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Abstract: Objectives: The combination of spectral and spatial information can significantly improve the
classification performance of hyperspectral images. However, the number of labeled training samples is limi-
ted in real scenes, which restricts the classification accuracy. To make full use of spectral spatial informa-
tion and solve the problem of limited number of hyperspectral image labeled samples, we propose a hyper-
spectral image classification method based on nested sliding window sample augment and spectral space itera-
tion. Methods: First, principal component transform is used to reduce spectral dimension of hyperspectral
image. Then, a sample augment method based on nested sliding windows is proposed, in which representa-
tive pixels are selected from the optimal sub windows and added to the training set. Finally, iterative sup-
port vector machine and joint bilateral filter are used for classification, and a decision rule is proposed to ter-
minate iteration to obtain the final classification diagram. Results: It is verified on three hyperspectral datasets:
Indian Pines, Pavia University and Salinas. The experimental results show that when the training samples
are limited and the samples of the three datasets are 2%, 0.2% and 0.2% respectively, the classification ac-

curacy of the algorithm reaches 94.42%, 95.82% and 96.39% respectively. Compared with spectral classi-
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fier support vector machine, the overall classification accuracy of the proposed algorithm on the three datas-

ets is improved by 28.1%, 20.1% and 13.1% respectively. Compared with S*~PCA based on small sam-

ples, the overall classification accuracy of the proposed algorithm on the three datasets is improved by about

3%, 5.5% and 4.5% respectively. Conclusions: The proposed algorithm can obtain satisfactory classifica-

tion results in the case of limited training samples, which is superior to other advanced comparison algo-

rithms.
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Fig.2 Sample Augment Based on Nested Sliding Windows
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7o AT LA b 25 4R o 2ORG

2)TE 3B LAY ST, SSI 432K
K H SVM 43 32 = 29 17 % .14 % 9% s FEAR
5 J5 , NSWSA-SSI (1) 4 25 K5 &t NSWSA-
SVM 73 B 4 13% 7% M 5% . FEARY LAY,
SSTH SS 3 4R E 29 11% 11% M 2% s REA Y-
75 . NSWSA-SSTHY 70 245 B Lk NSWSA-SS 43
B 2% 2% M 2%, SEE A5 R EE T AR
i 2 1] 43 2 4 B 2 A SVM-TBE AU AL 3.

R2 AREEREXEINBBEELHIERBE/ N

Table 2 Classification Accuracy of Different Framework Patterns on 3 Datasets/ %

ISR G HE E NSWSA-SSI  NSWSA-SS  NSWSA-SVM SSI SS SVM
OA 94.4240.84  92.98+1.68 81.1840.96 83.54-1.98 72.7942.69  66.37+1.52
Indian Pines AA 93.57+3.08  87.35+3.52 77.842.7 60.1742.2  49.94+2.77  61.33+3.72
Kappa 2% 93.63+£0.96  91.974-1.93 78.541.11 80.914+2.33  67.974+3.31  61.17+1.77
OA 95.8240.75  93.68+1.34 88.2541.05 89.9541.88  78.8441.89  75.77+1.04
Pavia University AA 93.81+£1.06  89.88+2.12 84.6441 82.3344.28  58.51-4.28 6341.49
Kappa 2% 94.48+0.98  91.524-1.82 84.321.4 86.6742.48  70.334-2.74  66.54+-1.17
OA 96.64+1.46 94.86+1.1 91.7740.58 91.9742.19  90.2442.76 82.724+1.5
Salinas AA 96.671.19  96.7840.82 94.8740.6 91.1143.82  91.1542.18  87.94F-1.41
Kappa 2% 96.261.62  94.2741.22 90.8340.64 9142.48 89.1+3.08 80.7441.68
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Table 3 Classification Accuracy of Different Algorithms on Indian Pines Dataset/ %
CA W57 2%
SVM EPF IFRF LCMR IEPF S*-PCA NSWSA-SSI
HLIETE 17.014+15.03 0.00£0.00 94.304+12.42  88.674+13.56 2.00+3.54 93.24+2.42 82.00+28.31

sl

AEBEE K H 57.89+4.44 68.07£7.83 87.44+£4.53 89.1543.34 87.5847.38 87.27+4.51 91.67+£2.08
59 F oK M 56.88+9.92 84.94+10.24 88.99£6.69 83.91£6.05 71.51£9.70 92.20£5.99 92.96+£4.74

ES 39.36£8.50 92.81£11.95 93.4+4.88 74.44+21.96 16.59+9.93 76.23+£2.85 87.8948.89
e 78.94+9.41 95.74+£6.45 92.945.34 92.56+2.51 67.72+13.34 96.48+£8.59 92.35£4.71
i 1 5L 76.80+3.63 68.52+£4.99 92.0446.82 94.744.45 82.0346.93 98.6642.55 97.50+£2.10

CUCEI MR 60.12427.76  0.000.00  58.474+20.06  96.3+6.98  21.114£19.29  84.03+=11.81  97.41+4.64
TR 85.3142.31  86.614.08  99.92+0.21 99.7740.16  68.01+20.88  100.0040.00  100.0040.00
Mk 25.12422.88  0.00£0.00  53.7623.37  78.4222.66 16.84F11.32  35.07424.2  93.16%10.24
E|5 ¥/ NISA 60.324£5.52  79.15%8.16  86.028.62  85.2644.07  81.13%8.23  91.214:6.47  89.4744.52
EEs ¥ s NS 62.2742.29  66.10£6.49  94.1581.82  94.06=2.89 92434383  89.1745.51 96.03+-2.36
EYIE PN 46.03+7.75  81.38+13.33  82.08+7.03 85.94+7.69 51.36+18.2 81.64+4.21 91.19+6.69

N 82.14+3.13 99.361.39 86.84+14.95 98.9+£0.91 71.35£22.49  100.00£0.00 98.5+1.87
LSRN 86.09+2.30 89.6242.08 95.48£2.70 99.85+£0.16 93.03£5.15 97.50£1.20 99.0240.84
I 51.43+9.51 76.72+£26.72 86.07£8.18 95.26+6.26 47.41£15.97 97.10£3.05 92.62£7.55
PR R 95.56+£9.33 67.24+46.57 98.53£0.97 90.99+3.27 7.36£9.87 91.06£1.15 95.38£2.19
OA 66.37£1.52 74.64£2.14 90.3+1.67 91.82£0.99 78.26£5.18 91.14+£1.54 94.42+£0.84
AA 61.33£3.72 66.02+£3.49 86.9+£2.51 90.51£2.55 54.84+£7.59 88.18£1.88 93.57£3.08

Kappa &% 61.17£1.77 70.33£2.66 88.93+£1.9 90.67£1.12 74.57£6.51 89.85£1.79 93.63£0.96
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Fig. 4 Classification Maps of Different Algorithms on Indian Pines Dataset
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Table 4 Classification Accuracy of Different Algorithms on Pavia University Dataset/ %

51 CAHIBIE S 5 22
SVM EPF IFRF LCMR IEPF S-PCA NSWSA-SSI
A 87.67+5.28 81.71£5.96 69.50£5.81 86.9845.96 85.67£5.58 82.3943.97 96.63£2.64
Tl 93.64+£3.79 79.76£6.55 91.99+3.27 98.14+1.04 90.31£0.46 92.02+£2.25 97.97+£1.07
Wk 10.53+£11.09  49.22+£36.09  60.74£16.15  75.14£12.02  41.67+10.39 97.08+£2.96 84.5149.59
AR 72.49+£11.10  86.09£20.53  87.51410.39 93.13£5.66 72.83+£13.73 90.10£9.13 91.68+£3.37
& JE 79.25+11.02 99.55+£0.48 99.90£0.16 87.51£13.26 40.0648.73 99.99+0.02 99.97+£0.05
R 26.4347.50 78.48+15.13 89.92+6.94 87.50+6.68 74.284+20.25 91.9249.50 98.84+1.55
Wit 9.69411.69 56.384+40.88  61.53420.34  76.67417.98  68.37429.53 91.82+3.62 95.761+6.12
it 4 87.471£8.92 73.86111.94 59.8549.44 77.90%6.09 84.39+14 .47 88.711+4.38 89.42£5.64
52 99.8440.12 98.11£1.19 61.64+23.26  77.52+£16.37  71.29£20.91 94.03£9.20 89.46£8.06
OA 75.77+1.04 78.95+4.83 81.44+3.20 90.47+1.09 80.88+3.00 90.261.97 95.82+0.75
AA 63.0041.49 78.13+10.28 75.84£3.65 84.501.91 69.88+£1.85 92.01£1.88 93.811.06
Kappa &% 66.5441.17 70.84+7.16 75.22+4.36 87.331.44 74.15+£4.24 86.84+£2.72 94.48+0.98
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Fig. 5 Classification Maps of Different Algorithms on Pavia University Dataset
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Table 5 Classification Accuracy of Different Algorithms on Salinas Dataset/ %
51 CAMMME ST 2

SVM EPF IFRF LCMR IEPF S*-PCA NSWSA-SSI

Lig | 96.98-£1.60 100.0040.00  78.05416.37 99.57+£1.27 99.95:£0.12 100.004-0.00 97.6£3.32
HpH 2 98.66-£0.73 99.79£0.32 92.21£8.39 91.67+£5.61 99.74£0.15 82.754+14.52  100.0040.00
PR 71.94+10.74 93.30+4.73 99.98+0.05 98.174+1.92 85.44+16.36 78.08+17.64  95.124+15.32
FLAE R 92.98411.99 97.57+0.74 82.37+9.38 97.66+6.45 98.90+1.41 81.38+25.84  88.96+19.43
ST 1 PR ATt 96.144+3.10 98.21+3.44 90.45+4.43 96.34+1.81 98.11+0.76 93.16+11.37 98.184+0.42
F bk 97.23+2.33 99.88+0.23 99.74+0.12 98.86+1.00 99.14+1.69 74.14+7.01 99.974+0.06
3 99.164+0.50 95.11+4.45 99.83+0.14 98.144+1.59 99.59+0.10 98.27+2.94 99.924+0.07

o 45 T 09 6 4 72.26+£7.24 78.89£6.96 86.63+2.95 92.85+4.02 83.83+6.91 96.27+3.21 94.08+3.48
+ 4 98.474+1.06 98.94+0.53 100£0.01 99.02+0.62 99.66+0.33 91.38+11.38 99.96+0.06
ESP/S 80.59+6.56 90.43+6.69 89.88+6.82 94.08+7.97 88.17+9.23 84.40+19.63 94.334+7.37
BEGR) 82.854-8.66 92.1049.67 79.10431.31 99.9940.03 91.02+8.45 80.90+20.09 99.16+2.00
BEGHR) 95.51+2.09 95.0845.08 97.92+6.25 88.61+10.66 100+0 89.88+8.55 99.6940.60
BEGR) 96.984-2.50 96.094-4.76 1.53+4.58 89.4416.16 89.42+29.7 98.254-0.00 98.18+1.67
BER) 89.27+£2.93 98.58+1.58 96.05+1.77 89.52+£7.34 92.38+3.78 84.67£15.94 92.3846.80
KL H R 53.36£10.65  74.56+£13.94 97.57£3.00 88.77£5.69 78.65+9.34 94.74+8.07 91.684+6.17
i 2 el 7N [ 79.24+10.85 100£0.00 98.75+0.45 84.84+7.81 82.9+10.47 99.14+0.30 98.441.29
OA 83.30+£1.27 89.85+3.14 91.69+£1.76 94.134+0.94 91.17+2.63 91.81+£2.65 96.394+1.16

AA 87.60£1.55 94.28+1.50 86.88+2.89 94.22+1.95 92.93+3.08 89.39+3.15 96.734+1.80
Kappa % 44 81.37+1.42 88.68+3.49 90.77+£1.96 93.464+1.05 90.15+2.94 90.82+2.99 95.984+1.29
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Fig. 6 Classification Maps of Different Algorithms on Salinas Dataset
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Table 6 Running Time of Different Comparison Algorithms/s

N TR 5 % 4 32 A T I (1]

SVM EPF IFRF LCMR IEPF S%-PCA NSWSA-SSI

Indian Pines 4.095 3 3.1373 1.057 8 9.3820 48.538 4 4.876 0 53.3254
Pavia University 4.317 8 18.3390 4.724 1 88.246 8 335.190 9 172.328 6 170.520 2
Salinas 4.9852 17.020 0 3.1912 50.281 3 113.194 2 31.658 1 140.985 4
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