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Diversity sample selection method of multiview
active learning classification

CHEN Liwei, FANG He, ZHU Haifeng

(College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: To remove the redundancy of selected samples in the multiview active learning classification of hyperspec-
tral images and reduce the cost of manual marking, this paper proposes two methods for the selection of diverse
samples in the multiview active learning classification. First, hyperspectral images are divided into superpixel segments,
then samples belonging to different superpixel segments are added to the training set, and the remaining samples are put
back into the candidate set. Second, the prediction labels of the samples from each view are compared, then the samples
with different prediction labels are added into the training set, and the remaining samples are put back into the candidate
set. In this study, the two methods are used to improve the sample selection method in the traditional multiview active
learning classification, and experiments are conducted in two groups of hyperspectral image data. The results show that
the accuracy of classification is unchanged, yet the number of training samples is greatly reduced after using the two

methods.
Keywords: hyperspectral image classification; multiview active learning; diversity; sample selection; superpixel; num-
ber of training samples; prediction labels; accuracy of classification
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Table 1 Experimental results of AMD+A and AMD in the Indian Pines dataset

ha=2 S EARUEL 0A Kappa AA U EREZ S
AMD 0.8371 0.8157 0.8916 142
: AMD+A : 0.8365 0.8149 0.8912 131
AMD 0.8958 0.8817 0.9245 168
’ AMD+A 10 0.8950 0.8809 0.9248 157
AMD 0.9463 0.9388 0.9473 214
’ AMD+A P 0.9467 0.9393 0.9498 199
AMD 0.9678 0.9633 0.9654 263
* AMD+A 20 0.9686 0.9643 0.9693 236
& 2 Salinas HIEE M AMD+A 5 AMD KL R
Table 2 Experimental results of AMD+A and AMD in the Salinas dataset
JF5 R HARREL OA Kappa AA YIGHFEAZL
AMD 0.9382 0.9312 0.9651 155
: AMD+A s 0.9382 0.9312 0.9651 154
AMD 0.9619 0.9576 0.9773 230
’ AMD+A 10 0.9544 0.9493 0.9739 215
AMD 0.9744 0.9715 0.9837 305
’ AMD+A P 0.9746 0.9717 0.9852 272
AMD 0.9818 0.9798 0.9907 380
* AMD+A 2 0.9795 0.9771 0.9896 315
®3 AMD+A 5 AMD LKHHRLLER
Table 3 Final results of the AMD+A and AMD experiments
IS S OA Kappa AA YIZRAEA AL FERT/s
AMD 0.9678 0.9633 0.9654 263 42.16
Indian Pines
AMD+A 0.9686 0.9643 0.9693 236 45.65
AMD 0.9818 0.9798 0.9907 380 313.76
Salinas
AMD+A 0.9795 0.9771 0.9896 315 338.68
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Fig.5 Comparison of experimental results before and
after improvement with method A (Indian Pines)

A Pl S
P R ) OA  Kappa AA )
WA o AH
AMD 0.8356 0.8125 0.8807 153
5
AMD+B 0.8338 0.8104 0.8737 148
AMD 0.8944 0.8790 0.9084 179
10
(a) AMD (b) AMD+A AMD+B 0.8939 0.8784 0.9065 172
E 6 M7AE A BHEIER KL RS54 (Salinas) AMD 5 0.9423 0.9342 0.9478 217
Fig. 6 Comparison of experimental results before and AMD+B 0.9420 09339 0.9482 202
after improvement with method A (Salinas)
1 AMD 20 0.9614 0.9560 0.9638 268
—+ AOXY S LW 4 H )
H AMD %’ﬂ AMD+A K X]':EK A BT LV AMD+B 0.9645 0.9595 0.9628 246
3 A HST i SR 7E I S2 4 Hh B9 OA L AA
% 5 Salinas #{#E%£ A AMD+B 5 AMD L& R
Table 5 Experimental results of AMD+B and AMD in the Salinas dataset
T Sy AR OA Kappa AA WIFEARL
AMD 0.8857 0.8734 0.9476 113
1 5
AMD+B 0.8945 0.8831 09513 100
AMD 0.9304 0.9227 0.9530 162
2 10
AMD+B 0.9224 09137 0.9478 125
AMD 0.9497 0.9441 0.9694 182
3 15
AMD+B 0.9449 0.9387 0.9640 138
AMD 0.9598 0.9553 0.9819 204
4 20
AMD+B 0.9524 0.9470 0.9780 152

MNFE4. sHTUEFH.: TIEENRREZEL
b BTN AR 2 — B R TR B B R

FREN A SN AN, M GHEALCR A B A 7. 8 R,

&6 AMD+B 5 AMD LWHRLLER
Table 6 Final results of AMD+B and AMD experiments

A FREE I . IS E R 45 7E AMD Fil AMD+B
SCHS H AR B 1 B A A R AR 6 TR, oy sl

VS S 0A Kappa AA IREAKL FEMS/s
AMD 0.9614 0.9560 0.9638 268 41.96
Indian Pines
AMD+B 0.9645 0.9595 0.9628 246 42.84
AMD 0.9598 0.9553 0.9819 204 309.34
Salinas
AMD+B 0.9524 0.9470 0.9780 152 323.68
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Fig.7 Comparison of experimental results before and
after improvement with method B (Indian Pines)
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B8 M7k BRI /ERILI LR (Salinas)
Fig. 8 Comparison of experimental results before and
after improvement with method B (Salinas)
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