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Abstract. Objective Hyperspectral remote sensing has become a promising research field and is applied to various aspects.

Hyperspectral image classification has become a key part of hyperspectral image processing. However, high-dimensional
data structures bring new challenges for hyperspectral image classification. In particular, problems may occur in the feature
extraction and classification process of a hyperspectral image dataset, e. g , the Hughes phenomenon, because of the
unbalance between the high-dimensionality of the data and the limited number of training samples. To improve the accuracy
of hyperspectral image classification, we propose a hyperspectral image classification algorithm based on ensemble extreme
learning machine (ELM) with cumulative variation quotient, referred to as EELM with cumulative variation quotient (CVQ-
EELM) . Method In this study, the coefficient of variation is usually used as the index to show the data dispersion. Com-
pared with the standard deviation, its main advantage is that it is not affected by the measurement scale. In particular, the
coefficient of variation takes into account the influence of the average value of the data. The coefficient of variation is
improved and applied to the dimensionality reduction of the HIS dataset. First, the cumulative variation functions of the
intraclass and the interclass and the cumulative variation quotient are proposed. In actual operation, some pixels may con-
tain multiple ground objects, while the gray values of the intraclass are quite different. Therefore, the cumulative variation
function of the interclass and the cumulative variation function of the intraclass should be comprehensively considered to
define the cumulative variation quotient function of bands. On the premise of the same band, the quotient of the norm of the
interclass’ cumulative variation function and the sum of the norm of the intraclass’ cumulative variation function is called
the cumulative variation quotient of the band. If the cumulative variation quotient of the band is far from 1, it means that
the classification effect is better by using this band. If the cumulative variation quotient of band is close to 1, it means that
the classification effect is poor by using this band. The inefficient bands are eliminated on the basis of the cumulative varia-
tion quotient function. Second, to provide the input information of hyperspectral bands for ELM and considering the strong
correlation relationship between neighboring bands, average grouping is performed for the remaining effective bands after
eliminating the inefficient bands. A certain number of bands are then selected by the weighted-random-selecting-based
approach to reduce the dimension of the hyperspectral image dataset. Specifically, the hyperspectral bands are grouped on
average and then the weights of each group are calculated based on the cumulative variation quotient. The bands of each
group are selected randomly according to their weights. Finally, the spatial spectral features extracted after dimensionality
reduction are sampled repeatedly to train several weak ELM classifiers. The results of several weak classifiers are majority
voted to build a strong classifier. Result Three well-known HIS datasets (Indian Pines, Pavia University scene, and Sali-
nas) are used to verify the effectiveness of the proposed method. SVM ( support vector machine) , ELM, GELM ( ELM with
Gabor) , KELM ( ELM with kernel) , GELM-CK ( GELM with composite kernel ) , KELM-CK ( KELM with composite ker-
nel) , and SS-EELM ( spatial-spectral and ensemble ELM) serve as the benchmark algorithms to measure the performance
of the proposed CVQ-EELM. SVM, ELM, GELM, and KELM methods use only spectral features. Although SVM and
KELM introduce the kernel function and increase the computational cost, SVM and KELM have better classification per-
formance than ELM and GELM. GELM-CK, KELM-CK, SS-EELM, and CVQ-EELM methods incorporate the spatial infor-
mation into the spectral information. The four spatial-spectral-feature-based methods show better classification performance
than the four spectral-feature-based methods. Further analysis shows that the classification capacities of KELM-CK, SS-EE-
LM, and CVQ-EELM are better than that of GELM-CK. However, KELM-CK, SS-EELM, and CVQ-EELM are amenable
to more time cost than GELM-CK. For example, in three typical HIS datasets, KELM-CK method consumes classification
times up to 15.8 s, 143 s, and 54. 6 s, respectively. Although SS-EELM avoids referencing kernel functions, SS-EELM
based on the ensemble extreme learning machines also has a large operation time, equal t0 32.4 s, 85.5 s, and 171 s. The
proposed CVQ-EELM only needs 15.2 s, 60.4 s, and 169. 4 s to do so. The time-consuming characteristic of the SS-EELM
and CVQ-EELM algorithms is related to the number of weak classifiers. Specifically, the greater the number of weak classi-
fiers, the more time-consuming the algorithm will take. Compared with KELM-CK, the time-consuming growth rates of
SS-EELM and CVQ-EELM are smaller with an increasing number of samples. When the spatial-spectral features of the
same category are quite different, the proposed CVQ-EELM outperforms KELM-CK and SS-EELM. For example, in two
typical HIS datasets (Indian Pines and Pavia University scene ), overall accuracy (OA) of the proposed CVQ-EELM is
98.0% and 98.9% , respectively; OA of KELM-CK is 97. 8% and 98. 8% , respectively; and OA of SS-EELM is 97. 2%
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and 98. 6% , respectively. The computational cost of CVQ-EELM is also still lower than that of SS-EELM in two typical HIS
datasets. According to the above experimental comparison, the computational cost of CVQ-EELM is similar to that of
KELM-CK in the Indian Pines dataset. However, the classification accuracy of CVQ-EELM is higher than that of KELM-
CK. Especially in the Pavia University dataset, the computational cost of CVQ-EELM is still low, approximately 2. 5 times
faster than KELM-CK. Moreover, the classification accuracy of CVQ-EELM is higher than KELM-CK. Therefore, the pro-
posed CVQ-EELM has the best classification performance among all the classification algorithms. Conclusion The conclu-
sion shows that the proposed algorithm optimizes the band selection strategy of average grouping through the cumulative vari-
ation quotient function. For hyperspectral data sets with a wide distribution of various objects and a large difference in spa-
tial-spectral features of similar objects, the characteristics of spectral differences can be extracted effectively. The proposed
CVQ-EELM has the advantages of few adjustable parameters and fast training speed. It also outperforms various state-of-the-
art hyperspectral image classification counterparts in terms of classification accuracy.

Key words: hyperspectral image; extreme learning machine (ELM) ; cumulative variation ratio; voting; classification
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(4)HED kRS Bl A 51 22155 53 26 2 v 7 3
PR e B AR S B 1 4 25
3 XKW

SEBGAE SR B 5 O 1 ER E 4R Indian Pines |
Pavia University # Salinas I # 7, % i SVM
(Scholkopf FlI Smola, 2002 ), ELM ( B & FiI % 4,
2018) , FeF kil 222 Gabor HFR2= JHL(ELM with
Gabor,GELM) ( Huang %%,2012) , #% R PR 2% 2 ML,
(ELM with kernel, KELM) , GELM-CK ( GELM with
composite kernel ) , KELM-CK ( KELM with composite
kernel ) (Zhou 4§,2015) ,SS-EELM ( spatial-spectral and
ensemble ELM) (4R 55,2018 ) S bRt Ik, 54
SCER Y CVQ-EELM S EATPEREXS Fe, Horh SVM,
KELM 71 KELM-CK 55328 e inl A% sk, B
2, - x; ||2)

207

K(x;,x,) = exp( _

X, o =2, ge{-4, -3, 4] FFEEGMKE
R RPN 24 C 1 o (Zhou 45,2015) ,
X BEFT R TE A T X0 L 52 30 Ff 12 530 R AR sk B, L T
AR AR IR A 850 BoE A TR LS iy o e 28 o0
G (class accuracy, CA) | SR 4> 2545 i (overall
accuracy, OA ) | - 43 25 K5 F (average accuracy,
AA) kappa RECFNFLILFEMEE 5 WG bR 2EA THERE
o,

1) Indian Pines {4542

Indian Pines U545 2 FH L2 A B &5 AVIRIS
e [ ENSE 22 4 PG AL AR AR = D S, ixX Heh
A BN LR Y SE G B 5 16 2y, 25 (0] 43 P
FH 25 m, FUREIMBR KN 145 x 145 BR, HA
BITXTI 220 B, ST A2 AL L 0.4 ~
2.5 wm, H AR REALH B, LR R L
PR 10% MIREASEL H AT I 25, HARFEA
HEATIN ., 2% ) BU ARk AR SOOI TE Indian Pines
Bt e e RS R S HAB AR PRk 1 s .

#& 1 H/EXF Indian Pines HRE LS KB EIREEZ R EMIEHR

Table 1 Classification accuracy and other indicators of different algorithms on Indian Pines dataset

/%
AR (87
P {5251

gk Ik SVM ELM GELM KELM GELM_CK KELM_CK SS-EELM AR
Alfalfa 5 41 72.6£8.6945.2+12.726.6+17.9 71.5+10.9 95.9 +4.37 95.2 £12.0 95.3 +3.50 97.0 +3.50
Corn-notill 143 1285 84.6+1.47 74.5+3.57 80.5+1.15 83.8 1. 80 96.9 +1.36 96.8 £0.66 96.7 +0. 65 97. 8 +0. 64
Corn-mintill 83 747 76.8 £4.98 58.8 £2.37 57.9£3.25 71.4 +4.16 97.2 £1.59 98.5 +0.60 97.8 +1.44 98.7 £1.12
Corn 24 213 76.8 +6.69 41.0 +5.78 38.6 +£7.44 66.9 £6.13 96.4 £2.58 95.5 +£2.90 95.9 +0. 86 98.0 £0. 66
Grass-pasture 48 435 92.8+1.2585.1+4.28 88.5+1.96 91.9+1.98 97.0+1.41 97.4+1.54 96.9 £1.63 96.4 £1.45
Grass-trees 73 657 96.1 +£1.28 93.9 +1.37 96.4 £0.99 96.3 +1.43 99.2 +0.37 99.0 £0.27 98.7 +0.36 98.6 +0. 36
Grass-pasture-mowed 3 25 79.6+9.68 10.9+3.44 5.79 +8.01 64.6 +16.2 86.6 +£9.58 94.2 +11.6 92.7 +£8.96 94.1 +8.78
Hay-windrowed 48 430 97.8 +£0.87 98.2 £0.26 99.3 +0. 18 98.6 +0.45 99.3 +0. 17 99.4 +£0.27 98.8 +0. 12 99.2 0. 13
Oats 2 18 72.9+20.3 9.8 +6.97 3.51 +£5.34 56.8 +20.2 56.8 £26.3 49.2 +20.8 54.2 £16.3 76.9 £16. 1
Soybean-notill 97 875 78.5+4.96 65.3 +4.58 65.1 +2.58 87.8 +£3.08 96.0+1.49 96.1x0.79 96.0 +1.42 97.3 +1. 02
Soybean-mintill 246 2209 85.9+£1.67 76.6 +1.50 80.1 +2.28 85.9 +£2.45 98.4 +0.41 98.4 +0.48 98.2 +0.37 98.9 +0. 38
Soybean-clean 59 534 83.2+2.59 64.4+3.62 75.3 £4.62 81.4+3.09 97.1+1.12 96.9 +1.42 96.9 +0. 68 98.7 +0. 68
Wheat 21 184 98.3 +0.91 97.9 +0.88 99.2 £0.26 98.8 £0.52 99.5 0. 11 99.5 +0.13 98.8 +0.56 98.2 +0. 38
Woods 127 1138 95.7+1.69 91.5+1.91 95.4+1.34 96.0 £1.15 99.0 £0.47 99.4 +0.27 98.9 +0.09 99.3 +0.09

Buildings-Grass-Trees-Drives 39 347 58.0+4.04 59.1 +6.10 62.

6+3.61 63.7+4.74 95.4 £2.61 98.4 +2.56 96.1 £1.26 99.1 £0. 24

Stone-Steel-Towers 9 84 89.8+4.8539.5+11.2 68.5+9.98 80.2+4.81 93.0+3.62 94.5+10.3 93.1 +4.06 92.9 +5.07
BRI KRG (OA) /% 86.0+0.58 75.9+0.79 79.1 +£0.65 85.2 +£0.33 97.6 £0. 15 97.8 £0.27 97.2 +0.25 98.0 0. 24
X REE (AA) /% 83.7+1.6463.2+1.14 65.1+1.82 80.5+2.01 94.0+1.36 94.3 £1.22 94. 1 +1.21 96.3 +1. 34
kappa 2% ( k) 84.2 +0.81 72.3 £0.87 76.2 £0.79 83.1+0.36 97.2 £0. 19 97.5 £0.33 96.9 +0.27 94.7 £0. 28
B /s 46.6 +1.49 0.22£0.01 0.89 £0.06 4.93 +0.07 2.45 +0.05 15.8 +0.13 32.4 +£0.03 15.2 +0.03

T L PR R S T IR AL (L
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K 1 2 Indian Pines (4552505 173 Ik B A= i
PR (0, TR RIS 3 ) 73 A1 15 B0 B Xk Bz 16 4> 531 B
AR IRIE . S T PR R RV S MR,
FE 173 F01220 PBOHATXS Foorbr. B2 5 173 B
1) SR AR S R RO 2, i B R A SR ARV S R SORH
T BN ZR RV S v B 1Y) U8 B W R B S Al O 1B
BB L 3. 455 9, BLEHIZ I BE 16 280 X

BB, 7 T3 de. 183 0 220 B RAUVE
S5 RRRRCHA 2 D B AR SRR S R KA D5 Sl i JEE A
FU T B N SRS S R R I8 2 Wi 52 EL A0
BBLRBUR S N 1159 2, G5 R 4500 1, B Wi i
BASRISN XA K2, A5y 73 N G Bk T
ST A 220 AN BER AL SR LG, AP A B 5 B AR
AR S HUEARIT 1Y 24 ANEBE, Anlsl 4 Boi .

(a) PG
Bl 1 Indian Pines $HiadE5S 173 BB AR LA DR (P 0 ) B AN i B (8

(b) ESHu oA

(o) HuppR B

False color image, ground-truth map and corresponding colors based on band 173 of Indian Pines dataset

((a) false color image; (b) ground-truth map; (c¢) corresponding colors)

Fig. 1
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Fig.2 Cumulative variation curve of band 173
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Fig.3 Cumulative variation curve of band 220
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Fig.4 Cumulative variation quotient curve of

band on Indian Pines dataset
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(19 50% LA I, 2k i 2 /0 98 AN Brif A7 MR 2 )
Bl BT 2R 53t FE A IS BB AL % 1 12k
PP B EFIREA D BN 3 s .

xR2 GIREEFXNEREERETRE
Table 2 Cumulative variation quotient of eliminated

bands and corresponding bands

flid=t RS flid= RS
160 0.979 4 161 1.040 1
158 0.990 7 150 1.042 2
159 1. 007 2 106 1.044 9
157 1.007 4 105 1.051 2
156 1.018 5 107 1.062 0
104 1.018 7 153 1.070 0
108 1.020 0 163 1.076 8
155 1.025 2 220 1.159 2
151 1.026 7 1 1.159 7
162 1.031 4 219 1.186 2
154 1.031 6 109 1.196 9
152 1.0353 88 1.213 5

4.0

35

20 40 60 80 100 120 140 160 180
HE

5 Indian Pines %4548 I A-F-3 53 415 00

Fig. 5 Average grouping on Indian Pines dataset

MR 2 FIELS aT LA i B RS = AU
PR AR BB R Y% 43 28 i 2 AL
(B BORR 2 5 [ 2, 1 Bt A BVAE S HUAU(EL )N
AL BEHLIERE (1 I Be B0t b o B Ak
TER 5 B I IR, LA ) T i 40241
W B kAR AR 3 S USRI S B

F IR 1 SRS K H FER 3 AL £
1) 38 B I 00, A SCHR B2 S R 1 114 48 3855 [l i

33 Indian Pines #{#E & M FEALIA IR BB R
Table 3 Selection of bands weighted random

on Indian Pines dataset

s BUE | e BE A%
1 0.067 7 7 8 0.077 1 8
2 0.074 0 7 9 0.0836 8
3 0.057 0 6 10 0.084 1 8
4 0.057 2 6 11 0.0857 8
5 0.051 8 5 12 0.0983 10
6 0.043 8 4 13 00953 9
7 0.040 6 4 14 0.0837 8

9 %9, N T e MR AE T HLEUZ W S R HEROH
FETERRAE A0 25 SRR AE RO 45 BBy SElUE N 0.1,
SRJE WFTEAN R BT REZ 17 A8 H XA SCRIL i B AR
FAGERIFL IR, InP 6 FroR .

99.0
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Fig.6 Relation between the OA and the number of

hidden nodes on Indian Pines dataset

M6 1] LUF H, XF T Indian Pines =G5 54
£ YRR 5K F] 450 J5, CVQ-EELM 549k 1y A
SYISRE IR B m AR, B Ik CVQ-EELM 533 1) &t
JEAT S N 4505 S2PR b 2 BR 2R ) HLESZE 55 A5
AN I PR AR S 23 35 R 4E BT, 30 BB B 4 23 1)
Wb Sk s (8], Ok T B AT I Je S 52 B iy R
FL S, R BR 24 ST AL B2 1 A8k H Y e oy 450,
SS-EELM B3k HAL S B S IS TS5 A (2018) 2
H iS4k, GELM-CK F1 KELM-CK 5334 1) HoAth 2 5k
Z: [ Zhou 5§ A (2015) $2HH IS4,

B A SR R A, o — 20 SRR AR
IR A R By XA R I AR SRS B 1Y
SR, ANE 7 BR .
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o5 %g% Ly = 0.9 B, 4 Bk S PR SR BE SRS , o T 0
S o FOI T -y = 0.9,y = 0.1 o ASCHRF
% FHINGREF 47 155 3 Ras i AT R R IR B 5 1Y
ﬁ}% 83 \ ITREER . N LR BOAS SRR I 1) 43 R N
2 w0 58 .
i) ; :%/gEEL%M N * i) P.avia TJnivfersi‘t’y @Iﬁf -
—e— KELM-CK avia University Z05 522 it HHLEL & AF ROS-
70 (SR L 1S 7 KR 248 7 b2 A 5 O P A, 4
M RH 9 KM, JFIE MR/ R 610 x 340 (R FR , PAKGE
7 fE Indian Pines $U484E I OA 5414 R KLy MK F Bl 0. 43 ~ 0. 86 wm, ZS[A] /36K 1.3 m, W& a1
Fig.7 Relations between the OA and the combination BICHRRT I 103 A3 B o S5 B I 25 5 A A
coefficient y on Indian Pines dataset J 444 V5 AF Pavia University $CHEAE 942085 12 F0 JL

T L RS ERAAF L A (HARAE 4 R

Sl N B

Fome

(a) SVM (b) ELM (¢) GELM () KELM () GELM-CK () KELM-CK  (g) SS-EELM (h) CVQ-EELM(%30)

18 1 Indian Pines ¥tk EANIH Tk K

Fig. 8 Classification maps of different methods on Indian Pines dataset

((a) SVM; (b) ELM; (¢) GELM; (d) KELM; (e) GELM-CK; (f) KELM-CK; (g) SS-EELM; (h) CVQ-EELM (ours))

F4 KEETE Pavia University R85 LH) 5 XI5 E R H ISR
Table 4 Classification class accuracy and other indicators of different algorithms on Pavia University dataset
/%

FEA Bk
G251
g Wik SVM ELM GEIM KEIM  GELM_CK KELM_CK SS-EEIM &<
Asphalt 265 6366 89.6+1.02 83.4=0.75 83.3 £0.65 86.8 +0.73 97.5 £0.41 97.7 £0.47 97.3 +0. 17 98.8 +0. 15
Meadows 746 17903 94.2 £0.83 92.8 £0.55 91.4 +0.74 94.5 £0.42 99.2 +0.14 99.0 +0. 17 98.9 0. 15 99.2 +0. 14
Gravel 84 2015 82.8+1.0375.1+1.56 75.2 +1.57 84.2£1.57 95.8 £1.08 97.8 0. 68 97.0 0. 67 99. 0 0. 30
Trees 123 2941 95.3+0.50 95.6+0.47 95.7 +0.38 96.5 =0. 34 98.5 +0.15 98.6 +0.25 98.2 0. 25 98.7 0. 21
Sheels 54 1291 97.8£0.24 97.3+1.62 97.8 +1.62 98.3 £0.25 98.7 0. 12 99.1 +0.24 98.7 £0. 41 99.1 £0.27
Bare Soil 201 4828 93.3 +0.68 92.1+0.67 93.2 £0.29 93.8 £0.58 98.9 £0.06 99.1 £0.01 98.8 0. 01 99.1 0. 02
Bitumen 53 1277 92.1+0.97 91.7+0.66 91.7 +0.66 92.5 +0.83 98.9 +0. 12 98.8 +0. 18 98.7 +0. 32 99.2 +0. 15
Self-Blocking Bricks 147 3535 89.4£0.68 89.3 +0.97 89.8 £0.82 89. 1 £0.67 98.3 +0.24 97.8 £0.25 97.7 £0.29 98.4 0. 21
Shadows 38 909 97.2+0.01 97.9£0.21 98.1+0. 15 98.3 0. 18 98.8 +0. 16 98.7 +0. 38 98.9 +0.44 98.9 +0.23
SRS HNEIE (OA) /% 91.3 +£0.45 90.0 0. 28 89.8 +0.25 92.4 +0.20 98.6 0. 16 98.8 +0.42 98.6 +0.28 98.9 +0.22
SERGAY KNG IE (AA) /% 92.4£0.16 90.6 £0.21 90.7 £0.17 92.7 £0.23 98.3 £0. 15 98.6 +0. 44 98.2 0. 45 98.9 +0.33
kappa ¥ («) 89.4 +0.68 86.8 +0.41 86.7 =0.29 90. 1 +0.26 96.2 +0. 17 98.8 +0.43 96.9 +0. 34 98.7 +0. 35
R/ 88.3+1.81 1.46 £0.21 9.80 £0.62 22.7 +0.49 14.2 +0.41 143.0 £0.88 85.5 +1.03 60.4 +1.01
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Indian Pines 24 4% 45 F #H ) 1% J7 = 4b i Pavia Uni-
versity ZUHE£E .

(a) PRl

(b) HIEHI 531 l]

(c) HUPR B,

K9 Pavia University Brdi 855 11 P B U Dh w2 (&1 05 Py P 0T o B3 €2

Fig.9 False color image, ground-truth map and corresponding colors based on band 11 of Pavia University dataset

((a) false color image; (b) ground-truth map; (c¢) corresponding colors)
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Fig. 10~ Cumulative variation quotient curve of band

on Pavia University dataset

PSR 4 U REAE H ANEE S AL FEALLE £
P B IL , I TEAFAE A SR HE B E S 9 %9,
XA S BBE 5 Indian Pines %4846 1 A5
WAL o B 12 23 BT 1 3R AR R S SRR A 1 A
FA Ry M A5 T AR SN JE (R R W) T R O s

24

22 .‘&.

20 \ ,ﬂ“‘

<
Y
=
2 16
\?é
14 k }
i x
12
1.0
0.8
10 20 30 40 50 60 70 80 90 100
B
[ 11 Pavia University (3R [ (35950 415 0
Fig. 11  Average grouping on Pavia University dataset
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Table 5 Selection of bands weighted random

on Pavia University dataset

5 B | FE BE A%
1 0.105 7 5 6 0.0748 4
2 0.120 5 6 7 0.0746 4
3 0.1103 6 8 0.1015 5
4 0.093 7 5 9 0.1160 6
5 0.080 3 4 10 01225 6
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Fig. 12 Relations between the OA and the combination

coefficient y on Pavia University dataset
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Fig. 13  Classification maps of different methods on Pavia
University dataset( (a)SVM; (b) ELM; (¢) GELM;
(d) KELM; (e) GELM-CK; (f) KELM-CK;

(g) SS-EELM; (h) CVQ-EELM (ours) )

3) Salinas £ 4E4E

Salinas 4 46 2 i i AVIRIS {005 7E 56
FE] A4 JE S 1Y) Salinas (LA A4 B , 1% EIE
2P 3.7 m, A5 512 x 217 MEER, Hrp
B EARE 56 9715 A, AT H T BB ER 54 129 4,

£355 16 53 . AR IR BRAS RERE K B S 195
BUG FT 204 ASpcBeal LA .t T Salinas £
LB RIREAR H B 2 TER B — & 7 kG BE 1Y)
HIEE T,y T RGBS a], 5250 BE AL £ 1121
2% RYREARCH AT U 25, AR FEAR S RT3, VIl
ZR MK AEAS S & SE 1 TE Salinas B 46 19 73 26
K5 B AHABAE bR 02 6 Prs .

P 14 & Salinas $HlE 456 44 BB 1D R
ORI RN L) 53 A 15 0 ST Bz 16 A28 5] fl) 25 €4
XTRRIE . 5 7F Indian Pines fl Pavia University 5 4%
R BRI ERAEARIN] , 8] 15 2 HIBR BB R BVE S5
FOfELiRcER T 1 A 4 B (55 1—3 204 3B L HlBR
IR BEEE , 4T 200 AU BT 40 A 20 41, A
2H 10 M, g 16 Fizn . SR isoE ELM 326854
ANECEE T A, A A B BB £ 05 e 5 1 21
B BBUE AR 7 R HiBEER 6 BEBUM AR
AKGEH RN T A B BIL e 45 (4 I B D, s i
RE ) SB[ B RS

17 504 1 3% B AE A0 2 SRR AE O 2 A R B y
Xof 5 BV AR S N JRE R S, T ARRALE A 25 SRR AE
45 & TRIAE X Salinas w635 £ 5 5 43 28K B 52 i)
B, BlAE 25 SR ERUE AN BT i, 251 -y = 0.9
I, 25 00 A Ty SRS B Sk B A AR .y TR
Fe A Sk y = 0.1

A SCREBYR I 2l 10 155 7 Rt AT $ 52
RGBT o R8s R, & H e Salinas B4
£ BORBCR A 18 FiR

4) LB EE T

I bR S 45 AT R a3 A, 8 AR
HERFAE Y SVM ELM (GELM i1 KELM 4§ 4 Fh533%,
1T SVM Al KELM 53k 51 AT R sR 80 B 1 a1y
B fE], {H 4% ELM F1 GELM 833k 1 SR G A T
RRHE

23R FH 25 R AIE A Rp AR K 1, GELM-CK
KELM-CK SS-EELM Fl & 3 42 iy CVQ-EELM %
1219 73 2 B2 B SOR PR R AE A SR Y 70 Sk A
BORHE R, KELM-CK | SS-EELM FIA STV 1 3 25
R BE 1) 25 T4 AR Sk B B GELM-CK S35 24, 1
KELM-CK \SS-EELM I/ 3853 1) ][] JH #6420 K,
1E Indian Pines Pavia University £l Salinas /5 6% 4%
a2  KELM-CK B AL 43510 15.8 5,143 s
F154. 6 s;SS-EELM B3k 8 G | A% pR AR, R T A K

© b [H F G KR AR



o5 % /$5H1 /2020 5 B FEE,

Bk, XAZE / S ERERWAERBREINISGEEIRS X

&6 JEILT Salinas HIREK LA S KB ERHsH

Table 6 Classification class accuracy and other indicators of different algorithms on Salinas dataset

/%

Ak

GELM

KELM GELM_CK KELM_CK SS-EELM A3

(SRSl
JIgE Wik SVM ELM
Brocoli_green_weeds_1 40 1969 98.4 +1.13 97.4 +1.58 99.
Brocoli_green_weeds_2 75 3651 99.1+0.05 98.7 +0.38 99.
Fallow 40 1936 98.6+1.18 97.0 +3.50 93.
Fallow_roughplow 28 1366 99.2 £0.23 94.0 +4.41 98.
Fallow_smooth 54 2624 96.6+1.08 97.5 +2.23 98.
Stubble 79 3880 99.0+0.02 97.7 +1.23 99.
Celery 72 3507 99.1+0.05 99.1+0.96 99.
Grapes_untrained 225 11046 87.5+1.88 81.8 +3.01 86.
Soil_vinyard_develop 124 6079 99.3 +£0.04 99.3 +0. 19 99.

Corn_senesced_green_weeds 66

3212 93.0+1.03 95.0 +1.01 95.

2+0.09 99.0+0.02 99.6 £0.13 99.3 £0.22 96.9 +0.21 98.3 +0. 02
5+0.01 99.4 £0.13 99.6 +0.54 99.3 £0.07 96.9 +0. 17 98.2 +0. 08
3+1.34 98.8+0.36 99.6+0.81 99.9 +0.01 97.5 +0.01 98.3 +0.01
3+0.8598.9+0.9599.2£0.06 98.0 +0.66 95.6 +0.68 97.2 +0. 13
9+0.18 97.1+1.08 98.8 0. 13 98.9 +0.11 96.5 +0. 12 97.9 £0.23
4+0.04 99.4£0.25 99.6 £0.18 99.6 £0.02 97.2 +0. 02 98.3 +0.01
4+0.26 99.2£0.64 99.6 £0.11 98.9 £0.26 96.5 +0.29 98.2 +0. 06
3+2.87 86.1+2.2095.1+1.03 96.7 +0.88 94.1 +0. 88 96.3 £0.43
6+0.31 99.5+0.13 100.0 £0.0 100.0 0.0 100.0 0.0 100.0 £0.0
1+1.2393.6+2.09 98.1+0.68 98.4 £0.92 95.0+0.92 97.7 +0. 19

Lettuce_romaine_4wk 21 1047 93.6+1.1294.8+4.21 94.2+1.98 94.4 +1.08 99.0 £0.51 98.8 +0.36 95.2 +0.38 98.0 +0. 03
Lettuce_romaine_Swk 39 1888 98.9£0.2599.6+0.01 100.0 £0.0 100.0 0.0 100.0 0.0 100.0 £0.0 100.0 0.0 100.0 0.0
Lettuce_romaine_6wk 18 898 96.8 £1.13 98.9+0.57 98.1+1.04 97.3 £1.01 99.3 +0.36 99.4 £0.01 96.0 +0.01 97.0 +0. 14
Lettuce_romaine_7wk 21 1049 91.9+0.22 92.6 +2.98 91.4 £2.66 92.1 +1.86 97.1 +1.09 98.6 +£0.11 95.0 +0. 15 97.3 +0. 55
Vinyard_untraind 145 7123 67.3 £2.39 66.2 +3.21 63.1+10.2 69.0 +8.08 92.5 +2.27 98.9 £0.05 96.3 +0.05 97. 1 0. 58
Vinyard_vertical_trellis 36 1771 97.6+0.17 96.3 +1.37 97.6 £0.36 96.1 +0.55 98.7 £0.71 97.5 +1.03 95.1 +1.07 96.9 +0. 55
BRI ZREBE(OA) /% 91.6 £0.27 90.1 +0.54 91.0£2.13 91.6 +6.23 97.5 £0. 13 98.6 +£0.13 96.3 +0.13 97.9 +0. 12
X NEE (AA) /% 94.8 £0.26 94.1 +0.68 94.6 £0.66 95.0 +2.34 98.5 +0.04 98.9 +0.16 98.5 +0.26 98.9 +0.13
kappa % (k) 90.6 +0.65 89.0+1.05 90.0+1.32 90.7 +1.31 97.3 £0.07 98.5 +0. 13 98.1 +0. 14 98.8 0. 18
FIPAER /s 48.5+2.130.92£0.02 3.13 +£0.57 5.2 +0.51 7.85+0.21 54.6 +0.67 171.0 +0. 67169. 4 +0. 51

s I P R 547 IR AL ME

(a) ThRIE
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Kl 14 Salinas By4RER 44 i BIA LA DR (00 1] 32055 iy PRI RO 07 23 2

Fig. 14 False color image based, ground-truth map and corresponding colors on band 44 of Salinas dataset

((a) false color image; (b) ground-truth map; (c) corresponding colors)
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Fig. 15 Cumulative variation quotient curve of
band on Salinas dataset
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Fig. 16  Average grouping on Salinas dataset
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Fig. 18  Classification maps of different methods on Salinas dataset

((a)SVM; (b) ELM; (¢) GELM; (d) KELM; (e) GELM-CK; (f) KELM-CK; (g) SS-EELM; (h) CVQ-EELM(ours))
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Table 7 Selection of bands weighted random

on Salinas dataset

b2 RUE M| RS BiE A%
1 0.033 4 3 11 0.040 1 4
2 0.038 5 4 12 00455 5
3 0.042 4 4 13 0.040 1 4
4 0.063 1 6 14 00375 4
5 0.088 7 9 15 0. 037 4
6 0.0825 8 16 0. 041 4
7 0.075 3 8 17 00412 4
8 0.073 9 7 18 0.0408 4
9 0.054 9 6 19 00395 4
10 0.0521 5 20 0.0324 3
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Fig. 17 Relations between the OA and the

combination coefficient y on Salinas dataset
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