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Abstract: Objective Hyperspectral images (HSIs) capture dozens or even hundreds of narrow spectral bands, providing a
wealth of spectral details that make it possible to differentiate land-cover classes even when their spectra differ only
slightly. With the rapid development of the low-altitude economy, HSIs have been widely used in remote sensing applica-
tions such as land-cover mapping, agricultural monitoring, environmental analysis, and urban observation. However, the
high dimensionality of hyperspectral data also introduces severe redundancy among adjacent bands, which substantially
increases the burden of storage, transmission, and computation in subsequent image analysis. Band selection has become
an important dimensionality reduction approach to alleviate these problems. It extracts a compact subset of informative
bands directly from the original spectral space while preserving the physical meaning of the selected wavelengths. Existing
band selection methods can generally be divided into unsupervised, supervised, and semi-supervised methods. Among
these, semi-supervised band selection is particularly attractive because it attempts to take advantage of both labeled and
unlabeled samples. However, most existing semi-supervised methods are built for a single dataset, meaning they mainly
depend on the small number of labeled samples available within one image. In real-world scenarios, hyperspectral labeling
is expensive and difficult to obtain, restricting the discriminative capability of the selected band subsets. In fact, hyper-
spectral datasets acquired by the same sensor typically exhibit similar physical properties, such as reflectance or radiance
characteristics, even though they may correspond todifferent scenes and land-cover distributions. This indicates that mul-
tiple related datasets may contain latent common spectral knowledge that can be jointly explored. Motivated by this, the
paper seeks to enhance band selection performance under limited supervision by moving away from optimization on a single
dataset and instead adopting collaborative analysis across multiple datasets. Method To achieve this goal, an evolutionary
multitasking optimization (EMTO) -based multi-dataset collaborative band selection method, termed EMDCBS, is pro-
posed. The core idea is to jointly exploit dataset-specific spectral information and shared discriminative knowledge within a
unified multitasking optimization framework. Specifically, for each hyperspectral dataset, EMDCBS establishes a private
unsupervised band selection task to search for band subsets with rich spectral information. In parallel, a shared supervised
band selection task is constructed by integrating the labeled samples from multiple datasets so as to alleviate the limitation
caused by insufficient annotations in any single dataset and to enhance the discriminative capability of the resulting band
subset. To optimize these tasks collaboratively, EMDCBS adopts an evolutionary multitasking optimization mechanism in
which candidate band subsets are encoded as binary individuals and iteratively evolved through crossover and mutation.
During this process, both intra-task interaction and inter-task interaction are introduced. The former enhances the search
within the same task, while the latter enables knowledge transfer across different tasks, thereby facilitating the reuse of
potentially effective band combinations and improving global search ability. For the private unsupervised tasks, informa-
tion entropy is used as the objective function to preserve information-rich bands. For the shared supervised task, a separa-
bility criterion based on between-class scatter and within-class scatter is adopted to characterize the discriminative quality
of the selected bands more directly under limited labeled samples. After task optimization, EMDCBS obtains multiple
diverse optimal band subsets from different tasks. Since these subsets emphasize different properties, a multiple band sub-
set fusion strategy is further introduced. By jointly considering information content, discriminative ability, and redun-
dancy, the proposed strategy generates a final band subset with better comprehensive performance for each dataset. Result
This paper evaluates the effectiveness of the EMDCBS method using four hyperspectral datasets. The overall accuracy
(OA) values of the proposed EMDCBS method on the Pavia University, Pavia Center, LongKou, and HongHu datasets are
90. 05%, 95.89%, 93.39%, and 79.21%, respectively. These results demonstrate that, compared to other band selec-
tion methods, the EMDCBS method can generate a better band subset with limited labeled samples, and achieves better
classification performance. Notably, the improvements observed on the LongKou and HongHu datasets indicate that the

advantages of collaborative learning across multiple datasets are more pronounced when labeled data are scarce and scene
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complexity is high. Furthermore, in the parametric analysis, the classification accuracy of all band selection methods

BB ESRUN S BIREDRE B IL K RIEE
increases with the number of labeled samples. However, when the number of labeled samples per class exceeds 50, the
improvement in accuracy for all methods tends to plateau. In addition, the impact of the size of the selected band subset on
classification performance is also analyzed in the experiments. Experimental results show that increasing the number of

selected bands improves classification accuracy, but the performance improvement becomes minimal when the subset size
exceeds 20 bands. This indicates that selecting additional bands may introduce redundancy and increase storage and com-
putational burden, but has limited impact on improving classification accuracy. Ablation experiments, by comparing the
classification accuracy of single-dataset band selection with multi-dataset collaborative band selection, confirm the effec-
tiveness of multi-dataset collaborative analysis. Furthermore, comparing convergence curves with and without task interac-
tion mechanisms shows that these mechanisms not only accelerate convergence but also produce better band subsets. This
indicates that knowledge sharing between tasks positively impacts the evolutionary optimization process. In addition, abla-
tion experiments verify that by balancing information richness and class discriminative ability and reducing redundancy,
the multi-band subset fusion strategy can obtain better band subsets. In conclusion, these results confirm that each major
component of EMDCBS makes a significant contribution to performance improvement. Conclusion This study proposes a
collaborative semi-supervised hyperspectral band selection approach based on evolutionary multi-task optimization, namely
EMDCBS. Unlike traditional approaches that optimize band subsets independently within single datasets, EMDCBS con-
currently formulates private unsupervised tasks alongside shared supervised tasks across multiple datasets. EMDCBS

employs a collaborative multi-task evolutionary search combined with a multiple band subset fusion strategy. This improves
both optimization efficiency and the quality of selected band subsets. As a result, it enables more informative and discrimi-

native band selection even when label supervision is limited. Experimental results conducted on four hyperspectral datasets
demonstrate that the proposed method outperforms compared techniques. Nonetheless, several areas for further enhance-

ment remain. First, acknowledging that shared spectral knowledge among tasks is inherently dynamic rather than static,

there is a need to develop an adaptive knowledge transfer mechanism that accounts for task relevance , population diversity,

increase significantly, making it crucial to explore more efficient search strategies.

the number of tasks and the scale of data, the time and computational resources required for evolutionary strategies will

and optimization progress to enable more precise and effective inter-task collaboration. Furthermore, with the increase in
tionary multitasking optimization ; low-altitude economy
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Fig. 1 The framework of EMTO-based multi-dataset collaborative band selection.
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BT AR R IARE
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¢ 1 Mg, | | |
Zﬁ;(xb—x;)(x}j_x;) (5)

J

Sy =

Q=

SB=%Z(E§—£,)(E§—£,)T (6)
o trace (<) BRFERE I o S, 2678 2 N LR #E
W, T 6 ) — 2R 0 N AR A AL o S, R 26
V) HC R L I, T e AN W) 2 00 2 ) ) 22 S o o)
PR P KRNI AN, R AR A
Bo xR NI E R B X 2 2RI
FEAR BRI &, C RS 4 F BV, RoR
2N HIBEE AR BE trace(SW) BN, 25 [R) HORE AR BE
trace (S, ) I, BN ) 28 1) =2 ) 1) 25 SR A, ) —
FEY 22 RV

AT R AT S5 B H AR SR B AR AT
M F2 BN B ARV, R L n il o A 2
R R N/ E0F i A /1 o S N R Y N R LS
15 R AR [\ AT 55 R Ay B A A K
(P ph i K LA A e O B T4 (7, B, b))
1.4 ZBEERTEME

I A AT 55 I Bk R A 55 T, B T, AR
TEREFE MR B b by, T 2148
P PRICFEAS AT 55 T AR B T H0 5 8 7 9ik Y e A
BB A b, R T ISR IR TC M BT 5 A3k
WEAE S R BN 2R BT A SR I T —
T Z P B AR RS R LG T i T IR TR
SR HNEE I AR TUAR B, i MR A 25
PEREDL TS I B 74 .

T 58, ¥ 2R T B I B e AT 55 0 A A
PB4 by by N B B B AT 55 1 B G I8
BOT 4 by 45 5 R OB BE 1, RN T R n]
B

B, = sort(b, U b)),t = 1,2 (7)

o, sort () Fom X i B B S b AT HEY o i T

TR G T PG ) e B B A I S, AR AR B B A B

FROARARLEE , DALk, >R FH ] o SRARE 118 7 A ol 1 D B

TOAREBARM I B T2 B, 1 B, SR)5 , FIH KL L
JEXS WA B 1 BT (R B ITUAR VAN .

KL, = EZE(log(bm) - 10g(bn))

bnmbn € BL[

(8)

X, b, M b, Fom BB 4R B, AN TR A 91 I
Bt KLHUEBOR, P Be 2 i TU A 15 S, al
FEM L K, SEHCKL B R Y BT B,
VERR T e A 1 W s LB 746 By .

2 XWERSHHR
T B AEAS ST R EMDCBS A& b, 18
YR 7 Sl = L I ' [N |1 0

TEARTNT L 7R T PR 77 1 B9 280 i W sv: o3 Bir
DAL B3 SR A R PR S R 4 2R

2.1 ZHHEE
E

.'

(a) PaviaU (b) PaviaC (c) LongKou (d) HongHu
(AN Pk A SN R AN
) SO -_
T
-
= =
ia =9
(e) PaviaU ) PaviaC - (g) LongKou (h) HongHu
AAH K AAE AAE K HAEK

((a) pseudo-color image of PaviaU; (b) pseudo-color image of
PaviaC; (c¢) pseudo-color image of LongKou; (d) pseudo-color
image of HongHu; (e) groundtruth map of PaviaU; (f)
groundtruth map of PaviaC; (g) groundtruth map of LongKou
(h) groundtruth map of HongHu )

Ko Du%dhidk

Fig. 6  Four dataset

(1)ROSIS Ji f5f% 835 : Xt 0. 43-0. 86pm I KA
FIN Y 115 DI BOEZ SR, 25 53 BER N 1.3 mo
PaviaU 45 4 76 5 R A 28 W7 K57 3R B, K/ Hy
610 x 34014 K , 6% 9125, D (RS om B A 5]
BanE 6(a)(e) r7n o PaviaC B¥E 5 78 & R AL HB
AR IA 47 AR B, K/ 1096 x T15 1836, 7% 9 2%
B ANF UG A ELE KA 1 6 (b) () T o PaviaU
5 PaviaC B EAFAE TR AT HYI )

(2) Headwall Nano-Hyperspec i {5 1% J&% #% « XI
400 - 1000 nm K G Fl N Y 270 > 9 BLE 22 1
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BEE, &, BW, #R%EH, Wik, ZE0, IH
HUZESHUNSBIEEN RS ITRERIEEF

14 WHU-Hi-LongKou ( LongKou VR (Zhong A
2020) 7E H [ W A48 e H B AR A, ST 550 % 400
G, 230 0 RN 0. 463 m, 415 9B DR 65
UG EAE & 6 (¢ )(g) 7R . WHU-Hi-HongHu
(HongHu) 245 4 (Zhong 45, 2020) 7€ H [ i b 45 1t
W AR, SF ol 940 x 47518 &, 25 [al 4y HE R N
0. 043 m, f13% 22251, Py 0 RIS L AR 1AT a4
6(d) (h) BT 7/~ o LongKou 5 HongHu %5 #i 4 15 b &
T AL A IS A AR AL 5 T e
2.2 MHEEESSHIRE

Xof I IR B e R Bk 43 Ay T i B B B R A v
A MR B PO . T B Sk A G IR T A
B BN SR Mg WaLuMI(Martinez-Uso 45, 2007) . 3& T REAY
Z Hbri Be e 75 7% (Incorporated Rank-Based Mul-
tiobjective Band Selection, IRMoBS) (Xu %,2017) Fl
AL Z AT 55 U 7] i B BE £ (Evolutionary Multitask
Collaborative Band Selection, EM_CBS) (Shi % ,
2022) o R S D T U 03 2 IR B B R
(Band Selection Using Improved Classification Map,
BS_IC) (Cao %, 2017) 2 T3 45 70 S AR He A A9 i B
# ¥ (Band Selection Based on Dynamic Classifier
Selection, BSDCS) (Cao 5 ,2019) F15 T i (b 24T 55
T A6 /9 22 o ) 2 W5 B J7 7% (Multicriteria Semi-

supervised Band Selection Method Based on Evolution-

ary Multitasking Optimization, MTBS) (Shi%%,2022).

X} T 22 $0HE 4 B[] J7 % EM_CBS Fl EMDCBS,
PaviaU il PaviaC 504 5 A —2H 9% [F] B A 3, LongKou
F1 HongHu “hy — 21 [W] B 96 B ok 4% . 76 P 4 O 1
EMDCBS H' , PaviaU 5 PaviaC ¢ #i& & (LongKou #11
HongHu 4 45 ) 19 22 23 1 Bl e S5 21 [] — R 2
ANTR) 50 ) e St BN [ B5 45 . PaviaU F1 PaviaC 24
BEAPAE TR ALY S50, X e Blb ] A RN 23S
1125, LongKou %48 5247 9 25 4 , HongHu £ 4l 4
FAAE 222830, A LS54T 228 Rk, X B
BB T ) 27 >0 I R B ) 2 0l — AT 29 26 0 A )y
BAA AR RS

JIF 4 7 v FREE RS R 60, 15 AR ECH 100
W BRI 20, BSAT 55 A2 H AR 0.3 4%
S5O0 3, FRICHEARLECH S0 B2 . SR AT SVM
VESR 532848 1% SVM 2R HIAR [ 5 ok B0V Ol % R
Fa b3 A BA 53 2K FE (Overall Accuracy, OA) *F1
G E (Average Accuracy, AA)Fll Kappa 24U .
2.3 FEERE

AN ) B3 7F PaviaU #l PaviaC I 9 43 25 25 3 1
B 7. 8 R 1 B FEJCHi B Bk, T 25
35 4 B3 [7] 19 EM_CBS 7£ PaviaU #1 PaviaC 1) OA
86. 12% A1 95. 43%, i T HAML I W B 53 WaluMIAl
IRMoBS, Ut 1 22 54l 03 [R) 110 A6 RE % 45 21 14 RE 5210

®1 ARAEEENNBEE LS XER (MARTZER THRAER)

Table 1 The classification results of different algorithms on four datasets (Bold text indicates the optimal result for this met-

ric)
By te L All Bands WalLuMI IRMoBS EM_CBS BS_IC BSDCS MTBS EMDCBS

OA 93.85 85.74 85.33 86.12 88.92 85.30 85.44 90.05

PaviaU AA 94.09 88.80 88.72 89.04 90.35 87.52 88.92 89.55
Kappa 93.19 84.17 83.71 84.59 87.71 83.68 83.83 88.99

OA 98.34 94.70 94.76 95.43 94.87 87.73 94.70 95.89

PaviaC AA 96.78 84.87 83.87 84.94 85.04 65.00 83.72 86.91
Kappa 98.18 94.19 94.26 95.00 94.37 86.61 94.19 95.50

OA 96.70 85.50 87.44 90.08 85.35 87.08 85.64 93.39

LongKou AA 95.79 82.00 83.07 87.31 79.38 82.96 80.38 91.33
Kappa 96.35 83.88 86.05 88.99 83.73 85.66 84.07 92.67

OA 83.02 76.18 74.50 78.68 77.74 70.11 71.99 79.21

HongHu AA 83.64 69.98 72.34 75.50 75.31 70.03 65.41 75.74
Kappa 82.53 75.18 73.42 77.80 76.80 68.82 70.82 78.35
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(d) EM_CBS
- \\- ) \ .

(e)BS_IC (9) MTBS (h) EMDCBS

K7 AR AE PaviaU Bl 5 (194 2K

Fig. 7 Different classification maps of PaviaU dataset

(f) BSDCS

) ' (b) Wa

d {7
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I i 5 PR/ QSR / 2 P

ey |
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%% |

(9) MTBS (h) EMDCBS

® BSDCS

(e)v BS_ICH v

K18  AN[Al )y L AE PaviaC B 5 19 25

Fig. 8 Different classification maps of PaviaC dataset

750 BT . ek B vk BT BSLIC,
BSDCS #1 MTBS, fit & 2 £ 4fg % P[] J7 : EMCBS R
% AR U BE SO0 75 1 I B4, DA T A5 30 43 S A
FEE R R E L T LUR AT s,
B 42 7 B2 7E PaviaU Fl PaviaC b ¥4 fe i) OA, 43
14 90. 05% F195. 89%.

(e)BS_IC | (f) BSDCS V (9) MTBS

9 RI[EJr 4 LongKou £ £ 1) 4325 #

Fig. 9 Different classification maps of LongKou dataset

(hy EMDCBS

Kl 9. 10 F1Z 1B/ T 455 7E LongKou
1 HongHu BH5 4 b 0925 A di A o AT
Ak P[] TG W 7B B v WaLuMI F1 IRMoBS, B 8] 75 122
EM_CBS B 5 4f 19 43 K PE g , HA7E LongKou 1
HongHu %48 4 I % OA 24 90. 08% #i1 78. 68%. 7L
JT AR 2 W R, B AR Tk E o B W) R A
LongKou Fll HongHu B 5 HUFEA  $2 T THEAR
B, NTTARAS T B 5 1k i 43 28 1 R i i ) B B 7
£ Tt 7715 EMDCBS 7E LongKou 1 HongHu 4 45
£ 1 OA B 505104 93. 39% 1 79. 21%.
2.4 BHEHW

ARATHFFERRICAR AR FORNE B T4 KN B 7
EVERBIRZ I .
2.4.1  BRICHEASEION 430K FE Y 52 0

B 11878 T 7E LongKou 4L IR BIE /2
G B Bt 2 RE A RO R 101 214526 100 022 AL 1
Mo XF T JC W B 1 WaLuMI L IRMoBS Fil EM_CBS,
PRICAEAS B AR N 5 00 9 B -4 19 A A, (F2: 5 0
FERMERE , I Ok B L S A AR iC RE AR B B
RGN o 782 MBS Jr iderf, BS_IC 553 14 43 280KG
BEREAS KA AL A IR B Bz /)N . BSDCS Bl A ic BEAS S
(Y380 53 RG2S R FE oK, U] T BSDCS X
FRICREAS AR IR 5k . MTBS Bk 580 A FH 176
PRicAs SR ARICAE B A L Z AR iC HE AR (152
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agﬁi B=s=3

(d) EM_CBS

(b) WaLuMI (c) IRMoBS
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(f) BSDCS () MTBS
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Fig. 10  Different classification maps of HongHu dataset

(e) BS_IC

WA/ FIre )7 % EMDCBS 764 BRERICREA B L R
O RGBT A P B BTk BN TR B R 4R
(/b R IO AE A B 78 40 R T, AR i T B AR
R IVERE . TEREASED T SO RIS T L T
5 0 43 SR BE R AL T Y AR A RO T 504>
TSI, 3 JERG BE MR R B gz . Rt FEA S,
FRICHEAECH 50 B2
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——BS_IC

GrEHERE (%)
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—p— EMDCBS
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FridkEA 5
BT AFERRICEEA BN 70 245 R 52 R
Fig. 11  The influence of different number of labeled samples

on classification results

2.4.2  WBF RN 43RG B 1R 5 )
K 12 78 T 7E LongKou 088 4 I A ] 580 vk 1Y
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#] 50 B , WaLuMI, IRMoBS, EM_CBS. BS_IC Al
BSDCS B4 1Y 43 A B 15 R R B e AR — 3, R4y
20%. MTBS W32k B K 2, ik 51 30%. Jrde
75 ¥ EMDCBS (43 8K5 BESE N 1 27% Acfa . 4
PEUE B INT 20 ), BT 5 1 EMDCBS 153 25 1E
JE b T B R 5 Y i e U BOROR T 20 )5, 4 260K
FER) I ESEORI . BRI BEGZ v T oy
KRfEREZ  (HEHITURMNE B EE TR
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Fig. 12 The influence of different number of bands on classifi-

cation results
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W BT 45 H br RECHE RCHE DA K 205 BE PR A R
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ARSI EMDCBS SE3L T 2 8008 S Wm0 1
Bk B R s ik 1R A BN R B[R]
B, Ry B UE AR SCT AR B R R R I A R, LA
LongKou FH5 5 4 191, 630 T 2 £ 46 4E i [ Fn e 52
W BT S5 A bk . A5 e Bk A R A0 R B
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$% (MD_SBS) : Jo 52 W B 55 1) 22 55040 4 v ) >
W P Bk #E . 3) Frd 71 (EMDCBS) : it T4
WEBATE 55 2 AR A UR IR] e B e

11

© h[E KR KL AR



12

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

WEGEERWME 13 iR, nTLUE H, ZEURE D
Ti] B 2 W ok B e % 792 MD_SBS F1 EMDCBS f4 43
NG B 55 F SD_SBS, UEBH T [R]— 1% J& g AR e i) 24
s A 2 (R BE 8 B ARSI E 2O (S B, SR T B
TAEMVERE. BLAM, M T MD_SBS, AL #2771
EMDCBS 3k B B 7 5 (1 3 P Be 4T, FL OA R
93% Zi A, UEH T ASCHT A IE S W BT 45 e
FEPRICEEA B Z R DT $2 T+ D B 4 1 031
PEfE.

95

90 -

53 SAE AL (%)

851

80

OA AA

K13 X AR U R 7 A bk B

Fig. 13 Validation of multi-dataset collaboration analysis

2.5.2 JCEWTEHTSS H AR pRECH Sk ik

1% 58 77 2R T 0 2R 48 00 0 2K HE A O H i e
B, IR AR R PR JE MRl F b e 8, TR A
) 9 20 ) AR A 22 B . #F LongKou 1 HongHu %%
Pa4E I, LA SVM Al K 248 KNN (K Nearest Neighbors)
GI AR S AR ZEAE X L B B AR R A, 432
KEREENR 2B o T LAA Y, LA 2685 1Y 70 28 1R
2N H bR eR BN B B AR A A PR RE— 2. 24
B AT 55 1 H AR eRECh 2 8] AT S PRV EON |
DV BT HAE LongKou B 45 1 A9 73S MER B2 $12 71
T 2% 2245, 1F HongHu 804 45 FR T T 12% A4
PRI, IZ S0 25 U] 1 BT 32 H A ek ERRE % 0 i B
A BE ) BEAT RS AL DA A7 28R i D B 7 4R Y
FIBIPERE
2.5.3 ZUBCTHERGIRIEERIE

T AR S R LA 0 RE s i D B AR
ARSCHR N T 2P BT ARG RS . R 3R T T
BV TE LongKou Al HongHu 2085 4 I & A 3617 )% Bt
B BE R AN 2B . T RUR RS S B

FR2 EARKEBRERH TSR ERE
Table 2 Classification OA (%) under different supervised

objective functions

W EbREREL SVMIRZE O KNNRZE  Jrd H AR %L
LongKou 94.52 94.00 96.04
HongHu 60.57 61.37 73.28

TREME BRI AR K ARG e, U i {5
S IR IRX R 5 A BE ST o PR A Rl S
SR I AR B AIE SR AR SR R AL T 1 2R A
{5 S OIS IUREE R T R liF o JEHE
SRR B ANICBE . DRI, Bl IS B D BT AR RERS
T4 i TUA 4 [R] IS A B = 6 kS5 2l a4
UNITEIRG Y Wb el S e

®3 KETFEMERWIIGIE
Table 3 Validation of the band subset fusion strategy

v IS
VA ) fﬁ&gﬂim e
Bl A
E-?FH&E,E| 6.08/3.84 7.03/4.02
15 B (FRMHR/N)
sl 4.85 541
Eh A
EKE!H; 92.23/85.75  62.13/56.86
SyFHtE () (BRI
Rl 96.04 73.08
2.5.4 IHENEE

h Z G S UE EMDCBS J5 1 Hh 25 12 DB L iR il <7
SURR, BT T LA RS (1) AURA A T B AT
%55 (2) L= EAE 555 (3) AR A2 B SR G
Femg ; (4) A AE55 [ 22 BABTCRl & g ; (5) AR5
) 22 B Sy il SR

2% 4 JE /R T 1 LongKou £ 4 4 - 14 Al 52 56 2%

R4 HBAKER

Table 4 Results of ablation experiments

B

TH RS m B 0A AA  Kappa
N T BT 55 20 8321 7637 78.7
AL AT 55 20 87.38 82.17 80.41

TeAT45 0138 H 5 Rl A R b 40 92.14 91.25 89.86
FAE5 2 HAH TR RIS 40 93.06 91.72 91.02
AT 55 18128 5.5 A SR 20 92.04 90.99 89.44
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o M TAAA B AR5, LB 519 0A
IKF 87. 38%, HETF T 4. 17 A 43, Ui T B (5
SAROG R T B ARSI o . FETCRLG R
WA B0 R % BB AT S5 R 22 B H AR AT 55 R 28 B
J% B 1 51 AAE 55 3¢ 5 OA Fl Kappa 73 5 2 7+ T
0. 924N E 43 s5R 1. 164 43 i, U B T AT 55 [H] 58 B
TR FERAT 55 5 AT 55 Z B W PR IRl 48 2% $2 4%
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B M B RTHE T, 5l ARLA RIS , B8R OA ML
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((a) private unsupervised task on LongKou; (b) private unsu-

pervised task on HongHu; (¢)shared supervised task)
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Fig. 14 Convergence analysis
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Fig. 15 Distribution of spectral band subsets for different tasks
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RS ARESHBERFENESILH
Table 5 The overlapping ratio of the band subsets of different tasks

Bl Ko - 5 P TR %)
N N 25
PaviaU(1)Fll PaviaC(2) N N 15
35
N 50
LongKou(1)#1 HongHu(2) N N 20
N N 15

TUAY . FSER T ARFEME S b BB E L], 7T
DAE Y, TE 2 S0 50 v RV AT 55 22 B) 1 1 & L A1)
TR 25% Fi150% , 35 4 25 8 T REAL B A 01 8 0H ik
A S AE A PTRAZ 48 1 A HOt R R, =2 BT

%5525 A AT 55 W EE & LU 15%~35% Z (8], Ui Bl
LA 55 7 W i 22 B A FOME B (AT, o R BE
TSRS 1025 T4 B, R e Sl o w4
HET B AMEILRE

F6 AEFHERIA LongKou | KB FEERBHIEE FHHRETHE
Table 6 Classification OA (%) of the band subsets of LongKou_1 obtained by different methods on different datasets

g S WalLuMI IRMoBS EM_CBS BS_IC BSDCS MTBS EMDCBS
LongKou_1 89.11 88.43 90.15 88.11 91.56 93.23 93.27
LongKou_2 88.96 84.32 89.27 89.05 89.94 88.71 92.63
LongKou_3 91.37 89.04 93.50 92.28 94.15 93.87 96.63

R7 ABEFERIE LongKou 2 MK R FEERE RS LD K EHE
Table 7 Classification OA (%) of the band subsets of LongKou_2 obtained by different methods on different datasets

LTS WaLuMI IRMoBS EM_CBS BS_IC BSDCS MTBS EMDCBS
LongKou_1 86.82 90.64 91.57 89.28 80.79 92.41 93.58
LongKou_2 83.06 88.96 91.36 89.62 90.35 91.67 93.18
LongKou_3 87.39 93.47 94.35 92.99 86.85 95.26 96.48

2.7 BEIEREZLEENEIE

Sy Y B R Y 2 07 ¥E B s AT 1Y A SO L
LongKou W4 48 44 18 M P 23 [8] 57 ¥ 530 = A~/ INEL
£, 73 9 "N LongKou_1, LongKou_2 DA M LongKou_3
BAndE ., ¥ LongKou_1 LI M LongKou_2 YE H Il %
BRI UE B T4, LongKou_3 7F 0 B £k K dli 45 | 1
RN B £ S B SR 1z AkRe )

F6 58T HIER T RIE Jr it LongKou_
1 5 LongKou_2 i £ 2R Y i B 7 FE AE AN [m] B 4
5 LR RUER R . ASCHRE Y EMDCBS J7 iK7E#5
B4 (LongKou_3) FHUS T BT 5 v v é) i i M
i %, HAR LA 7 i A W 42 7+ . EMDCBS 723l

gEEH %’(LongKou_] af LongKou_Z)Lmﬁé:‘%%ﬁE s
FO VR R 0 Ik B4R B R A A e MRz Ak
PEo AHEZ T #8450 7 BSDCS \IRMoBS 7£ %
B 5T RS R %, 9 5% 7 BSDCS ML
90. 35% [ % 86. 85% , Ui W I Be T4 i L5 Tl
G R AR ALRE S o XSS R T
W11 EMDCBS J5 % BE 8 7E {SOR) IR S8 8 08 U 2R 1 17
B, e H AN () i B 25 (R) H bR 3838 A A% D B
T4,
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