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Abstract

Hyperspectral images are highly dimensional and highly correlated, leading to the “curse of di-
mensionality” and high computational cost. In this paper, the standard deviation and correlation
coefficient of the bands are used to select the bands with large amount of information and low
correlation as the characteristic bands. In order to overcome the dilemma that the original OIF is
difficult to use in hyperspectral images, a grouping OIF (Grouping OIF, G-OIF) is proposed to divide
hyperspectral images into several subsets, calculate the best band combination for each subset,
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and then combine Get the best band combination for the entire image. Using the Indian Pines da-
taset, random forest and support vector machine are used as classifiers to compare the effects of
different groups and band numbers on classification performance. Finally, it is found that when
using G-OIF, there are more groups, more bands and better classification effect. G-OIF can achieve
dimensionality reduction while ensuring accuracy, and alleviate the “curse of dimensionality”.
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1. 51§

f 6 i 28 K 15 (Hyperspectral Image, HSI) 2 HI %0 A% 22 45 4y 2 i) S, BB AR i i A oG,
HIS (e EEch sk T “H4efEdeift” i, BRLERE @ /D EREARTEOL T, M4ER (RS, HIS 19) 28k
FE SRl AERERG AT R RE(1] [2] [3]. ERBEEIAI - RMBIH T, KENGFEAZ G5t BFER), H2
AATRE. BRI — M R BRI B AR “RHEB B o “RHEBE” B4 — R HEm
Pl AR TV P BRI Bk $E . i BRI R 2 R s AR 2 M 1) 75 S SR s w4 B AT A8 ¥, A
M SEOLECHE P4, L “RPEVEY” P s B RIA T A B B E, MBOER:, RERGN &4
BB, i R N By TR JE AR B e R A AN B, SRR AE B AR B a4 Ty Uk
ITIEFE

EIRAAT TR BRI R FE R BOR, (HB BAREU S B BOE AR, WBOEEERA AWM NMER: D M
JER G K 22k 38 HE 0% B T4, WA AT AR SR B FLAh AR B, A TH AR DR BAR R B 3 [4];2) — i &
AFRPRAEEE F A AR PRI, H AT 68 Ta ik 2 B Kot i va B BRI R BN SR . 78
BEANEET, A R A DA X oy i ) 7 OB R o I IR BB, AT DAER )X Ly
SEPEEL, T B SR A e PR o (1A TR

TE HIS H, AHARUE B A S FE AR DG, HATRe A w A IS AE S, FEFTEN Hughes Il %
(B ot g g sl ” YRR B b ) s v SRS, R 7 B ik S ) B, 3 B PRI T AR IROR, e LR
TUAR T B o AR & 5 A8 FH PR SRS B A A SR B0 VEAS 2, 23 A e B Uk B sk 3R M B U B 4% (5
Bk BOR B L, AR B BOE B HEARAE R E R, A EmMRENEA 5. X TIERE
BBOEFER, RAEREHIE 7 AHRIE RS DU HA ISR 1) B AH S (0 J7 vk al i B B — R B 1)
FebroRSBL, BIAnAs B (SRS BBUESE. 2) HeEEH %A 7 (Optimal Index Factor, OIF), 5%
BARAE ZE FIAE 00 RECK AT AT B 2, JEMPIE R RIRH G TR, XR—MEET SR BRIIHEX
PRI T

OIF fEZ 61 2 fE /], 2016 FRAPCEEFN[6], T T ANLZ ik s B 454 OIF J7ik.
FUKAETREEERFAE, $&H T —MgRE7 - G R R AR B G I7iE: 2019 FZ8 195 N [7], B
73T Landsat 8 OLI s & M3 T LRI A OIF 145777k, FEeuE 17 HA Rk 2022 FE75% N\[8],
F “wma 5 M “dunt =57 TERGEIE, #E OIF KiEFMA MG BRI R R B A 4. X
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Be22 35 KA OIF (37 5B N MUR I Rr i, RIER2 Z2 06 4R, TR RIE T OIF 75 2 TG B 7 240
2N B R AR I SR, TO6) T ik B I BRI v R SR SR U LT R A RT BRI . BRI, A
SRR —Fh 4 45X OIF (Grouping OIF, G-OIF)f) 77 2k it B iy ' ol 18 S A (1) “ ARl By 7, AT o il
&4t OIF 1E m Gk HE oA F IR AE .

2. SCIHIE

AL EDGIEHAE S Indian Pines, IXJ&2—/MEDGiE G RIEIR S, A5 7S E B 29N —
AN —F R EDRIE B, R RN 145 x 145, S TFRMER, BIREE S 220 ISR, 8%
T L A [ B 43 (0 K VS R 0.4~2.5 pm. Indian Pines FMLEL AT AT AP ASOE BE A (AVIRIS) T 1992
A S0of S 1] BB 22 g — R FERA B HEAT BUAR , AR5 AR SE T 145 % 145 BIR/NEFATRREEAE e e il R
3BIMR % . Indian Pines FIZHF5 80 R 4 12

Table 1. Details of Indian Pines
%% 1. Indian Pines BY4HY5

£ K4 BRA
1 Alfalfa 46
2 Corn-notill 1428
3 Corn-mintill 830
4 Corn 237
5 Grass-pasture 483
6 Grass-trees 730
7 Grass-pasture-mowed 28
8 Hay-windrowed 478
9 Oats 20
10 Soybean-nottill 972
11 Soybean-mintill 2455
12 Soybean-clean 593
13 Wheat 205
14 woods 1265
15 Buildings-Grass-Trees-Drives 386
16 Stone-Steel-Towers 93

Indian Pines £4i 864 17 16 N HARE LINFN, BRILZ AN PR Z BB R 518 0 7 5.
Indian Pines f¥172 th B {5RT = S i (AR B TE 3Q 8 m) an T 14 1
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Figure 1. Visualization of the Indian Pines dataset

[# 1. Indian Pines #IBERI AL

3. SAEREE TR T
3.1. REBBEETFHHEAR

OIF JiiEFEEHEE T =AJ5ii: 1) MU IER B AR BB ATRER: 2) FRALR BRI AR SCIEEL )N,
PO RN BOACR 45 AN R 5 B 22 580, RARI T BEREI I 3) FRALR BT AR
(K16 T 22 OB . ASSC ) OIF 15575 20l R s :

OIF = — 1)

Horp S AR (| BeBUIARIEZE, R, RonH i BeBUNER j B BUZ M AR R ML M ZoR B, H M &
EHSEBE. OIF MBS, 8 TH55 T BB bR HEZ M 2 3 BUI AR R AL, ARifEZEioR
AARSCIE R AN, WS BRI B A5 SR . 0T 8, R, THE T A B bR Z R AXER . (H2 7R
XA B R B, AETHEL R, I, WEM M OB BRI S, XS ARG ok
KIETT, EERIAFA R

3.2. 514AN OIF (G-OIF)AIItEAR

N T GRARTHIN = B S I TH L OIF & U N AE IR 70, AR SO 4y BUE B[00 a &, R 41
OIF RIEBAFFIEH B . a4 Indian Pines H4EH 1E /& — =S/, WPKE— MGG LG /E—1 220
YEr g, FEABIRAERIYERT J(145, 145, 220). Indian Pines HHEAEICHE RTE, Hih Hxw REHE
R, K& TFHBA.

DL K IXANYERE N EEME, Jerfie s R 23k n H, e
{R”XW*K'»' R”*W*’“,R”*W*KZ,---,R”*W*Kﬂ,kz1,2,---,n} o BT AR FEBIREN —A T8, HEN T
SRR EFR, B

RHXWXK[ @ RHXWXKZ . @ RHXWXK” — RHXWXK , (2)

il

© EERHEM.

¢

DOI: 10.12677/pm.2023.1310283 2758 P2k


https://doi.org/10.12677/pm.2023.1310283

Ji %8

TERAS T FARYE A ()i E A TR B AL B 4 A (Optimum Band Combinations, OBC), it 4
{OBC,|OBC,,0BC,,--,0BC, .k =1,2,--,n} o BJEHiE HIHEA B S0 B HE B £
OBC =0BC,U0BC,U---UOBC,. 3)

U Jfse, SRR

i G-OIF i HHRE
1. VeSS E M, n;
2. WitElk {RHxWka |RI1><W><K1 ,RHXWXKZ’.”’RHXWXK” = 1,2’“.’”} .
3. T PR IbRHEZE S, 5
4. ETHEPITETETRKEEAS: C,
5. IRIBWBLAAUER,
6. FEREATHEAUH ST B B AL5 1 OIF s
7. argmax{OIF}, 13%|{0BC,|0BC,,0BC,,--,0BC,.k=1,2,-,n} ;

8. OBC=0BC,UOBC,U---UOBC, .

4. S5 RTM
4.1. BEEWBEWL

G-OIF ZER i Sexf RS iy 2HACLHE, Ferh BRI SH M 1 n &3 LA n ZRN nlK (4
RBERFTT), FNZERM >3, WE-DNTHEOBC, T, —34Cp, MAS. BRIbZA, M, n %E
AEH, THEH G T RETIR AL TR AN A BT, AESCIR I A5 SR IX L A& B L

4.2. SKWHZE

B HL AR PR (Random Forest, RF)F1 3 5 [7] & HL(Support Vector Machine, SVM)/& /5 Fh & F 1 F T = ik
EIUER 5 RN 2 2] B RF & — MR REE 217, B8 2 e s I 2, BBy 1 2R A =X
BAE R L EUR o R EAS T BRI ). —T5 1, SVM & — il B SRR, B e i 4 2 o) op g 4t
—ANEP R, FTA T 2REEIH . SVM BT M T s g EER K

4.3. ER IR

ASARPEAF IS H M 0, FIH G-OIF M i A GBS, IS RF AT SVM T35, %
R BAH AT . n WE N 4. 5. 105 22, 44 F1 55, oLyt FREGRIF (A1) M, XTI M 535
N 3-6. 3-6 3-9. 3-9. 3-4 F13, I HARIEANE M I3 2REE RHAT 0. RICKITENM 48459 Kappa &
Bl PR E (Average Accuracy, AA)FLEAARKE i (Overall Accuracy, OA), RF fll SVM )4 2ah S A
AR 2 AR 3:
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Table 2. Comparison of RF classification result indicators

3 2. RF B9 KERIEIRIIEL

M n Kappa AA OA

3 67.3247 77.6123 71.8021
4 68.4170 77.5847 72.6803
5 ) 68.1271 78.2510 72.3876
6 68.7185 80.8450 73.0120
3 68.7115 77.6395 72.9144
4 70.2122 80.9015 74.2316
5 i 70.1429 80.2262 74.2121
6 69.9163 82.8912 74.0560
3 71.2336 81.0328 75.1683
4 71.7284 81.3808 75.5098
5 71.9521 82.1119 75.6854
6 10 71.3556 80.3441 75.1390
7 71.9858 81.3446 75.7245
8 73.4633 82.8261 77.0221
9 73.0475 83.4640 76.6904
3 73.4636 81.1006 76.9929
4 73.4256 82.3830 77.0221
5 73.9945 83.2901 77.4612
6 22 74.1301 83.0920 77.6076
7 74.3419 84.0569 77.7442
8 74.5525 84.7625 77.9491
9 74.9015 84.9730 78.1027
3 74.6288 82.2749 77.9783

44
4 74.7381 83.8796 78.1247
3 55 74.4550 82.5032 77.7832
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Table 3. Comparison of classification result indicators of SVM

3 3. SVM B4 KEERIERRITEL

M n Kappa AA OA

3 49.7161 45.5965 55.7811
4 50.4999 50.9068 56.7275
5 ) 51.8914 49.4437 57.2251
6 51.4064 51.1167 57.6056
3 51.8307 49.4995 57.9374
4 53.0955 52.0180 58.9814
5 i 52.3624 53.8306 58.3472
6 55.2043 55.7733 60.7571
3 58.2282 55.6840 63.4111
4 58.9386 58.6005 64.1721
5 61.1730 61.7345 66.1333
6 10 61.5150 61.7708 66.4260
7 62.0356 63.8225 66.8260
8 62.6231 63.7218 67.4115
9 63.2430 64.2105 67.8798
3 65.3204 65.0986 69.6263
4 66.2821 67.3347 70.5630
5 68.3932 69.6027 72.3583
6 22 68.7811 70.0629 72.7583
7 69.3755 70.6976 73.2657
8 69.9564 72.2032 73.7243
9 70.7780 72.8834 74.5536
3 68.2118 68.0083 72.2314

44
4 69.1560 72.7610 73.1486
3 55 71.2660 73.1525 74.8463
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HHE n XF G-OIF fI5Em, AT HESNE, RN TERTS S MERNHE, RET
AL, i 2. BEMEHIR RO HEEA » FIHEK, RF A SVM K] Kappa. AA Al OA ¥ 28l ETHEH . X
WIBEE M, n M22AL, RHEBBACR AL, HHEA S IE R B MREOR, B G-OIF fJ5%RE
B E SRR T S RAS B [ I R KT Rk H IS e o] 70 2 2 RO B o

90 T T T 80
85t Pl V///V//”
701 7_4_,,.{_["//
80 i 1 - ¥ 4
—x—35
" 651 1 —&—10
—4—122
751 1 ——44
601 1 —#—55
701 1
55 3 g
651 1 sob |
60 * * * 45 * * .
Kappa AA OA Kappa AA OA
() RF (b) SVM

Figure 2. Mean values of various indicators of RF and SVM when n =4, 5, 10, 22, 44, 45
& 2.n=4,5,10,22, 44, 45 B} RF 0 SVM B9 & I54R151E

BT REY n BERS, RIEEASTHE RN, MASGINXS RE AL SVM P2 AE RGN 2 FE
3REBRMEIER], RN TEP, EEIRERBEE®RZ, L Kappa. AA 1 OA K, Hil5K
BOR G R B A R

e MRARKBIGOE: A, RN 30E KR R B & B, 70 AR AT -
JE BT v B 0 B A AR AR BOM SR M R AR i), 2 AR 2 I HL1e 58 R BOBR 22 I B8 8 S R IR B8 25 5 5
2 Z SR NI BUEFE TR .

5. &g

JEUG R OIF TS IAAE I mOL IR &I, tHRE 2B A& 2B E R RN 2L T, X
FRRTETEMMN . A2 BalE BIEHR & 5E K G-OIF RENSZEMRIX AN, G-OIF it xi ot i
Bttty nl, RN TEPIRGZTENREAGIE, RAIHFERNG BN REHGPHBL. G-OIF
FEQRUERS BE R[N S 1 BR4E, JFERMR T “HEFIRME” o fEARSK, HEMNI 2 AP BHOE — M AAE
palib i R

&E 3k

[1] Fauvel, M., Tarabalka, Y., Benediktsson, J.A., et al. (2012) Advances in Spectral-Spatial Classification of Hyperspectral
Images. Proceedings of the IEEE, 101, 652-75. https://doi.org/10.1109/JPROC.2012.2197589

DOI: 10.12677/pm.2023.1310283 2762 P2k


https://doi.org/10.12677/pm.2023.1310283
https://doi.org/10.1109/JPROC.2012.2197589

Ji %8

[2] Landgrebe, D. (2002) Hyperspectral Image Data Analysis. IEEE Signal Processing Magazine, 19, 17-28.
https://doi.org/10.1109/79.974718

[31 Li, S, Song, W., Fang, L., ef al. (2019) Deep Learning for Hyperspectral Image Classification: An Overview. [EEE
Transactions on Geoscience, 57, 6690-6709. https://doi.org/10.1109/TGRS.2019.2907932

[4] Varshney, P.K. and Arora, M.K. (2004) Advanced Image Processing Techniques for Remotely Sensed Hyperspectral
Data. Springer, Berlin. https://doi.org/10.1007/978-3-662-05605-9

[5] Zhang, T., Li, P, Ding, Y., ef al. (2022) Band Selection of Hyperspectral Images Based on Markov Clustering and
Spectral Difference Measurement for Object Extraction. ISPRS-International Archives of the Photogrammetry, Remote
Sensing Spatial Information Sciences, 43, 449-455. https://doi.org/10.5194/isprs-archives-XLI11-B3-2022-449-2022

[6] MR, XU, FANE, kR BT EANZ S GRHE R R B AR L[], R EEH, 2016, 47(3):
242-248+291.

(7] 8%, 260, sk, ARIRE, A RO B A R LR SRR T]. WRBHE, 2019, 44(8):
161-167.

[8] EJ4. fERBAH A A E BRI, FURIR B 588/, 2022, 43(2): 82-91.
[9] FREERE, HZE. BT EURE B s el BE 2 0). 4 ., 2019, 44(5): 8-10.

DOI: 10.12677/pm.2023.1310283 2763 S H


https://doi.org/10.12677/pm.2023.1310283
https://doi.org/10.1109/79.974718
https://doi.org/10.1109/TGRS.2019.2907932
https://doi.org/10.1007/978-3-662-05605-9
https://doi.org/10.5194/isprs-archives-XLIII-B3-2022-449-2022

	分组式OIF在高光谱图像分类的应用
	摘  要
	关键词
	Application of Grouped OIF in Hyperspectral Image Classification
	Abstract
	Keywords
	1. 引言
	2. 实验数据
	3. 最佳指数因子的波段选取
	3.1. 最佳指数因子的计算方式
	3.2. 分组式OIF (G-OIF)的计算方式

	4. 实验与结果评价
	4.1. 超参数初始化
	4.2. 实验方法
	4.3. 结果分析比较

	5. 结论
	参考文献

