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R RS SUESE i BN SEG Fer, AT
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33 BT p o KSR

N TR OB S B A AR, AR SCIEI T &
S HL e~ > S5 N 22 P e i 1) TR JEE o7 2] 7 VR A
X EE IS :

(1) SSRN: Zhong% (2018) #2111 3D =5 ii%
BRATRIE2: S W45, SOTA Bk

(2) SVM-RBF: J T r 1% o6 K000 5265 17
L

(3) MDGCN: Wan%§ (2020) #2192 RE
AR L T ROk 1R 2

(4) DBDA: Li% (2020) #2&H 3T 45
FIRLH 5 OCTETE B I HLH ARy S M 4,
RS EOE T o 3 A ) o3 SR IBUE R #EA TR B
fila

(5) pResNet: Paoletti 5 (2019) i {fi H 4x
TR ZEPAE R BRI 288
34 XKRER

BRI R BOR AR SEE SR S AORS BE OA
(Overall Accuracy) . “FIKEE AA (Average Accuracy)
FlKappa %% (Kappa) #17PFH

5145255 K FH Indian Pines (4545, %185
JERRERTT I, AR I 5 9% BB Sl 25
B, SLERLANR 1A 8 TR .

%1 Indian Pines BRERE LS LFE
Table 1 Accuracy of Indian Pines data set classification

by different methods

SSRN/  SVM/ MDGCN/ DBDA/ pResNet/ SDLN/
% % % % % %

1 98.059 35.166 85.714 95541  77.150 96.183

95.188 62.788  90.598 93.988  65.809 96.925
92.568 68.520 90.166 90311 61.052 96.541

2

3

4 93907 52.792 94737 96.240 60.418  96.613
5 99.475 86.194 97921 97.506 79.161 97.612
6 97.560 85.503 96.038 99.093  82.329  98.678
7 92.777 75544 75.000 76.515 56.801  77.959
8 98.734 89.322  99.982 99.161 90.745  99.976
9 89.025 59.873  62.963  92.144 43.880 79.744
10 90.690 68.687 89.666 95.804 67.697  95.080
11 94.028 69.971 99.636  96.692  73.765  98.109
12 95473 61.247 95564 95.797 60.223  97.147
13 99.676 87.175  99.001  99.626  79.505  99.001
14 97.166 89.366  94.540  98.573  88.670  99.120
15 93.230 69.364 98.714 95886 68.498  96.969
16 94.064 98.610 94.252  96.269  89.124  94.461
OA 94.834 73.749 94855 95510 72.793  97.393
AA 95.101 72.508 91.530 94946 71.552  95.007

Kappa 0.9411 0.6986 94.141 0.9490 0.6881  0.9702
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(a) SSRN

(¢) MDGCN

(d) DBDA (e) pResNet (f) SDLN

K8 NIF 7 #:AY Indian Pines 732545 &
Fig. 8 Results of Indian Pines data set classification by

different methods

MR 145 A S B 25 1T LU Y, AR SR
B 190 268 XoF T 1P K SR A7 S A A o 26 BE,
5% BAEEN Sk, BRI IRE] 97.4%, VXN
K F]95.0%, Kappaik3]0.97, HEF X532 W
EIHLEINY, OA$EE 1%, Kappaditi0.21, #
FOFSCRpm AL, BARTERESR R 20% L L5 SDLN
AH EE F pResNet, SVM [ 45 BEJEAT B T “#RUER
WL,

55 2525 K HH Pavia University 20884, 4218
SYIEEER T, BRI E0.5% B EHEAE
WRAE, LR RANE 2 M 9 s

%2 Pavia University IR ERR FERLBE

Table 2 Accuracy of Pavia University data set

classification by different methods

SSRN/ SVM/ MDGCN/ DBDA/ pResNet/ SDLN/

K H|
Fil g, % % % % %

1 95.707 80.418 96.047 93568 78.042  97.466
2 97.865 83.945 95.644 98.768 87.518  99.276
3 82.091 54416 99.563 91.290 43.050 95.003
4 08.835 93.146 97518 97.765 91.741  98.188
5 99.865 96.850 99.333  98.821  93.221  98.381
6 93.118 82.341 99930 96.812 71.358  99.392
7 91.323 40.515 99.982  99.814 53.459  99.007
8 84.157 71.137 80.678  86.098 64.363  88.689
9 99.068 99.957 99.889  98.477  86.400 98.268
OA 94571 81.688 95.139  96.081  78.992  97.578

AA 93.559 78.081 96.510 95.824 74350 97.074

Kappa 0.9280 0.7481 93.495 09479 0.7172  0.9678

(d) DBDA (e) pResNet (f) SDLN
K19 K[E )5 ) Pavia University IRLERE

Fig. 9 Results of Pavia University data set classification by

different methods
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MF 3 4 th i SE s Bl el LR, TR
5% BHEENZ, OA. AA, Kappa/illik#]99.2%,
98.8%, 0.991, [RIBJTEIEPE. A, KEWHL . F
WAL . AKX 5N TR A R HER R IR F] T 100%
W10 0] LI Y, A SCOT 80 3 2 45 R T 42 3 #h
THI Y LA
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MRS 3AOLIESE LD, BWIZEFRR TR KSCIX 3R b, BB A TR/ NI 2K
MEERIAERE , NIRRT T A B . 52 Il T ARk iz AL RE
BeAS R UL 11, rPal DI, A AR

A5y BRI TR 2.79% L L HORS FEHE . ”
%3 Kennedy Space Center HiBERF FiEHEIEE 98 r
Table 3 Accuracy of Kennedy Space Center data set
classification by different methods g i
e SS;N/ SV;/UM/ MDO(;;CN/ DB(;C)A/ pRe;j\Iet/ SD;;N/ g o4l
1 99.288 92.535 99.236  99.462  97.400 99.857 9t
2 96.727 87.377 98.155 95.589 83.854 98.519
3 87589 73414 90443 94768 62.179  95.803 20 P UP KSC
4 84444 53638 84670 87295 55113 97.024 . Eﬁgiigg%ﬁmﬁﬂ s
5 80.502 65.847 85512 88.836 48258 94911 B 11 B4R dE R Al 4 B B R (A e
6 96.459  66.756  98.564  99.616 74216  99.622 Fig. 11  Effectiveness of the Dense Connection and Separable
7 89.117 75000 92434 92072 72641 100 Convolution

8 98.167 87.482 98.851 98.416 79.154 100
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Hyperspectral image classification of the deep neural network based on 3D
convolution and dense connection
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1. College of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China;
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Abstract: With the progress of deep learning, researchers are increasingly paying attention to its application in hyperspectral image
classification. Many experiments are conducted to achieve a trade-off between accuracy and efficiency to improve the feature extraction
performance of neural networks toward small training sample sets.

This work has proposed a high-speed and high-precision neural network structure based on spatial spectral information. A cascaded
neural network for spectral spatial information extraction is constructed by combining the idea of DenseNet and adopting dilated
convolutions instead of 3D convolutions as the main calculation method. The whole network structure is divided into four components:
spectral information extraction, spectral compression, fusion of spatial and spectral information, and voting solution.

Three convolutional layers are built in the spectral information extraction component. In each layer, 1x1x7 convolution kernels are
used to extract spectral information and maintain the independence of spatial information. The number of kernels is set to 60. In light of the
DenseNet idea, the network outputs of the first and second layers are dimensionally split in spectrum and inputted into the third layer. The
outputs of the first, second, and third layers are also dimensionally split and inputted into the spectral compression component.

In the spectral compression component, a 1x1x7 convolution kernel is used with a step size set to three. The spectral dimension is
compressed, and the number of parameters of the deeper network is lessened by reducing the size of the feature map.

In the spatial and spectral information fusion component, the goal is to fuse spatial information for the first time with 3x3 receptive
fields and integrate the spectral information of the data. Separable convolutions are adopted instead of traditional 3D convolutions, and the
3x3xK convolution kernel is decomposed into a 3x3x1 convolution and a 1x1xK convolution. The value of K is equal to the spectral
dimension of the input feature map. Then, 40 9x9x1 feature maps are outputted.

Voting means that if the output of most pixels is the same value, then the average value of all values will also be pulled near this certain
value. In the voting solution component using parameter-free global average pooling, the 9x9x1 feature maps are voted to obtain 1x1x1
output values. These 40 output values are spliced into the fully connected layer, and the classification results our outputted through Softmax.

A series of experiments were carried out on the Indian Pains and Pavia University and Kennedy Space Center datasets. In the IP data
set, the average accuracy reaches 95.0%, the overall accuracy 97.4%, and Kappa 0.97 by training with 5% data sets. In the UP data set, OA,
AA, and Kappa reach 97.6%, 97.1%, and 0.97, respectively, by training with a 0.5% data set. The overall accuracy in the KSC data set can
reach 99.2%. The network has been proven to strong feature extraction and classification ability.

This method effectively improves the classification accuracy of hyperspectral images in the case of small sample sets and studies the
effect of training and input data sizes on the classification accuracy. The classification accuracy of the network is improved with the increase
in the training or input data. However, redundant information generated by a large amount of training data and excessive input data does not
help improve the classification performance.

Key words: hyperspectral image classification, deep learning, lightweight network, dense connection, separable convolution
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