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Table 1 Detailed ground objects information of Pavia University
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Fig. 5 Test images of the Indian Pines data set with false-color composite (band 50, band 27 and band 17) and corresponding
ground truth map
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Table 2 Detailed ground objects information of Indiana Pines
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Table 3 The experiment results of Pavia University database

OSSE
g BT it SR B T4 A % RSM  BHLAEHE
2.50 5.00 7.50 10.00 12.50

100 PRKERE/Y%  68.83:0.32  69.36£0.42  70.45+0.44  70.21£0.38  69.69£0.43  69.10£0.42  66.70+0.80
KappaZ & 0.612520.0346 0.6200+0.0457 0.6311=0.0480 0.62850.0414 0.6236+0.0470 0.6163+0.0461 0.5836+0.0086

200 BAKERE/%  71.02+£0.43 7230040  72.05£0.37  71.78+0.32 71274032  69.93+042  66.59+0.59
KappaZZ 3 0.6355+0.0450 0.64920.0425 0.64730.0393 0.6440+0.0338 0.6384+0.0339 0.6232+0.0434 0.5822+0.0062

20 300 MAREEEY% 72612032 71403039  71.38+0.35  72.16£029  71.57+024  70.45:0.33  66.80+0.38
KappaZ & 0.654620.0337 0.6422+0.0412 0.6414=0.0360 0.6498:0.0297 0.6432:£0.0247 0.6307+0.0338 0.5845+0.0039

400 MAKEEEY% 73394030 72924027  72.52+028  72.32+027  72.21+026  71.18£026  66.81+0.28
KappaZ & 0.6623%0.03410.6575%0.0304 0.6537+0.0319 0.6512::0.0297 0.64960.0292 0.6378+0.0284 0.5846+0.0030

500 BUAKERE/%  72.45+42 7253041 72374041 72104042 7195043 7134040  67.02+0.33
KappaZi 3 0.6525+0.0485 0.6534+0.0469 0.6515+0.0467 0.6482+0.0479 0.6470::0.0485 0.63900.0450 0.5867+0.0034

100 BUAKEEE/%  75.69£0.31  74.84+0.33  76.83+0.30  75.59+0.39  7429+044 7393039  67.78+0.33
KappaZZ 3 0.6929:£0.0360 0.6838+0.0377 0.7062£0.0340 0.6925+0.0447 0.6781+0.0493 0.6735+0.0437 0.60020.0039

200 BAKERE/%  76.27£034  76.95£0.33 7636027  76.03+0.34  75.60+0.32  74.08+0.32  67.97+0.26
KappaZZ 3 0.6988+0.04010.7058+0.0391 0.6991£0.0316 0.6953+0.0391 0.6906+0.0377 0.6727+0.0368 0.6019+0.0030

30 300 BRERE/%  77.25£0.35 76312031 75.90+£0.33  76.04£0.30  76.33+0.31  74.81x0.35  67.94+0.25
KappaZZ % 0.7090:£0.0409 0.6987+0.0364 0.6939:£0.0374 0.6951+0.0341 0.6986+0.0367 0.6807+0.0395 0.60200.0029

400 SRS RE/%  78.18+0.43  77.62+0.39  77.39+0.41  77.56x0.38  77.08+0.37  75.80+0.37  68.06£0.25
KappaZZ 3 0.7205+0.05270.71410.0479 0.7116+0.0498 0.7136+0.0466 0.7078+0.0453 0.6927+0.0447 0.60330.0026

500 BAKERE/%  76.49+0.38  76.68+0.38  76.31+0.35  76.10£0.40  75.80+0.39  74.74x0.39  68.21%0.30
KappaZZ 3 0.7021:£0.0429 0.7044+0.0431 0.6996:£0.0402 0.6973+0.0456 0.6937£0.0444 0.68110.0443 0.6049+0.0034

100 BUAKEEE/% 78.10£0.28 78204025  79.41+0.23  78.87+0.23  78.05+0.27  76.50+0.29  67.38+0.36
KappaZ & 0.7208+0.03350.7219+0.0297 0.7358+0.0264 0.7296+0.0266 0.7209:£0.0319 0.7024+0.0333 0.5945+0.0041

200 BARERE/%  78.59+0.20  79.7120.24  79.17+£0.21  78.98+0.23  78.44+0.24  77.070.23  67.54+0.48
KappaZZ 3 0.72690.02370.7396+0.0290 0.7335+0.0248 0.7315+0.0273 0.7255+0.0272 0.7090+0.0263 0.59660.0053

40 300 BARERE/%  79.69£0.31  78.75+0.29  78.82+0.30  78.64£0.26  78.54+0.28  76.72+0.24  67.45+0.33
KappaZZ % 0.7392:0.0369 0.7287+0.0345 0.7295+0.0365 0.72710.0306 0.7259+0.0338 0.70440.0279 0.5958+0.0033

400 BARERE/%  80.12£0.27  79.7120.24  78.89+0.24  79.02+0.22  78.90+0.22  76.85£0.23  67.37+0.22
KappaZZ i 0.7450:£0.0315 0.7404+0.0285 0.7308+0.0278 0.7319+0.0253 0.7308+0.0251 0.7063%0.0257 0.5950+0.0023

500 BARERE/%  80.10£0.13  79.91+0.09  79.86+0.11  79.52+0.13  79.45+0.11  77.46+0.16  67.64+0.24

KappaZ %L 0.7445+0.01520.7423+0.0111 0.7414+0.0125 0.7374+0.0153 0.7366+0.0124 0.7127+0.0178 0.5977+0.0028

HIZR47I K1, X TIndiana Pines¥Hitle, 7EREA  KRILHIRRETE12.5% (HR I 25 BE 1 Im it 3 132 LA
BHNEEHL T2 B A S— e, BEE RO REBSLEH N F A, Fﬁ%%%‘é%ﬂﬂﬁ/l\{ﬁi
BERABEARPIERGERS N, AU BRI BRI KBNS, ORI, 2 )5 Bl SR B 4
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Table 4 The experiment results of Indiana Pines database

OSSE
wame MU it SR BB T4 LA % RSM  BHLEEH
2.50 5.00 7.50 10.00 12.50
100 BARERE/%  69.27£0.29  70.19+0.19  70.99+0.19  71.59£0.17  72.19+0.15  71.760.16  64.40+0.18
KappaZZ3{ 0.6532:0.0320 0.6636+0.0209 0.6726+0.0206 0.6792+0.0185 0.6859+0.0165 0.6809+0.0176 0.5805+0.0018
200 BAKERE/%  70.30£0.17  72.07+0.14  72.50+0.17  72.71=0.17  72.82+0.18  72.21x0.17  65.830.18
KappaZZ3{ 0.6650:£0.0190 0.6849+0.0159 0.6898+0.0190 0.69200.0191 0.6932+0.0204 0.6863+0.0199 0.5813+0.0019
30 300 BAKERE/%  71.8420.16  73.06£0.17  73.24+0.19  73.54£0.19  73.68+0.17  73.05£0.17  66.00£0.17
KappaZZ%{ 0.6827+0.0164 0.6962+0.0178 0.69820.0204 0.7016+0.0200 0.7032+0.0183 0.69610.0171 0.58510.0017
400 SAKERE/%  72.85£0.13  73.72+0.15  73.79+0.15  73.82+0.16  73.91%0.17  73.18+0.18  65.97+0.15
KappaZZ % 0.6934:0.0148 0.70310.0170 0.7038+0.0167 0.7042+0.0172 0.7052+0.0193 0.69700.0200 0.5995+0.0019
500 MAKEREY 72524025 73.18+022 73394025  73.34+025  73.48+024  72.59+026  65.18+0.14
KappaZZ i 0.6897:£0.0270 0.6970£0.0243 0.6994+0.0269 0.6988+0.0267 0.7003+0.0264 0.6904+0.0287 0.60200.0019
100 BRRERE/%  71.99£0.23  72.9240.17  73.60+0.13  74.19£0.15  74.62+0.14  74.53+0.17  65.77+0.14
KappaZZ i 0.6834:£0.0256 0.6940+0.0182 0.70170.0138 0.7084+0.0166 0.7130+0.0155 0.7119+0.0182 0.5994+0.0022
200 BAKERE/%  73.27£0.13  74.85+0.09  75.42+0.10  75.47+0.11  75.59+0.10  75.27+0.11  64.69+0.13
KappaZZ i 0.6834:0.0256 0.6940+0.01820.7017£0.0138 0.7084+0.0166 0.7130£0.0155 0.7119+0.0182 0.5935+0.0021
40 300 BAKERE/%  73.55£0.14  74.28+0.15  74.85+0.16  75.06x0.13  75.21+0.12  74.22+0.14  65.89+0.13
KappaZi % 0.7006+0.0159 0.7086+0.0170 0.71520.0187 0.7176+0.0149 0.7193+0.0141 0.7082+0.0161 0.5964+0.0020
400 BAKERE/%  74.03£0.10  75.13%0.11  75.30£0.08  75.34£0.09  75.49+0.10  74.83x0.09  64.37+0.13
KappaZZ%{ 0.7064+0.01070.7188+0.0119 0.72060.0088 0.72100.0092 0.7227+0.0111 0.7153+0.0094 0.5889+0.0018
500 BAKERE/%  74.28+0.11  74.93%0.15  75.10£0.15  75.09£0.16  75.16+0.15  74.33x0.14  64.92+0.12

KappaZ %L 0.7094+0.01300.7166+0.0169 0.7186+0.0167 0.7183+0.0183 0.7192+0.0170 0.7099+0.0161 0.6023+0.0021
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% 5 Pavia University 3B OSSEfEE F &

Table 5 The average accuracy of Pavia University dataset in

OSSE
FEAZL Rk OIMREAEES P R ANEEE/% P KappaREL
100 69.71 0.6976
200 71.69 0.7147
20 300 71.82 0.7139
400 72.67 0.7223
500 72.28 0.7206
100 75.45 0.7510
200 76.24 0.7580
30 300 76.36 0.7588
400 71.57 0.7709
500 76.28 0.7593
100 78.52 0.7821
200 78.98 0.7867
40 300 78.89 0.7830
400 79.33 0.7867
500 79.77 0.7924

% 6 Indiana Pines#{3#ESEOSSEMEE F1{H

Table 6 The average accuracy of Indiana Pines dataset in OSSE

HABEE DGRBS FHRREE%  FKappaREL

100 70.85 0.6709
200 72.08 0.6850
30 300 73.07 0.6964
400 73.62 0.7019
500 73.18 0.6971
100 73.47 0.7001
200 74.92 0.7001
40 300 74.59 0.7123
400 75.06 0.7179
500 74.91 0.7164
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Optimal subspace ensemble with SVM for hyperspectral image
classification

YANG Kaige, FENG Xuezhi, XIAO Pengfeng, ZHU Liujun

Department of Geographic Information Science, Jiangsu Provincial Key Laboratory of Geographic Information Science and Tech-
nology, Key Laboratory for Satellite Mapping Technology and Applications of State Administration of Surveying, Mapping and
Geoinformation of China, Nanjing University, Nanjing 210023, China

Abstract: Promoting the accuracy of hyperspectral image classification is a crucial and complex issue. Hyperspectral image provides de-
tails of spectral variation of land surface with continuous spectral data. On the one hand, this characteristic is widely utilized to analyze and
interpret different land-cover classes. On the other hand, the availability of large amounts of spectral space introduces challenging methodo-
logical issues, such as curse of dimensionality. Subspace ensemble systems, such as random subspace method (RSM), significantly outper-
form single classifiers in classifications involving hyperspectral image. However, two issues should be addressed to improve robustness and
overall accuracy of the system. The first issue is diversity within subspace ensemble systems, and the second one is the classification accur-
acy of individual subspaces.

In this paper, we adopt Support Vector Machine (SVM) as base classifier and proposed a novel subspace ensemble method, namely, op-
timal subspace SVM Ensemble, for hyperspectral image classification to improve the performance of RSM. Based on random subspace se-
lection as the initial step, a two-step procedure is designed to avoid similarity within ensemble systems during the optimization of individual
subspace accuracy. Instead of maximizing the diversity of ensemble by using a specific diversity measure, the first step employs the k-means
cluster procedure according to the similarity of SVM patterns to classify random base classifiers. Second, an optimization process is imple-
mented with Jeffries—Matusita (J-M) distance as criterion by selecting the optimal subspace from each group in the formal phase. The final
label is decided based on majority voting of optimal subspaces.

Experiments on two hyperspectral datasets reveal that the proposed OSSE obtains sound, robust, and overall accuracy compared with
RSM and random forest method. In the first hyperspectral image, namely, the Pavia university data set, the maximum increases in Kappa
coefficient and overall accuracy are about 0.04 and 2.64%, respectively, compared with those in RSM and about 0.15 and 12.75%, respect-
ively, compared with those in random forest method. In the second hyperspectral image, namely, the Indian Pines data set, the maximum in-
creases in Kappa coefficient and overall accuracy are about 0.02 and 1.00%, respectively, compared with those in RSM and about 0.13 and
11.12%, respectively, compared with those in random forest method.

The combination of optimal subspaces improves the diversity of subspace system and the accuracy of individual classifiers and thus ex-
hibits better performance, particularly when using limited samples, which is common in hyperspectral image classification. Basing on the
results of different parameter settings in OSSE, we found two interesting issues related to the number of clustering and initial size of random
subspaces. First, the optimal number of clusters in OSSE is stable when using specific hyperspectral remote sensing data. Hence, the optim-
al number of cluster could be assessed using the characteristics of remote sensing images. Second, similar to RSM, increasing the number of
random subspaces minimally contributes to the improvement of classification accuracy in OSSE. Consequently, to decrease the time cost of
computing, we should avoid selecting numerous random subspaces.

Key words: hyperspectral image classification, random subspace, optimal subspace, support vector machine
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