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Fig. 1 Schematic diagram of proposed hyperspectral image classification method
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Input: sparse representation dictionary D, test sample x and superpixel neighbourhood X

2. Calculating average Euclidean distance of superpixel neighbourhood image elements o

For e=1:P-1
For f=e:P

2
or=y(x,-x,)

End
End
o =0/P?

3.  Calculating Gaussian kernel distance between test sample and dictionary atom

w(x.x, ) =exp| -

x| /(20°)]

4.  Calculating weight of dictionary atoms using Gaussian kernel distances

X, =[wx, wx,

5. Output: weighted neighbourhood X,

WX, ]

6.  Solving sparse representation models using SOMP algorithm

P2 AR & i i 3 78 B 1
Fig. 2 Weighted joint sparse representation
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1. Input: HSI dataset X

2. Initialization: sparsity Iq),tcst samples 7, dictionary DZ[d1 dz - d C dC],indcx

set AO =®, iteration count g = 1, construction of a dictionary of empty spectra to select number of atoms

K, super pixel area S, balance parameter A
3. For each text sample

1)  Constructing dictionary spatial-spectral dictionary

D, = |:SK,1 SK,z SK,k:I = [dl d, d,] » | is number of empty

spectral dictionaries

2)  Weighted neighbourhood obtained via weighted joint sparse representation algorithm

X, =[wx, wx, WpX, |

3) Initializing residual RO =XP

4)  Constructing sparse model A= al‘gmln"l)localA -X P2 s.t.

4

<K
0
row,0

5) For k=1:K|

T
a)  Finding index of dictionary atom lq =argmax HR,C_ld 1 ”2 , and updating

index set A, = A,_; U {%}

-1
. _ T T
b) Calculating A, _(me M’Ak) i X7

c¢)  Updating residual Rq = Rq_] -D

local, 4y 4
d)  Updating iteration count g = g +1
End for

-1
Dlocal,A ; ) DT XP

Tocal Ay

6) Calculating sparse coefficient matrix A4 = (DT

Tocal Ay

7)  Calculating residuals obtained for each category

€ local €

r.(X,)=|x,-p_A

, €= 1’29“.5C
F

8) Classification: class(x)=argminz, (X, )

End for
4. Output: hyperspectral image classification results class(7")
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Fig. 3 Weighted joint sparse representation hyperspectral image classification based on spatial-spectral dictionary
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Table 1 Number of training samples and test samples in Indian Pines dataset

Label Class Number of training samples Number of test samples
1 Alfalfa 4 42
2 Corn-notill 142 1286
3 Corn-mintill 83 747
4 Corn 23 214
5 Grass-pasture 48 435
6 Grass-trees 73 657
7 Grass-pasture-mowed 2 26
8 Hay-windrowed 47 431
9 Oats 2 18
10 Soybean-notill 97 875
11 Soybean-mintill 245 2210
12 Soybean-clean 59 534
13 Wheat 20 185
14 Woods 126 1139
15 Buildings-Grass-Trees-Drives 38 348
16 Stone-Steel-Towers 9 84

Total 1018 9231
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Table 2 Number of training samples and test samples in Salinas dataset

Label Class Number of training samples Number of test samples
1 Brocoli_green_weeds_1 20 1989
2 Brocoli_green_weeds_2 37 3689
3 Fallow 19 1957
4 Fallow _rough_plow 13 1381
5 Fallow _smooth 26 2652
6 Stubble 39 3920
7 Celery 35 3544
8 Grapes_untrained 112 11159
9 Soil_vinyard _develop 62 6141
10 Corn_senesced _green_weeds 32 3246
11 Lettuce _romaine 4wk 10 1058
12 Lettuce _romaine 5wk 19 1908
13 Lettuce _romaine 6wk 9 907
14 Lettuce _romaine 7wk 10 1060
15 Vinyard _untrained 72 7196
16 Vinyard _vertical _trellis 18 1789

Total 533 53596
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Fig. 4 Superpixel segmentation of Indian Pines dataset
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Fig. 5 Superpixel segmentation of Salinas dataset
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Table 3 Classification accuracies of Indian Pines dataset under different algorithms unit: %
Class SRC KNN LSRC SP-JSRC HybridSN S5 .
WISRC
Alfalfa 21.43 7.14 0 61.90 100. 00 97.62
Corn-notill 47.98 53. 58 77.29 96. 58 95.47 96. 89
Corn-mintill 51.81 40. 43 56.49 92.77 97.24 97.19
Corn 29.44 12.62 51.40 90. 65 99. 46 93.46
Grass-pasture 82.07 80.92 88. 74 93.79 94.93 99.08
Grass-trees 87.82 97.56 95.43 98.17 89.09 100. 00
Grass-pasture-mowed 61.54 65.38 3.85 84.62 100. 00 96. 15
Hay-windrowed 95.13 98. 84 100. 00 100. 00 100. 00 100. 00
Oats 22.22 27.78 0 100. 00 88. 89 100. 00
Soybean-notill 68. 00 72.34 68.23 93.14 93. 54 97.83
Soybean-mintill 72.04 79.59 87.87 97.06 95.65 98.73
Soybean-clean 40. 82 35. 39 83.71 79.59 95.98 88.95
Wheat 88.65 95.14 97. 84 89.73 97.69 99. 46
Woods 87.18 92.45 98.51 97.98 93.21 99.47
Buildings-Grass-Trees-Drives 35.92 12. 64 40. 80 99. 14 96.71 94.83
Stone-Steel-Towers 83.33 80. 95 75.00 82.14 84.75 88.10
OA 67.13 69. 16 80. 87 94. 90 94.98 97.60
AA 60. 96 59. 55 64.07 91.08 89.73 97. 26
Kappa 62.53 64. 84 78.19 94.18 94.26 96.73

& 6 Indian Pines $U¥5 4 A9 0 2545 . () b fE 2545 3 5 (b) SRC; (¢) KNN; (d) LSRC; (e) SP-JSRC; (f) HybridSN; (g) SSD-
WISRC
Fig. 6 Classification results of Indian Pines dataset. (a) Standard classification result; (b) SRC; (¢) KNN; (d) LSRC; (e) SP-JSRC;
(D) HybridSN; (g) SSD-WISRC

Bl 7 Salinas $HEHE M 73 285 58 L ()R UESN 2845 5 (b) SRC; (¢) KNN3 (d) LSRC;(e) SP-JSRC; (f) HybridSN; (g) SSD-WJSRC
Fig. 7 Classification results of Salinas dataset. (a) Standard classification result; (b) SRC; (¢) KNN; (d) LSRC; (e) SP-JSRC;
(1) HybridSN; (g) SSD-WISRC
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# 4 Salinas B EAEA R LT M43 28K

Table 4 Classification accuracies of Salinas dataset under different algorithms unit: %
Class SRC KNN LSRC SPISRC HybridSN SSD-WISRC
Brocoli_green_weeds_1 97.49 94. 822 99.40 91.65 96. 88 99.70
Brocoli_green_weeds_2 98.62 97.235 99. 89 100. 00 100. 00 99.76
Fallow 89. 37 80. 838 97.04 99.18 100. 00 99.74
Fallow _rough_plow 95.51 99. 566 96. 38 90. 88 97.31 98.84
Fallow _smooth 88. 08 86. 237 98. 68 95. 36 97.10 97.17
Stubble 99. 82 98. 240 99. 46 99. 87 99.15 99.67
Celery 99.63 98.787 99.72 99.41 99. 14 99. 46
Grapes_untrained 77.96 70.132 86.18 96. 59 99. 16 97.33
Soil _vinyard _develop 98.76 96. 320 99.98 98. 65 98.95 100. 00
Corn_senesced _green_weeds 87.80 84.104 95.90 97.41 99. 56 97.87
Lettuce_romaine 4wk 89.79 72.779 90. 45 90. 64 100. 00 97.07
Lettuce_romaine 5wk 86.01 96. 960 99.90 95.28 99.53 98.74
Lettuce_romaine 6wk 88. 31 97.905 77.40 69. 90 98.22 97.35
Lettuce_romaine 7wk 90. 38 90. 660 93.68 94.15 97.90 95.75
Vinyard _untrained 44.89 63. 396 67.37 86.27 89.96 94.23
Vinyard _vertical _trellis 97. 26 66. 797 98. 66 96. 25 99. 94 98. 88
OA 84.63 83.52 91.39 95.18 98.08 98.01
AA 89. 36 84.17 93.76 93. 84 97.72 98.22
Kappa 82.89 81.66 90.42 94.63 97.46 97.78
B S
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B g 98.55¢ -/ -
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%0001 02 03 0.4 05 06 0.7 08 09 L0 A . 1§ &
Balance factor Sparsity
P8 AN 2R BT B MRS L P10 i JBE X 23 28 25 R 1 52 i
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Table 5 Classification accuracies of ablation experiments

without spatial-spectral dictionary unit: %

Label Indian Pines Salinas
1 95.24 99.10
2 89. 66 99.78
3 93.71 95. 40
4 89.72 98.33
5 97.93 99.21
6 99. 85 99. 80
7 92.31 99. 58
8 100. 00 94.97
9 94. 44 99.76
10 94.97 91.74
11 97.01 98. 02
12 91.01 97.69
13 98.92 98.68
14 99.47 93.02
15 90. 23 91.79
16 97.62 97.71
OA 95. 46 96. 24
AA 95.13 97.12
Kappa 94.83 96. 24
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Abstract

Objective Hyperspectral image classification aims to assign feature labels to each image element in images. Nowadays,
several classification techniques are applied in hyperspectral classification, such as support vector machines (SVMs),
polynomial logistic regression, and neural networks. In recent years, sparse representation has proven to be a powerful
tool for solving problems such as face recognition and image super-resolution. The basic assumption of sparse
representation is that if a class has enough training samples, the test samples belonging to this class can be represented by
using a linear combination of the training samples from this class. Sparse representation classification obtains the sparse
representation parameters by the sparse representation of the test samples and calculates the reconstructed residuals for
each class of the training samples, which thus determines the class of the test samples. The sparse representation usually
pays more attention to the spatial information of the neighborhood of the test image elements and ignores the spatial
information of dictionary atoms. The proposed weighted joint sparse representation hyperspectral image classification
algorithm based on the spatial-spectral dictionary (SSD-WJSRC) addresses the problem that the spatial-spectral

information of dictionary atoms is underutilized.

Methods SSD-WISRC algorithm makes full use of the spatial-spectral information of dictionary atoms. Firstly, the
superpixel segmentation is performed by using the entropy rate superpixel segmentation (ERS) algorithm on the principal
component image to obtain the superpixel segmentation map. Secondly, the spatial-spectral joint distance between the test
image elements and the dictionary atoms is calculated, and the spatial-spectral joint distance is jointly determined by the
spatial distance and the spectral angle distance. Then, image elements are added in the superpixel neighborhood
corresponding to the first K dictionary atoms to the spatial-spectral dictionary as sub-dictionaries. Meanwhile, in the joint
sparse model, different weights are used for the superpixel neighborhood image elements of the test image elements, and
the weights are calculated from the Gaussian kernel distance, and the Gaussian kernel can be used to capture the distance of
nonlinear information to measure the similarity between samples. Finally, a weighted sparse representation model is
constructed on the spatial-spectral dictionary, which solves sparse coefficients by using the simultaneous orthogonal
matching pursuit (SOMP) algorithm, and the reconstructed residuals are calculated. Furthermore, the classification results

are determined.

Results and Discussions Several important results are obtained as follows. Firstly, The experimental results from the
Indian Pines and Salinas datasets show that the proposed SSD-WISRC can effectively improve the classification accuracy
by 97.60% and 98.01% , respectively. The spatial-spectral constraint is adopted to realize the full utilization of the pixel
spatial-spectral information of the dictionary and generate a better expressive spatial-spectral dictionary. The proposed
method can also improve the misclassification by using spatial information in the case of high spectral similarity of features
(Figs. 6 and 7). Secondly, the proposed method reduces the influence of irrelevant pixels in the neighboring pixels on the
sparse model by weighting the neighboring domains and effectively improves the classification accuracy in the neighboring
regions of different features and at the edges of the features. When classifying feature types with few samples, the
proposed method makes full use of the neighborhood information of the samples to ensure classification accuracy (Figs. 6
and 7). Thirdly, the effects of different balance coefficients, number of superpixels, and sparsity on classification accuracy
are also analyzed (Figs. 8-10). Finally, in order to verify the effect of the constructed spatial-spectral dictionary on sparse
representation classification, ablation experiments are performed. The classification results obtained with the same
selection of test image elements and dictionary atoms are shown in Table 5. It can be seen that there is a certain decrease in
classification accuracy without constructing the spatial-spectral dictionary, which proves that the spatial-spectral dictionary

can effectively improve classification accuracy.

Conclusions The proposed SSD-WISRC makes full use of the spatial and spectral information of the dictionary atoms'
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neighborhoods. The dictionary atoms with high spatial and spectral similarity to the test pixels are selected as the adaptive
dictionary, and the superpixel neighborhoods of the dictionary atoms are extended to an adaptive dictionary to form a
spatial-spectral dictionary. Different weights are assigned to the superpixel neighborhoods to reduce the influence of the
irrelevant image elements on the sparse representation results, and a weighted sparse representation model is constructed
on the spatial-spectral dictionary to obtain the classification results. The simulation results on Indian Pines and Salinas
datasets show that the accuracy of the proposed algorithm is higher than that of traditional algorithms such as K-Nearest

Neighbor (KNN) algorithm, and it has better classification results with fewer samples than current deep learning methods.

Key words image processing; hyperspectral image classification; spatial-spectral dictionary; superpixel; sparse

representation
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