 86.06 81.51 86.59 91.86
13 98.34 99.90 94.12 99.51 99.46 99.76 98.58
14 94.37 91.52 94.77 98.46 96.51 99.50 97.91
15 45.55 87.51 67.28 74.13 77.14 50.82 93.39
16 85.11 93.72 93.26 57.06 98.91 93.26 90.32
O0A/% 78.04 83.42 85.55 90.65 90.46 86.84 93.07
AA/ % 75.63 75.96 79.78 74.30 89.48 71.40 89.19

K 0.749 7 0.812 3 0.835 3

0.893 1 0.891 2 0.845 1 0.921 0
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R 3 AE4ZEE XL University of Pavia #3554 F RIS HER=E

Table 3  Classification accuracy achieved using different classification algorithms on University of Pavia data set %
Class SVM SVMCK EMAP SMLR-SpTV SPCK JSRC DRCNN
1 71.29 97.14 85.79 84.78 86.83 82.13 80.37
2 75.75 93.48 86.84 88.73 85.98 88.03 87.63
3 72.97 76.60 84.02 83.51 90.12 95.42 96.19
4 91.80 75.94 92.33 87.85 96.12 95.87 76.99
5 99.33 95.23 99.13 99.74 97.98 99.65 97.13
6 71.35 53.69 82.83 93.30 78.49 87.17 94.44
7 87.60 73.53 93.03 99.77 94.54 93.78 98.97
8 67.29 88.47 73.84 90.54 85.81 87.00 95.10
9 99.31 99.13 99.43 31.47 98.37 98.84 99.00
OA/ % 76.45 81.83 86.19 87.93 87.05 88.62 88.50
AN/ % 81.88 83.69 88.59 84.41 90.48 91.99 91.76
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Fig.2 Classification results by different classification algorithms on an Indian Pines data set
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Overview of hyperspectral image classification methods
ZHANG Jianwei' CHEN Yunjie'
1 School of Mathematics and Statistics, Nanjing University of Information Science and Technology, Nanjing 210044
Abstract  Over the past few decades, the research into and application of hyperspectral images has made

significant progress ,with interest levels progressing from very little to intense. Among the many aspects of this re-
search, hyperspectral image classification has become one of the most-studied topics, with experiments showing that
the spatial spectral joint classification method can achieve better classification results than the pixel-by-pixel classi-
fication method that relies on spectral information alone. Here, we classified and analyzed a number of spatial
spectral joint classification methods.First,we introduced two kinds of spatial dependence relations between adjacent
pixels in hyperspectral images ; using these,we were able to classify existing spatial-spectral classification methods
into fixed-dependent neighborhood-based and adaptive neighborhood-based types. In addition, we were able to
further divide existing methods into two types, single-dependency and double-dependency, based on whether or not
we used two types of dependencies at the same time.We were also able to divide existing classification methods into
three types : preprocessing , integration , and post-processing, according to the different fusion stages of the spatial and
spectral information.Finally ,we showed the classification results achieved from the application of several representa-
tive spatial-spectral classification methods to real hyperspectral datasets.

Key words  hyperspectral image ;adaptive neighborhood ; preprocess based image classification ; postprocess based

image classification jspatial-spectral hyperspectral classification



