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Fast 3d-cnn combined with depth separable convolution for hyperspectral image classification

WANG Yan®, LIANG Qi
School of Computer and Communication, Lanzhou University of Technology, Lanzhou 730050, China

Abstract: Three dimensional convolutional neural network can extract spectral and spatial features at the same time,
but due to the problem of spectral dimension and volume, the calculation is complex. In the process of feature ex-
traction and classification of hyperspectral image by convolution neural network, there are some problems, such as
insufficient space spectrum feature extraction, too many network layers, large amount of parameters and complex
calculation. A fast 3d-cnn combined with depth separable convolution is proposed the lightweight 3D convolution
model of convolution (DSC) is used to classify hyperspectral images. Firstly, incremental principal component
analysis is used Secondly, the pixels of the input model are divided into small overlapped three-dimensional small
convolution blocks, on which the ground label is formed based on the center pixel, and the three-dimensional kernel
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function is used for convolution processing to form a continuous three-dimensional feature map, while preserving
the spatial spectrum features. 3d-cnn is used to extract spatial spectral features of pixels at the same time, and then
depth separable convolution is added to 3D convolution to extract spatial features again, which enriches spatial
spectral features and reduces the amount of parameters,so as to reduce the operation time and improve the classi-
fication accuracy.The proposed model is validated on Indian pines, Salinas scene and University of Pavia public
datasets, and compared with other classical classification methods. The experimental results show that this method
can not only save learning parameters and reduce the complexity of the model, but also show good classification
performance. The overall accuracy OA, average classification accuracy AA and kappa coefficient can reach more
than 99%, and the confusion matrix also shows good classification performance.

Key words: hyperspectral image (HSI) classification; spatial spectrum feature extraction; 3-Dimension convolu-
tional neural networks(3D-CNN); depth wise separable convolution; deep learning
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Fig.3 The Network framework
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Table 1 Parameters of model on IP dataset with Win-
dow Size of 11X 11

F 1 HBEFE Window Size K/NA 11x11 B 1P R4

Wal:oE
Layer(type) Output Shape Parameter#
input_1(Input Layer) (11,11,20,1) 0
Conv3d_1(Conv3D) (9,9,14,8) 512
Conv3d_2(Conv3D) (7,7,10,16) 5776
Conv3d_3(Conv3D) (5,5,8,32) 13856
Reshape_1(Reshape) (5,5,256) 0
Separa- (3,3,64) 18752
ble_conv2d_1(separable)
Separa- (3,3,128) 8384
ble_conv2d_1(separable
)
Flatten_1(Flatten) (128) 0
Dense_1(Dense) (256) 295168
Dropout_1(Dropout) (256) 0
Dense_2(Dense) (128) 32896
Dropout_1(Dropout) (128) 0

In total,377408 trainable parameters are required
Train on 4304 sample,validate on 1845 samples
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Fig.4 3D spectral-spatial feature learning
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Table 2 Classification accuracy of different dimen-
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NumComponents 15 20 25 30
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AA 97.84 99.78 98.91 99.67
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Table 3  Impact of spatial window size on our proposed model in three datasets
K3 EANBIRE L= E4EE R/ DR RE R N
Window IP; PU. SA.
Size: K- OA.- AA- Tr time(s). K- OA.- AA- Tr time(s). K- OA.- AA. Tr time(s)-
9x9.  99.08- 99.19. 98.90. 18.65: 99.90. 99.92. 99.89. 67.73: 99.89. 99.90. 99.92. 199.06.
lxlle 9930, 99.39. 99.60. 45.38. 99.96. 99.97. 99.97. 9142 99.95. 99.96. 99.94. 231.19:
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17x17.  99.66. 99.70. 99.84. 62.16. 100. 100, 100.  326.47. 99.98. 99.99. 99.99. 408.13.
23x23.  99.74. 99.78. 99.76. 147.68. 9824. 9867. 9811. 53834 100.  100. 100.  1026.73.
25x25.  99.66. 99.70. 99.86. 172.65: 99.96. 99.97. 99.88. 934.98. 99.97. 99.97. 99.99. 1471.46.
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11 b B epochs 1A% 15 AR WA GRWSL, JIZksE
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Fig.7 Loss rate (a) and accuracy rate (b) of space size 9 x 9
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Fig.8 Loss rate (a) and accuracy rate (b) of space size 11 x 11
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11X11X20. & 9-11 F/RAri B A F1 Fast-3D-CNN
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(a)IP Figure datum map.
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(b)Fast-3D-CNN(98.56%).
()i =4 22 M 4%
(98.56%)-

(c)Proposed(99.68%)
(c) FF IR 11U (99.68%)

Fig.9 Comparison of classification graphs of two models on IP dataset

(a)PU Figure datum map.
(@PU 4 B EE -

B9 7E IP FiRE BRI R 4K EIXT

(b)Fast-3D-CNN(99.71%).
(bybi = 44 HI 2 [ 45
(99.71%)

(c)Proposed(99.90%)
()T HEIERL(99.90%)

Fig.10 Comparison of classification graphs of two models on PU dataset

10 £ PU BB MR 0K EXT H

(a)SA Figure datum map-
(2)SA Hi ¥ R

(b)Fast-3D-CNN(99.39%).
(o)L = 2 HFH 2 25
(99.39%)

(c)Proposed(99.98%)
(C)FT AR L (99.98%)

Fig.11 Comparison of classification graphs of two models on SA dataset
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3.2.5 ARk TS vEREbE:

9T IR IE T 4R ) 5% AR TR 7 9% 4 D R AT AL
P, 555 T 5 R I 2% 1) D7 VR R A 430 ) o R 2
AT X EE, 2D-CNNPOL 3D-CNNPH. Multi-scale-3D-
CNNPA Fi1 Hybrid SN gt 470 b o N T F4AIF
RIS, K BT R G R 2 R S R R R
HAR, GIamRAm N R BE4E S 20 4, 4R
/NCE A 11X 11X 20, epoch J& 19 50, batch size
N 256. ARG SES: —FE, 7070 Indian Pines.
Salinas scene 1 Pavia University =454 EFEHL

HEHL 60% VI ZRE0H, 40% MR A I AT 30E, JF H.
AR 5K, BFEUX 5 IRKTFE. & 4N
W77 RIS AR . R FTLLEH, FEHETT
225 HoAth 7 vk 4y 2R RE SR A ) 778 Hybrid SN AR
EEAL, XF T Indian Pines %54, H OA &iih 1.86%,
AA = 2.11%, Kappa &%= H 2.34. XFF Salinas
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Kappa £ %5 H 2.09.%F T Pavia University %4 £,
H OA &= H 1.53%, AA mitH 1.9%, Kappa &%
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Table 4 Comparison of experimental performance under different methods

£4 ARTETRSLRAEREX LR

Methods 2D-CNN 3D-CNN Multi-scale-3D-CNN  Hybrid SN Proposed
Indian OA(%) 8027 82 62 8139 9775 99.61
Pines AA(%) 68.32 76.51 75.22 97.54 99.65
Kappax100 75.26 79.25 8§1.20 97.44 99.78
Salinas OA(%) 96.34 85.00 94.20 98.06 99.96
_ AA(%) 94.36 89.63 96.66 98.80 99.94
seene Kappa * 100 95.93 83.20 93.61 97.85 99.95
Pavia OA(%) 96.63 96.34 95.95 98.40 99.97
. . AA(%) 94.84 97.03 97.52 97.89 99.97

University

’ Kappax100 95.53 94.90 93.40 97.89 99.96

Fig.12 Confusion matrix on PU dataset
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