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SR XNAEEA 2, R ENE “idizie”
AU 388 < o PR Albert Ko % (2008) 4 i 4%
Oracle P:fE I PRGBS L TITIE . Oracle HEEIA
hy R AL N o3 2845 A — > 7T DORE I A
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R . BAFERXNE (2017) $E B —FhZE A R
23 [ A6 AF B AR A 5 09 3 A8 43 26 4
PR, MBI RN B I 2 1518
E BRI AR

BT, ASCHRFEHR G 25 A5 B A 3 S 5K
R INTIE? 51 e P 5% € NI = ot /i R ) R s
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RELF AU REA L oo 2, JFRE NARIC A &
B Boxt G A 0 PR R 22 R AT L
ANAFAET L S AF 0 K AR, U 2 3+ I A AR 408
WARIC ST & B L5 A AR IC s BT o L Al —
JE R R, )2 R 2 ) &R sl A 1) A 2 £
HEATIOM . R R —E RN, ZEEAFIE
K HDEIE = EE R g G mor. hik—L 42Tt
23 [F B A R, AR St v A & B H
I ERZ R EE R, R TG A NAR
S s ) A S Y T AR K AR R 2 2 AR I TR VKSA
(Variable K—neighborhood with Shape—Adaptive ) .

SLIG 431 FH Purdue Campus . Indian Pines £l
Salinas 3X 3 £H /&y 3 i B2 AR B X B 8t vk
ARNEIAT T IR HE
2 B

A B A 0 8T B A O AR B
TEAS 73 A ZEAE AR AR 23 (8] B[R] X8, A4
BE53 AR MNAAEAS 1) 73 B REAFE 22 57 o T3S
I3 M HE LA A i 73 2 i AR T R AR A1 DXl ]
52 R M, iGN kPR R Iy 2R de . R
] P SR i MR A Y s 2001

BB W 2] Ay A A0 H R 2R
TEURE A I e RCARE 23ty 3 55 0 26 T LA HG T 17 i
OrEaR . AR BB A R AR R R TE B
OyAT AR, B R AR A ARG, ]
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Fig. 1 lustration of the dynamic selection model of joint

spatial information
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(a) False color image of Purdue Campus
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(b) Ground truth distribution map
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Fig. 4 False color image and ground truth distribution map of Purdue Campus
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Table 1 The optimal parameters of experimental settings
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%2 Purdue Campus 5 FEiEEME X IE TR IE ST

Table 2 Classification accuracy and calculation time statistics of Purdue Campus

25 UIGREEA IEREA DElREAR TCRC MV OLA MCB MLA VKS VKSA
1 15 15 1272 89.66 90.04 96.56 96.26 96.56 96.60 94.46
2 15 15 1099 84.62 86.04 96.57 95.77 96.49 97.28 98.17
3 15 15 204 91.10 87.93 63.70 59.36 64.76 71.30 74.39
4 15 15 364 86.20 87.18 95.42 94.50 95.42 96.28 95.76
5 15 15 1336 98.24 98.63 98.99 98.30 99.00 99.22 99.47
6 15 15 1270 94.14 96.83 77.07 79.38 79.14 81.73 83.04

0A/% 91.04 92.11 9145 9138 91.96 93.05 93.17
AA/% 90.65 9Ll 88.05 87.26 88.56 90.40 90.88
Kappa 0.8866 0.9001 0.8921 0.8910 0.8984 09121 09136
i ) /s — 2.76 33.09 3542 32.60 1553.33 1365.56
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Fig. 5 Classification maps of land types for different feature extraction algorithms of Purdue Campus
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Fig. 6 False color image and ground truth distribution map of Indian Pines
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Table 3 Classification accuracy and calculation time statistics of Indian Pines

0 UIgEEA BRI TCRC MV OLA MCB MLA VKS VKSA
1 72 72 1284 76.83 77.59 82.41 83.36 82.35 85.90 89.58
2 42 42 746 81.53 80.68 47.53 47.21 48.02 49.43 54.48
3 25 25 433 97.66 97.89 88.45 87.43 87.39 88.28 91.18
4 37 37 656 94.57 95.32 97.46 96.95 97.01 99.24 99.39
5 24 24 430 99.54 99.82 99.95 99.81 100 100 100
6 49 49 874 79.86 80.95 62.29 57.92 60.64 63.13 63.20
7 123 123 2209 66.28 67.66 86.64 87.01 86.08 91.12 95.36
8 30 30 533 80.75 88.23 52.04 53.02 50.84 49.53 4233
9 64 64 1137 98.46 98.76 99.67 99.44 99.65 99.65 99.88

0A/% 80.16 81.49 81.11 80.80 80.66 83.07 84.96
AA/% 86.16 87.43 79.61 79.13 79.11 81.35 81.71
Kappa 0.7623 0.7758 0.7748 0.7704 0.7692 0.7977 0.8199
st ) /s — 0.36 147.78 486.37 494.68 508.30 460.53

TE LA S — Hb A R 43 JSRG BE fie o B (B



196 National Remote Sensing Bulletin

#ER&FIR 2024, 28(1)

(g) VKSA

TR — KR B
RECRBHL —C G KT U

TL -

7 Indian Pines B30 25 + b 78 55 1K

Fig. 7 Classification maps of land types for different feature extraction algorithms of Indian Pines
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Fig. 8 False color image and ground truth distribution map

of Salinas
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Table 4 Classification accuracy and calculation time statistics of Salinas

255 YIREEAS SGTEREAS  IIARA TCRC MV OLA MCB MLA VKS VKSA
1 10 10 1989 99.91 99.94 99.24 97.65 99.24 99.55 99.80
2 10 10 3706 99.21 99.24 99.97 99.48 99.97 99.46 99.42
3 10 10 1956 97.04 97.62 97.55 93.72 97.80 98.84 98.68
4 10 10 1374 98.19 98.20 93.61 93.77 93.41 97.21 98.51
5 10 10 2658 94.97 94.47 98.40 97.38 98.37 95.96 96.43
6 10 10 3939 99.89 99.96 100 100 100 99.96 99.96
7 10 10 3659 99.79 99.79 99.98 99.88 99.96 99.98 99.76
8 10 10 11251 65.68 68.27 68.73 68.51 71.14 72.81 73.93
9 10 10 6183 94.89 94.83 99.91 99.53 99.91 97.18 98.10
10 10 10 3258 91.00 91.23 87.57 87.91 88.59 91.70 94.00
11 10 10 1048 96.03 96.32 98.09 97.42 98.21 96.38 96.85
12 10 10 1907 95.76 95.36 85.56 91.00 87.98 97.36 97.68
13 10 10 896 76.05 77.49 92.19 91.96 91.47 90.53 91.20
14 10 10 1050 84.10 85.58 93.49 94.11 93.96 87.00 90.81
15 10 10 7248 59.17 60.06 60.35 57.97 60.29 60.52 60.84
16 10 10 1787 100 100 97.48 97.39 97.72 100 100

O0A/% 84.51 85.19 86.11 85.61 86.75 87.18 87.76
AA/% 90.73 91.15 9221 91.73 92.38 92.78 93.50
Kappa 0.8276 0.8352 0.8462 0.8400 85.26 85.77 86.38
Bt fi /s — 1.63 414.42 455.85 417.06 569.37 596.00
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Fig. 9 Classification maps of land types for different feature extraction algorithms of Salinas

4.5 SHSWT

(1) BRI AT, 2, KIME4G5IT
T TR 10 Was AT - AR (AR il 72
ALFERTIA Y R0, R K ) . A
SO ER Y S FRAE B R R, MV SRS S R e
OLAFIRIRZ, MCBRZLIZH H R RIE, VKSAH
P XS RS AR LU AR T £, {25 VKS
VLB R AEA 2ZE T L (5 VKSA B IE I 70 250G 1
R AOLT VKSE L. 274G %5 180 20k B A i)
BIRE, VKSABILES.

(2) 485 S %K, B 108" T OLA. MCB,

MLA . VKS Fl VKSA 45 5 Fft 8 245 52 iU R0 12 1) Ak 43
PG BEAH AR IS E K AR ey s . HApRS 8k
BWE 1R . EF X HYMAP Purdue Campus 5 6
W, dE10 (a) PRI, OLA, MCB. MLA
FVKS 55 4 3l 255 USRI 1Y) 73 205 B B K (B 1 722
R A FE AR R (0 VKSA Sk 1 43 251
g A0 T oAl 4 Fh2h SR, HiZBkiZ K
M/, B VKSA B8543 26k fe e H Sk
R o VKS B0 B 53 2K BE Rl A K (A r 38 i 522
AT I B i s A T A J?ITTPurdue
Campus E0C88 R s X0, MU IR IR S5 44 2 4%



BREE: 45« A 23 A1 S0 A0 8 D't 1 SR D ) 2R 3l A SR I 26500 199

BN KAE (BN ABBET 1) T GRS M4
W 2 MY A S5 4 . VKS B0 K (B0 L
B, MKAE R 15:00, TR 1) AR I3 RS BE I )
92.5%, HZEMLT MLA ShEB IR IHREE . hE
10 (a) "R UL, VKSFIVKSA P ff 3h 25 8 1k 1) B
fEKEYIR S5,

1
5 10 15 20

86

85 p———

84

83
Lot

8
81 e

80

79 L

88.0

87.5

87.0

RARKEE /%
oo (o]
IS N
e § w

oo
W
W

o0
A
(=}

1 1
8455 10 15 20
K

(¢) Salinas
OLA —®—MCB —@— MLA
- VKS —@— VKSA
EI10 3BT K- ARG 1B AR Ak i £ &
Fig. 10 Overall accuracy of different algorithms for three data
set with varying K

X} Indian Pines = G2 M 5, MLA. MCB,
VKS Fl VKSA 4 F 20 25 8 iR 5 AH 3 T OLA B 25
LE A A2 KM RZ /N AN [R]F Purdue Campus
ECIE T 5 e, Indian Pines T R4 R #0) 5¢
— Y ISR B, BT LA E A RS R
X VKS sl 4 4 s s m g/ . VKSA B33k Bk
ST RNGREL N 85%, fm T VKS Bk i KK E 24
1%, & T oA 3 Fh ol A5 48 W03k 40 20KG B 2 4% .,
10 (b) Haf b, KEEENSE, VKSAHI
VKSA W Fh 2l A48 ik 1 o3 28 R IR 1

B X5 3 4143 253 5 Salinas BUHE , VKSA Al
VKS Wi 51y 45 4 RS 125 1) 43 200G 1 I K (B A8 1k
I AHF R S BEE KAE RS, wFh
B IAE Y e T R . I RR 3h A R A
M Bk KA 10, BE 10 (¢) ATIL, VKSAH®
B0 53 K BE W W TR 4 Fh Bl A A o 2R
Bk,

(3) [ {H 2 %1 threshold, &l 11 Xf Jif VKS Fil
VKSA P il 501 25 8 1530025 0 B AR 22O 1 (Rt o
AR, HASERENER PR, B{E8H
K, BIFRIC ST A7 bk, AR A R g s
15 8 o EFXT 55 1 24 Purdue Campus /5 6 i 450040
T VKSHBIEN S, SERESHEN0.7. HEIHE
U FEIAE 0.1—0.5 X [8] , VKS 539% 43 24 J 1 1557
f, ZIRBEE B ARG, R R BTt
1K B f e N S PR BR . VKSA B30 (1 B A B E N
0.5, 0K B Bl B 9 A8 AL 2 B 28 ETHE T RE
My, Y B HUE T 0.2—0.6, VKSA Bk
SRS B T VKS Bk . R BIE X H], VKS 5
BRI ML T VKSA Bk

EFXF5E 2 4 Indian Pines &GS 804G, 24 HE
7 F 0.1 2 0.5 BUE X [H] P, VKS 5163 RS BE A%
RS, B 5 SR e TR TR, AEN
AL M 0.6, X VKSA L5, RAERES
B 0.1, VKSA B 1) SR 43 2R B2 e 25 BB 1Y
BOM—E R, mE 11 (b) AT, VKSA B
() EAE BE 5 T VKS Bk

B X5 3 21 Salinas 55 G 8, VKSR
IS YR RS S NG = A N I S E R Ry
0.5, 1 VKSA 535 (1) 43 28 6 IR 3 19 {81 in 2
MiZAs 2%, AR 01, mE1L (o) hal i,
Tt KA A 254k, VKSA B i S AoRs 1 — 19
T VKSHE ¥,



200 National Remote Sensing Bulletin

#ER&FIR 2024, 28(1)

93.5

93.0

©

N

[}
T

SARKERE /%
Nl
N
oo
T

910 1 1 1 1
01 02 03 04 05 06 07 08 09

(a) Purdue Campus

»

AERERE %
8
(=]
T

’
s
&
s
¥
¥
s
s
-4
4
s
s
y
¥
s
s
,
s
s
S

82.0 k-

81 5 1 1 1 1 1
01 02 03 04 05 06 07 08 09

7]
(b) Indian Pines

88.0

87.8

RARRERE /%
oo oo
N A
S N

86.8
86.6

86.4
01 02 03 04 05 06 07 08 09

7]

(¢) Salinas

smesmemmemwm VKS

P11 3 418006 53 threshold- AR B A f i 2k ]
Fig. 11 Overall accuracy of different algorithms for three data
set with varying threshold

:I.: N
5 én TE

AR SCHE T g O G 1R B A LA
R VKSHIVKSA, Hr VKSHILZE G R =
T3 B R B 6 R AN A (AR, R e ad
[vi] B B 41 43 28 5 AT A A4 2H B8 B0ORG B8 1 34 7
AR K AR, A AAETE AR K 4RI, T2

I 5 7 1A 7 ORI AR SR BE AR 1 25 TRl 8 . %
) 38 T 1 RS B S B ) TR A RRAE
— BT T T HIE RN 1) VKSA Bk . 341
1 8 SRS AR SL 00 45 SR R W 5 A LA 20 25 4 AR
DB, A SCHE PRI A 4 (B M5 B sh &
B R B E T R, Horp 53T
i 7 7 A VKS B AR LG, JE T Al i H o =K
() VKSA B BEARAS B A (1 20 Sk R

5 H A sh A S LA A A EL AR SCHRE R A R
ERER ) WR (I

(1) 48 M A 20 288 4 BRI ) B 2% 18 432
i 8 0 2KG FE FARBLEE 35 107 ek A8 IR A 1 K
ARk, AR EAIRE T X LA m AT S S
R

(2) 48 M1 B A8 48 BRI T s 1) Jm 5
MR SRAE B . VKSF R VLSA Bk o 5l it 1
[ 5 7 1R [ 3 7 9 11 A A SRl S T REAR Y
JREB s AT AR O &, n Fn 50 I H R G 18 iR s AR
b5 2= s D A 2540 15 2,

A SCHE A IR W R S LR £
ey 2 JEOR [ 2 IS S AR B A RS, G
I SEU 58 B R A RO T 2 — DR .

2 % 30k (References)

Benediktsson J A, Chanussot J and Fauvel M. 2007. Multiple classifier
systems in remote sensing: from basics to recent developments//
7th International Workshop on Multiple Classifier Systems.
Prague: Springer: 501-512 [DOI: 10.1007/978-3-540-72523-7_50]

Bioucas-Dias J M, Plaza A, Camps-Valls G, Scheunders P, Nasrabadi
N and Chanussot J. 2013. Hyperspectral remote sensing data anal-
ysis and future challenges. IEEE Geoscience and Remote Sensing
Magazine, 1(2): 6-36 [DOI: 10.1109/mgrs.2013.2244672]

Chang C 1. 2003. Hyperspectral Imaging: Techniques for Spectral De-
tection and Classification. New York: Plenum Publishing Co

Cruz R M O, Sabourin R and Cavalcanti G D C. 2015. META-DES.
H: a dynamic ensemble selection technique using meta-learning
and a dynamic weighting approach//Proceeding of 2015 Interna-
tional Joint Conference on Neural Networks (IJCNN). Killarney:
IEEE, 2015: 1-8 [DOI: 10.1109/1IJCNN.2015.7280594]

Cruz R M O, Sabourin R and Cavalcanti G D C. 2018. Dynamic classi-
fier selection: recent advances and perspectives. Information Fu-

sion, 41: 195-216 [DOI: 10.1016/j.inffus.2017.09.010]

Damodaran B B and Nidamanuri R R. 2014. Dynamic linear classifier
system for hyperspectral image classification for land cover map-
ping. IEEE Journal of Selected Topics in Applied Earth Observa-
tions and Remote Sensing, 7(6): 2080-2093 [DOL: 10.1109/JSTARS.



BREE: 45 - A 2s M5 S e e g

18 b ) e Bl A W JEH ik

201

2013.2294857]

Damodaran B B, Nidamanuri R R and Tarabalka Y. 2015. Dynamic en-
semble selection approach for hyperspectral image classification
with joint spectral and spatial information. IEEE Journal of Select-
ed Topics in Applied Earth Observations and Remote Sensing,
8(6): 2405-2417 [DOI: 10.1109/JSTARS.2015.2407493]

Didaci L and Giacinto G. 2004. Dynamic classifier selection by adap-
tive k-nearest-neighbourhood rule//5th International Workshop on
Multiple Classifier Systems. Cagliari: Springer: 174-183 [DOI:
10.1007/978-3-540-25966-4_17]

Dos Santos E M, Sabourin R and Maupin P. 2008. A dynamic overpro-
duce-and-choose strategy for the selection of classifier ensembles.
Pattern recognition, 41(10): 2993-3009 [DOI: 10.1016/j. patcog.
2008.03.027]

DuPJ,XiaJ S, Xue Z H, Tan K, Su H J and Bao R. 2016. Review of
Hyperspectral remote sensing image classification. Journal of Re-
mote Sensing, 20(2): 236-256 (K-35 4%, H AR 1, REGIE, B3, I5
LU, B . 2016, R GG E B AR S A AT IE I L BRI,
20(2): 236-256) [DOI: 10.11834/jrs.20165022]

Foi A, Katkovnik V and Egiazarian K. 2007. Pointwise shape-adaptive
DCT for high-quality denoising and deblocking of grayscale and
color images. IEEE Transactions on Image Processing, 16(5): 1395-
1411 [DOI: 10.1109/TIP.2007.891788]

Fu W, Li ST, Fang LY, Kang X D and Benediktsson J A. 2016. Hyper-
spectral image classification via shape-adaptive joint sparse repre-
sentation. IEEE Journal of Selected Topics in Applied Earth Ob-
servations and Remote Sensing, 9(2): 556-567 [DOI: 10.1109/
JSTARS.2015.2477364]

Garcia S, Zhang Z L, Altalhi A, Alshomrani S and Herrera F. 2018. Dy-
namic ensemble selection for multi-class imbalanced datasets. In-
formation Sciences, 445-446: 22-37 [DOI: 10.1016/j.ins.2018.03.002]

Giacinto G and Roli F. 2001. Dynamic classifier selection based on
multiple classifier behaviour. Pattern Recognition, 34(9): 1879-1881
[DOI: 10.1016/S0031-3203(00)00150-3]

HeL,LiJ, Liu CY and Li S T. 2018. Recent advances on spectral-spa-
tial hyperspectral image classification: an overview and new
guidelines. IEEE Transactions on Geoscience and Remote Sens-
ing, 56(3): 1579-1597 [DOI: 10.1109/TGRS.2017.2765364]

Hou C Q, Xia Y J, Xu Z R and Sun J. 2016. Learning classifier compe-
tence based on graph for dynamic classifier selection//Proceeding
of the 2016 12th International Conference on Natural Computa-
tion, Fuzzy Systems and Knowledge Discovery (ICNC-FSKD).
Changsha: 1IEEE, 2016: 1164-1168 [DOI: 10.1109/FSKD. 2016.
7603343]

Ko A H R, Sabourin R and Britto A S. 2008. From dynamic classifier
selection to dynamic ensemble selection. Pattern Recognition, 41(5):
1718-1731 [DOLI: 10.1016/j.patcog.2007.10.015]

Kumar S, Ghosh J and Crawford M M. 2002. Hierarchical fusion of
multiple classifiers for hyperspectral data analysis. Pattern Analy-
sis and Applications, 5(2): 210-220 [DOI: 10.1007/s100440200019]

Kuncheva L I. 2000. Clustering-and-selection model for classifier com-

bination//KES'2000. Fourth International Conference on Knowl-

edge-Based Intelligent Engineering Systems and Allied Technolo-
gies. Proceedings (Cat. No.00OTH8516). Brighton: IEEE: 185-188
[DOTI: 10.1109/KES.2000.885788]

LiDY, Wen G H, Li X and Cai X F. 2019. Graph-based dynamic en-
semble pruning for facial expression recognition. Applied Intelli-
gence, 49(9): 3188-3206 [DOI: 10.1007/s10489-019-01435-2]

Li W and Du Q. 2014. Joint within-class collaborative representation
for hyperspectral image classification. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, 7(6):
2200-2208 [DOI: 10.1109/JSTARS.2014.2306956]

Peng J T, Sun W W and Du Q. 2019. Self-paced joint sparse represen-
tation for the classification of hyperspectral images. IEEE Trans-
actions on Geoscience and Remote Sensing, 57(2): 1183-1194
[DOI: 10.1109/TGRS.2018.2865102]

Peng J T, Zhou Y C, Sun W W, Du Q and Xia L K. 2021. Self-paced
nonnegative matrix factorization for hyperspectral unmixing.
IEEE Transactions on Geoscience and Remote Sensing, 59(2):
1501-1515 [DOI: 10.1109/TGRS.2020.2996688]

Smits P C. 2002. Multiple classifier systems for supervised remote
sensing image classification based on dynamic classifier selection.
IEEE Transactions on Geoscience and Remote Sensing, 40(4): 801-
813 [DOI: 10.1109/TGRS.2002.1006354]

Su H J. 2022. Dimensionality reduction for hyperspectral remote sens-
ing: Advances, challenges, and prospects. National Remote Sens-
ing Bulletin, 26(8) : 1504-1529 (JFR£L % .2022. & Y61 % B3
R 2fi - 0k PGS R B 3B 4L, 26 (8) : 1504-1529) [DOI:
10.11834/jrs.20210354]

Su H J and Liu H. 2017. A novel dynamic classifier selection algo-
rithm using spatial-spectral information for hyperspectral classifi-
cation. Remote Sensing for Land and Resources, 29(2): 15-21 (i
LU, XU . 2017, —FpoRI IS ARG B @Ot E R L 5
e Bl AR . BRI I, 29(2): 15-21) [DOL: 10.
6046/gtzyyg.2017.02.03]

SuH J, YuY, Du Q and Du P J. 2020. Ensemble learning for hyper-
spectral image classification using tangent collaborative represen-
tation. IEEE Transactions on Geoscience and Remote Sensing,
58(6): 3778-3790 [DOI: 10.1109/TGRS.2019.2957135]

Su H J, Zhao B, Du Q and Sheng Y H. 2016. Tangent distance-based
collaborative representation for hyperspectral image classifica-
tion. IEEE Geoscience and Remote Sensing Letters, 13(9): 1236-
1240 [DOI: 10.1109/LGRS.2016.2578038]

Tang X, Meng F B, Zhang X R, Cheung Y M, Ma J J, Liu F and Jiao L
C. 2021. Hyperspectral image classification based on 3-D octave
convolution with spatial - spectral attention network. IEEE Trans-
actions on Geoscience and Remote Sensing, 59(3): 2430-2447
[DOTI: 10.1109/TGRS.2020.3005431]

Tong Q X, Zhang B and Zhang L F. 2016. Current progress of hyper-
spectral remote sensing in China. Journal of Remote Sensing, 20(5):
689-707 (L PCHE, TKEE, BRAZAR . 2016, R R G IR Y AT Y
PER . BEIEEEAR, 20(5): 689-707) [DOI: 10.11834/jrs.20166264]

Woloszynski T and Kurzynski M A. 2011. Probabilistic model of clas-

sifier competence for dynamic ensemble selection. Pattern Rec-



202 National Remote Sensing Bulletin i & 54k 2024, 28(1)

ognition, 44(10-11): 2656-2668 [DOI: 10.1016/j.patcog.2011.03.020] [DOI: 10.1109/34.588027]

Woods K, Kegelmeyer W P and Bowyer K. 1997. Combination of mul- Zhang L P and Zhang L F. 2005. Hyperspectral Remote Sensing. Wu-
tiple classifiers using local accuracy estimates. IEEE Transactions han: Wuhan University Press (5K [ 55, 5K 374/ . 2005. &5 % 1%
on Pattern Analysis and Machine Intelligence, 19(4): 405-410 %L BB RO AL

Dynamic selection algorithm for collaborative representation of
hyperspectral remote sensing based on joint spatial information
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Abstract: Ensemble learning has recently attracted considerable attention for hyperspectral image analysis. This model integrates multiple
base classifiers for joint decision making, which is better than using a base classifier. Ensemble learning includes static and dynamic
classifier ensembles. In the static ensemble method, the same classifier combination scheme is selected for testing sample. However, this
method ignores the difference in classifier performance for each testing sample. Considering the features of testing sample, the best classifier
is selected adaptively in dynamic ensemble methods. Therefore, this classifier can generally achieve better performance than static ensemble
methods for hyperspectral image classification. However, numerous dynamic ensemble methods only consider the spectral information of
the validation and training samples, ignoring the rich spatial information of hyperspectral images.

A Variable K-neighborhood and Spatial information algorithm (VKS) is proposed in this paper to further improve the accuracy and
reliability of hyperspectral image classification. Firstly, the VKS algorithm comprehensively considers the accuracy and similarity of the
classifier to adaptively adjust the K-neighborhood of the testing sample, increasing the reliability and flexibility of the region of competence
setting. Thus, the testing samples with good spectral discrimination performance are preferentially classified. The label information of
spatial neighborhood samples is used for predicting the testing samples with poor spectral discrimination performance. A fixed window is
designed to provide local spatial information in hyperspectral images. However, fixed windows cannot reveal the complex and changeable
morphological characteristics of ground objects. An adaptive window that can effectively reflect complex spatial information is proposed to
capture the complex and changeable spatial structure in a hyperspectral image, and a variable K-neighborhood with a shape-adaptive
(VKSA) algorithm is further designed.

The Purdue Campus, Indian Pines, and Salinas hyperspectral remote sensing data sets are used to design experiments and verify the
performance of the proposed VKS and VKSA algorithms. Four state-of-the-art methods, namely, majority voting, overall local accuracy,
modified local accuracy, and multiple classifier behavior, are used to quantify the classification accuracy. Experimental results demonstrate
that the VKS and VKSA algorithms outperform static ensemble methods and three classic dynamic ensemble methods in overall
classification accuracy. Moreover, the VKSA algorithm with an adaptive window perform better than the VKS algorithm with a fixed
window.

Key words: hyperspectral remote sensing, dynamic selection, shape-adaptive neighborhood, collaborative representation, image classification
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