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Local Gabor Convolutional Neural Network for Hyperspectral Image Classification

WANG Yan and WANG Li
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Abstract In order to solve the problem of insufficient utilization of hyperspectral image features,a new classification method
based on spatial-spectral features was proposed. Firstly, principal component analysis (PCA) and linear discriminant analysis
(LDA) are used to reduce the dimension of hyperspectral images. Secondly,the Gabor kernel is introduced to design a Local Ga-
bor Convolution (LGC) layer based on the local Gabor kernel. Finally,a new convolutional neural network (LGCNN) is designed
based on the LGC layer for classification. The proposed method is validated on Indian Pines and Salinas scene datasets and com-
pared with other classical classification methods. Experiment results show that this method not only saves the learning parameters
greatly,reduces the complexity of the model, but also shows good classification performance. Its overall accuracy can reach 99% ,

the average classification accuracy can reach more than 98% ,and the Kappa coefficient can reach more than 98%.
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Table 1 Architecture of LGCNN

Layer No. Name Configuration  Stride
1 Conv+ Relu 3R 3 K32 2
2 Max-pooling 3X3 2
3 LGC+Relu 3K 3X64 1
4 LGC+ Relu 1X1X64 1
5 LGC 3X3X256 1
6 2. out—> LGC 3X3X256 1
7 Add(5. out,6. out) +Relu N/A N/A
8 LGC+ Relu 3X3X64 1
9 LGC+Relu 1X1X64 1
10 LGC 3X3X256 1
11 Add(7. out,10. out) +Relu N/A N/A
12 Average-pooling 3X3 N/A
13 Softmax classes N/A
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Fig. 3 Indian Pines data sets
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Table 2 Categories and number of Indian Pines datasets
Class Num. of samples
[ ] Alfalfa 16
- Corn-notill 1428
- Corn-mintill 830
4 Corn 237
- Grass-pasture 483
6 Grass-trees 730
- Grass-pasture-mowed 28
- Hay-windrowed 478
- Oats 20
- Soybean-notill 972
- Soybean-mintill 2455
- Soybean-clean 593
- Wheat 205
- Woods 1265
- Buildings-Grass-Trees-Drives 386
- Stone-Steel-Towers 93
total 10249
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Fig. 4 Salinas scene data sets
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Table 3 Categories and number of Salinas scene datasets

Class Num. of samples
- Brocoli_green_weeds_1 1977
- Brocoli_green_weeds_2 3726
- Fallow 1976
4 Fallow_rough_plow 1394
- Fallow_smooth 2678
6 Stubble 3959
- Celery 3579
- Grapes_untrained 11213
- Soil_vinyard_develop 6197
- Corn_senesced_green_weeds 3278
- Lettuce_romaine_4wk 1058
- Lettuce_romaine_5wk 1908
- Lettuce_romaine_6wk 909
- Lettuce_romaine_7wk 1061
- Vinyard_untrained 7164
- Vinyard_vertical_trellis 1737
total 53875

S, 2 8 O batch size %N 32, epoch & A 50,
LGC JZ 435 R FAS R B0 9 Gabor %, JF IR E M BLE A 0.5,
R F Relu bR BICVE Sy 300 oRERC, DL i 11 55 2003 O i B b 00
ST, BE SRR 11070, FH R A SCER 18] 2% >
R F . AL M Indian Pines Hl Salinas scene 5 4
T BEALBE L 800 A A A S Yl R B4R L BE L 200 A HFEARAE R
DR A T2 10 YORBUH (. A SCR T Overall
Accuracy(OA) , Average Accuracy(AA) Fl Kappa 2R EH
retERE. Hdh, OA I TFM T A B A 4 K IE %5 AA
238 43 20K BE L LRSS T X L 43 3 T 1 R /N B AR T R
N B 28 51 B 43 2 25 S B 47 O 5 Kappa 5 80U — Fh— B0 16 50
DU, 38 Ao 32 DU W7 LA B 5 R 43 2607 1 45 58 2 BE ML 4 2 AR
VIR 92 8 R 0 LA L B T LA LA A8 2 R R 43 28
IR S 3112
3.2 KBERKRSW

A K PCHLAYRELE A Intel (R) Core (TM)i5-4200,
4R 2. 30Hz [ CPU, N7 K 8GB, HA&F2 7 1 Pycharm2016
5, M HEHE R Keras,

3.2.1 Gabor # &R B 7 @ Ae i K T 64 52 3 M 4t

FAFIT Gabor ¥ J5 1) [E & (J7 19 M FE R 0, Hilg K
H5.10,15.20 BIIE LT - A SCRERL A 73 JE PR RE

4 TR E A B AR B B 00T A SCRERL Y 43 2 P g

Table 4 Classification performance under fixed direction and

different wavelengths

Indian Pines Salinas scene

K OA/%  AA/Y%  KappaxX100 OA/% AA/%  Kappax100
5 92.00  87.68 85.21 94.00  91.88 93.29

10 89.00  87.34 84.57 98.00  96.56 97.75

15 91.00  86.00 89.42 98.00  96.35 97.76

20 94.00  93.85 91.98 97.00  97.26 96.71
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Table 5 Classification Performance under fixed wavelength and

different directions

Indian Pines Salinas scene

A OA/%  AA/Y%  KappaxX100 OA/% AA/%  Kappa>x100
0 84 85.35 81. 30 94 91. 88 93.29
/4 99.00 99.67 98. 84 82 76.51 79. 30
/2 93 93.56 91.99 99. 00 98. 85 98. 33
3n/4 89 79.35 87.62 94 86. 68 93.02
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Fig.5 Classification performance of proposed method under

different Gabor filter numbers
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Table 6 Classification performance of proposed method under

different Gabor filter numbers

Indian Pines Salinas scene

i OA/%  AA/Y%  KappaxX100  OA/% AA/%  Kappax100

128 93.00  81.29 92.02 96.00  86.91 95. 30

256 94.00  89.81 93.15 98.00  98.06 97.87

512 99.00  99.67 98. 84 99.00  98.85 98. 33

1024 70.00  68.54 68.98 76.00  69.94 72. 64
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Table 7 Comparison of parameters under different convolutional
layers
Layer Convolution layer LGC layer
1 864 864
2 (convolutional_block) 243712 327680
3(identity_block) 299008 196608
total 543584 525152
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Table 8 Experimental performance of model based on different

convolution layers on Indian Pines and Salinas scene datasets

Indian Pines Salinas scene

HHE
OA/ % AA/ Y% Kappax100 OA/Y%AA/Y% Kappax100
Convolution _ -
98.00 97.19 97.74 98.00 97.98 97.54
layer
LGC layer  99.00 99.67 98. 84 99.00 98.85 98.33
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Table 9 Comparison of experimental performance of different

methods

Indian Pines Salinas scene

7k
OA/ % AA/ % Kappax100 OA/%UAA/Y% Kappax100

RBF- I c I I 5

qymi7) 6534 64.45 59.76 85.69 89.75 89.38
CNNCIJ 95,00 90. 62 94.19 95.00 92.16 94.31
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CNNE

Gabor- ) R )

CNNlz] 92-00 90.38 90. 66 95.00 96. 62 94. 43
CNN-10131 94,00 82.01 93.09 94.00 90. 67 93.31
CNN-2013] 98,00 97.19 97.74 98.00 97.98 97.54
LGCNN  99.00 99.67 98. 84 99.00 98.85 98. 33
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Fig. 7 Classification maps of Indian Pines by using different methods
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Fig. 8 Classification maps of Salinas scene by using different methods
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