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Fig. 3 Depthwise separable convolution dotted shortcuts structure
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# 1  Indian Pines 845 5 b W) g5 Kb AR B it
Table 1 Category No. and sample size in Indian Pines dataset
No. Category Sample size No. Category Sample size
1 Alfalfa 46 9 Oats 20
2 Corn-notill 1428 10 Soybean-notill 972
3 Corn-mintill 830 11 Soybean-mintill 2455
4 Corn 237 12 Soybean-clean 593
5 Grass-pasture 483 13 Wheat 205
6 Grass-trees 730 14 Woods 1265
7 Grass-pasture-mowed 28 15 Buildings-grass-trees-drives 386
8 Hay-windrowed 478 16 stone-steel-towers 93
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# 2 Pavia University 088 45 109 Hb 9 G 5 JRE A B i

Table 2 Category No. and sample size in Pavia University dataset

No. Category Sample size No. Category Sample size
1 Asphalt 6631 6 Bare soil 5029
2 Meadows 18649 7 Bitumen 1330
3 Gravel 2099 8 Self-blocking bricks 3682
4 Trees 3064 9 Shadows 947
5) Painted metal sheets 1345
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Fig. 6 Classification accuracy of attenuation parameters with
different weights
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Fig. 8 Classification accuracy of proposed model with different convolution kernel sizes
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Table 3 Comparison of Conv parameter, parameter number,

FLOPs, and training time of each network

3DCNN- 2D-Res- 3D-Res- DSC-

Model Resl4
DSC CNN CNN Res14

Conv parameter 200228 611840 111424 152232 20482
Parameter
200228 611840 136016 281272 149522
number
FLOPs /10° 206 2 291 347 50
Time (IP) /s 300.30  21.32 1165.10 1170.32 394.71
Time (PU) /s 1913.00 25.97 997.12 1830.24 641.63

10 ¥R 52 56 I X 4 A 28 51 ARG BE L BVUAORE BE O 0KG B
il kappa & $CHCT Y (EAE y e A 45 R & DR AT
Indian Pines Fll Pavia University % #& 4 (19 43 25 K5 &
FAMESFR .
IR A B R G a2 R E 9 R 10 Bif s .
XF kb SDCNN-DSC ., 2D-Res-CNN #1 3D-Res-CNN #%
4 Indian Pines MU FOR[RI SR EE 1 43 2K B Xt 1E

Table 4 Comparison of classification accuracy of different

algorithms on the Indian Pines test set unit: %
speNn- S0 DSC-
0. DSC Res- Res- Resl4 Resld
CNN CNN

1 92.31 69.81 61.61 100.00  96.92
2 91.22 95.18 97.52  99.08 99.21
3 97.41 90.58  96.49  99.56 99. 36
4 97.59 89.75 98.62  99.72 99.45
5 98.41 98.85 98.58  99.53 99.23
6 98.95 99.29 97.50 99.19 99. 28
7 100. 00 67.78 63.36  100.00  100.00
8 95.96 96.15 99.31 100.00  100.00
9 80. 00 69.17  58.33  96.03 94.67
10 98.90 94.98 97.05  99.97 99.71
11 97.86 91.67 92.37  99.33 99. 50
12 89.62 96.92 91.25  99.71 99.47
13 98. 80 99.10 98.16  100.00  100.00
14 98.82 97.81 98.75  99.97 99.75
15 99.33 93.74  98.99  99.91 99.49
16 89.74 94.31 53.54  98.56 98.41
OA 96. 46 84.41 96. 09 99.51 99. 46

AA 95.31 90.32  87.59 99.41 99.03
Kappa 95.96 93.61  95.53 99. 10 99.38
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Table 5 Comparison of classification accuracy of different

algorithms on the Pavia University test set  unit: %
speNn- 20T DSC-
DSC Res— Res- Resl4 Resld

CNN CNN

1 95.52 93.08  98.17 99.71 99.77
2 99.92 97.75 99.16  99.93 99.83
3 100. 00 87.51  99.55  99.62 99. 54
4 99.75 99.19  98.13  98.37 98.92
5 99.82 99.95 99.83 100.00  99.47
6 92.49 95.14  99.98  99.98 99.98
7 97.86 93.23 98.25  99.57 99.47
8 94.73 83.66  96.60  98.38 99. 31
9 99.73 97.80  99.05  99.18 98.68
OA 97.65 94.90  98.79  99.61 99.65
AA 97.75 94.15  98.75  99.42 99. 44

Kappa 96. 90 93.23  98.39 99.49 99.53
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Abstract

Objective

Due to the high spectral resolution, hyperspectral remote sensing imaging technology can describe rich spectral

features of ground objects, which is of great significance for the fine classification and recognition of ground objects. In the

feature extraction and classification of hyperspectral images, the traditional deep learning network model employs the deep

network structure to improve the classification accuracy. However, with the superposition of the convolution layer and the

pooling layer, the phenomenon of gradient vanishing and gradient explosion appears in the model, which exerts adverse
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effects on the classification. Although some scholars have proposed the residual network with the identity link to solve the

model degradation caused by the deepening of the network model, it still has the shortcomings of large reference quantity
and high time cost. To this end, a lightweight multi-scale residual network model (DSC-Res14) based on depthwise
separable convolution is designed and built in this paper, which not only ensures the high classification accuracy of the
model but also improves the model training efficiency. This innovative study provides a new solution to further promote

the intelligent information extraction of hyperspectral remote sensing images.

Methods In this paper, a lightweight residual network (DSC-Res14) is proposed based on three-dimensional depthwise
separable convolution instead of the traditional two-dimensional convolution, so that the long training time caused by large
parameters in feature extraction and classification of hyperspectral images by traditional depth residual network is solved,
and the performance of object classification using hyperspectral images is improved. For the proposed model with the input
using image blocks after reduction dimensionally by principal component analysis, a convolution layer is first employed for
initial feature extraction, and both spectral and spatial features of the image blocks are further extracted by three residual
layers, each of which contains two residual structures. Finally, a full-connected layer is adopted to provide an input of one-
dimensional feature vector for a classifier for pixel-to-pixel classification of hyperspectral images. To reduce network
training parameters, this paper leverages the depthwise separable convolution for each residual structure in the residual
layer. For the depthwise separable convolution operation, two-dimensional grouping convolution is utilized to extract
spatial features from each channel, and then one-dimensional point convolution is employed to extract spectral features.
After each convolution layer, batch normalization layer is added to keep the same distribution of input features, and the

Rel.U activation function is adopted to accelerate the network convergence speed and alleviate gradient disappearance.

Results and Discussions To verify the classification accuracy and speed of the proposed DSC-Res14 model, the paper
compares this model with other three similar models and the Res14 model which employs the traditional 3D convolution
kernel but has the same network structure as the proposed model. In terms of classification accuracy, the overall accuracy
of Res14 on two public standard datasets has reached more than 99. 5%, indicating the rationality of the network structure
in this paper. For the categories with a small number of samples in the Indian Pines dataset, the classification accuracy of
the DSC-Res14 model after introducing depthwise separable convolution is slightly decreased compared with Res14, but it
still has obvious advantages over other similar models. In the Pavia University dataset, the accuracy indexes of the DSC-
Res14 model proposed in this paper are all superior to Resl4. The overall accuracy (OA) is 0. 04% higher, the average
accuracy (AA) 0.02% higher, and the kappa coefficient 0.04% higher, which shows the best performance among the
similar models involved in the comparison. Under the conditions of relatively balanced and sufficient samples, the proposed
DSC-Res14 model not only avoids a decline in classification accuracy with a reduction of the network parameters and an
optimization of network structure, but also slightly improves the classification accuracy, compared with the traditional 3D
convolution residual network. In contrast to similar models likely with depthwise separable convolution, the parameter
number of the proposed model is smaller and the deep residual structure also leads to higher classification accuracy. For the
three categories with fewer training samples of the Indian Pines dataset, the classification accuracy of other models is poor,
but the classification accuracy of each category in the proposed model becomes better and more balanced with an average
accuracy of 99. 03% , which indicates the ability to deal with uneven sample probability distribution.

From a comparative analysis above, the conclusions are as follows. The introduction of depthwise separable
convolution makes the parameter number of convolution layers and floating point operations (FLOPs) of the proposed DSC-
Res14 model in the paper only 1/7 of that of the Res14 model, and the training time is about 1/3 of that of the Res14
model with ensuring high classification accuracy. The proposed model is proven to be a lightweight and efficient depth

residual network.

Conclusions In this paper, a lightweight deep residual network model based on depthwise separable convolution is
proposed to address the issue of large parameter size and longer training time caused by a deep network structure for
improving classification accuracy using hyperspectral remote sensing images. Firstly, both spectral and spatial features of
dimensional-reduced hyperspectral images by principal component analysis method are extracted through a three-
dimensional convolution layer of the proposed network. Then, three 3D depthwise separable convolution residual layers
with different spatial scales are introduced to extract deep semantic features of the given images. This reduces the number
of training parameters of the network and enhances the expression ability in high-dimensional and multi-scale spatial
features of the image. Experiments on the public Indian Pines and Pavia University datasets show that the classification
accuracy of the proposed model is 99.46% and 99.65%. Compared with similar models, this model guarantees high

classification accuracy and has fewer parameters and lower computation costs, shorter training time, and better robustness.

Key words remote sensing; hyperspectral image; depthwise separable convolution; spatial-spectrum feature; lightweight
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