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Abstract  On the basis of the characteristics of multi-band, nonlinear and spatial correlation of hyperspectral remote
sensing data, a new feature extraction algorithm based on spatial-spectral deep learning (SSDL) is proposed. This
algorithm uses a multiple layers deep learning model, which is the stacked automatic encoder to study high spectral
data layer by layer and explore the deep nonlinear characteristics of the image. Based on the spatial neighbor
information of each feature pixel, the spatial-spectral combination of sample depth feature and spatial information is
used to increase the compactness of homogeneous data and the separability of non-homogeneous data, and improve
the performance of subsequent classification. The ground objects classification experiments are performed on Pavia
University and Salinas Valley hyperspectral remote sensing datasets. When sample proportion is 1%, the ground
objects overall classification accuracy reaches 91.05% and 94.16% . When sample proportion is 5%, the ground
objects overall classification accuracy reaches 97. 38% and 97. 50% . The results show that the SSDL feature
extraction algorithm fuses the deep nonlinear characteristics and spatial information of data. It can effectively extract
the discriminant features, and obtain higher classification accuracy than other algorithms.
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Fig. 1 Model of automatic encoder
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Fig. 3 Model of stacked automatic encoder
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Fig. 5 Hyperspectral images of Pavia University. Fig. 6 Hyperspectral images of Salinas Valley.
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Table 1 Classification results of different classifiers in Pavia University and Salinas Valley datasets %
) Pavia University Salinas Valley
Classifiers = =
1 3 5 1 3 5
kNN 79.4341.24 86.0640.49 88.3840.65 85.5240.81 87.5040.66 88.1340.60
SAE SAM 75.63+1.86 81.8641.18 84.0540.85 84.2240.83 86.9610.56 87.5840.47

SVM  83.86+1.56  91.1840.55  92.95+0.30  88.9040.48  90.93+0.13  91.94-0.17
ANN  85.35+1.47  92.5740.94  94.56+0.35  92.3440.91  94.95+0.67  96.09-£0.43
SSDL SAM  76.86£1.98  89.6741.08  91.4-0.78  90.954+0.86  94.140.33  94.9840.27
SVM  91.05+£0.94 95941040  97.38+£0.20  94.16+-0.12  96.81+0.34  97.50+-0.14
FE 1 AT, B 25 REAS EE 38 L A B 4 10 OA Bl 22 380, 32 T3 I ZRRE AR 5, T 4 75 11
Yo fe B 5T RES R IO BT B S I M AR . FEAR R 2326 2R B BT th T SSDL Bk 2% JE 1] v D't 3%
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Table 2 Classification results of different feature extraction algorithms on the SVM classifier %
Pavia University Salinas Valley
Extraction algorithm
1 3 5 1 3 5
Baseline 85.98+1.03 91.39+0.38 92.67+0.36 87.18+0.42 90.214+0.43 91.29+0.21
NPE 84.51+0.85 88.05+1.00 92.02+0.57 84.30+1.55 91.744+0.19 92.5920.13
LPP 84.5440.89 90.8440.38 91.7340.43 84.0140.55 91.3640.13 92.2740.11
SVM PCA 85.9341.05 91.36+0.39 92.62+0.39 87.02+0.45 87.02+0.37 91.054+0.17
SCD 84.9040.76 91.5540.35 93.6240.41 93.164+0.81 95.9840.23 97.1340.35
SC-NPE 89.4940.78 93.6940.57 94.6540.38 50.93+2.14 91.31£1.10 96.8140.22
SSDL 91.051+0.94 95.9410.40 97.38£0.20 94.16+0.12 96.8110.34 97.50+0.14
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5B PCALPP Fl NPE B3k 43 20 BE 0w, A ) U T B 25 [R5 B A A T b 70 kG BE i 32 7. 7270
A HAE4E T, SSDL 540 e F SCD il SC-NPE 53k 20 JEMG B o L it — 2B UE BT T SSDL ik AR AE 42 B A
e, JCHAEREA L B /N S B0, SSDL B i a8 R W] i, Bk 4y RS BE 43 Sl ik B T 91,0500 5
94.16 %0, X A& Nl L £ 2 HEAR I 3h du A HLASE B 1) 2% 2 M 7R T 2 A = G T BB v ) TR 2 R Gt
fiE S TRIBE I T I ZRREAS i ARRAIE 1 25 045 2 2 30T REAS B0 19 SSDL VR B RRAIE o (i 45 [7] 28 B A KR AE 58 Jin
R AR R AR AR B Ry 3 8, 358 1T 2R S AR T A R

Sk it — 2 I SSDLL 5074 X6 45 28 591 1l 40 5 AF 1) B2 B BE L 43 91 6 9 A B8 4 b B B BE B 5 90 I AR AR 1R
FINAE | B A REAAE Ry 3K 48 L Il NPE, LPP,PCA,SCD, SC-NPE Hl SSDL 5% v % 45 2 #b W) 1) 43 25 4
BE . 3R 3 RIER 4 43 I Ry AN R A0 AE P 24 S0 DK A7 R AR 48 3 1L A5 BSOHe AR T B S M R AR 1 A S PR R X L
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Table 3 Classification accuracy of each class of ground objects with different algorithms in Pavia University dataset %

Training Testing

Class Baseline PCA LPP NPE SCD SC-NPE SSDL
sample sample
Asphalt 330 6301 92.62 92.38 93.54 93.37 90.18 94.87 96.64
Meadows 930 17719 97.77 97.71 98.59 98.40 99.38 100 99.58
Gravel 100 1999 73.29 72.79 68.63 67.43 83.94 85.49 86.04
Trees 150 2914 93.27 93.27 92.38 91.56 86.58 63.04 94.75
Sheets 60 1285 98.52 98.52 99.14 98.99 99.92 24.75 99.92
Soil 250 4779 87.38 87.49 74.41 79.87 81.96 93.91 98.77
Bitumen 60 1270 84.96 85.35 67.56 62.36 95.98 90.71 94.80
Bricks 180 3502 86.44 86.41 89.12 91.12 93.58 89.86 90.41
Shadows 40 907 99.78 99.78 100 100 98.24 83.57 96.69
Average accuracy 90.45 90.41 87.04 90.41 92.20 81.48 95.29
Overall accuracy 92.91 92.85 91.31 91.73 93.62 91.32 97.02
Kappa 0.9058 0.9049 0.8832 0.8892 0.9147 0.8803 0.9605

i3 3 f132 4 A[41.SCD.SC-NPE 1 SSDL &7 AA.OA. Kappa N 43250 BE SR LW BAL T
PCA.LPP 1 NPE & ¥, X 2 H A E AT 05 BREFHY) I E ., A IFH SSDL &
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Table 4 Classification accuracy of each class of ground objects with different algorithms in Salinas Valley dataset %

Training Testing

Class Baseline PCA LPP NPE SCD SC-NPE SSDL
sample sample
Weeds_1 100 1909 99.53 99.53 99.74 99.69 99.67 98.01 99.84
Weeds_2 180 3546 99.66 99.66 99.94 99.86 99.35 96.16 99.94
Fallow 90 1886 97.61 97.35 99.68 98.78 99.81 97.08 99.89
Fallow_P 60 1334 98.8 98.88 99.25 99.03 99.55 94.98 98.13
Fallow_S 130 2548 99.22 99.22 99.29 98.94 99.62 97.92 99.8
Stubble 190 3769 99.44 99.44 99.71 99.66 100 97.74 100
Celery 170 3409 99.79 99.79 99.91 99.91 99.89 97.62 99.91
Grapes 560 10711 83.61 82.56 91.51 89.92 99.26 99.62 94.76
Soil 310 5893 99.76 99.76 99.95 99.9 99.78 99.69 99.98
Corn 160 3118 92.37 92.33 96.22 95.09 97.88 93.1 97.95
Lettuce_4wk 50 1018 7.35 97.25 98.23 98.33 99.51 78 98.82
Lettuce_ 5wk 90 1837 98.09 98.09 99.89 99.24 100 96.41 99.46
Lettuce_6wk 40 876 96.23 96.23 98.06 98.06 100 88.93 100
Lettuce 7wk 50 1020 94.22 94.22 98.24 97.65 98.71 88.33 98.82
Vinyard_U 360 6908 70.3 69.63 61.45 64.19 94.38 94.43 91.85
Vinyard_T 90 1717 97.85 97.85 98.6 98.31 97.61 92.43 98.66
Average accuracy 95.23 95.11 96.23 96.03 98.36 96.49 98.59
Overall accuracy 91.49 91.17 92.57 92.42 97.33 94.40 97.48
Kappa 0.9052 0.9017 0.9170 0.9154 0.9703 0.96.7 0.9719
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