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Hyperspectral Classification Based on 3D Convolutional Neural Network
and Super Pixel Segmentation

Guo Qiang , Peng Long

College of Physics and Optoelectronics Engineering, Harbin Engineering University, Harbin, Heilongjiang 150001, China

Abstract Data from hyperspectral remote sensing have provided detailed spectral and spatial information regarding
ground objects. To solve the problems of low robustness and classification accuracy due to the underutilization of
spatial information of hyperspectral data in previous classification methods, this paper proposes a classification
method based on improved superpixel segmentation and 3D convolution neural network. First, the hyperspectral
remote sensing data are segmented via superpixel segmentation and fuzzy clustering; then, the spatial-spectral joint
data formed by the regional segmentation results and hyperspectral data are trained and classified using a 3D
convolution neural network. The proposed method improves the role of spatial information in classification by
dividing and fusing spatial regions, reduces the impact of the phenomenon of “same objects different spectra” on
classification, and introduces a 3D convolution neural network to train and classify the spatial-spectral joint data,
improving hyperspectral classification accuracy. In the Pavia University and Salinas datasets, the proposed method
has an overall accuracy of 97.53% and 98.48%, respectively. When compared with the control experiments, the
proposed method exhibits a better classification effect, which proves its efficacy.

Key words image processing; hyperspectral data; super pixel segmentation; fuzzy clustering; 3D convolutional
neural network
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Fig. 2 False color image and ground truth. (a) Salinas data set; (b) Pavia University data set
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Fig. 4 PCA2 segmentation and clustering graph. (a) PCA2; (b) super pixel segmentation result;

(c) merge result; (d) clustering result
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Fig. 5 PCA3 segmentation and clustering graph. (a) PCA3; (b) super pixel segmentation result;

(c) merge result; (d) clustering result
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Fig. 6 PCAT super pixel region merging results under different number of clustering centers. (a)(b) 300; (¢)(d) 500;
(e)(f) 10005 (g)(h) 15005 (i)(j) 2000
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Table 1 Classification accuracy of different clustering centers in Pavia University data set

Parameter Center 300 Center 500 Center 1000 Center 1500 Center 2000
OA /% 86. 14 92.63 97.53 97.59 96. 96
AA /% 82. 65 89. 06 96. 36 96. 53 95. 28

Kappa /% 83. 26 91. 27 96. 67 95.42 93.74

2% 2 Salinas B8 45 B9 AR [ R 2 rpots oy 208

Table 2 Classification accuracy of different clustering centers in Salinas data set

Cluster center Center 300 Center 500 Center 1000 Center 1500 Center 2000
OA /% 91. 34 94.63 98. 48 98.59 97.92
AA /% 90. 68 93.25 97.79 97. 60 97. 46

Kappa /% 90. 61 92.61 95.61 95. 48 94. 80
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Table 3 Comparison of classification accuracy of different methods in Pavia University data set unit: %
Category SVM 3D-CNN LBP-3D-CNN SP-3D-CNN
Asphalt 87.43 90. 22 97.47 97.41
Meadows 95. 80 97.95 97.11 99. 65

Gravel 59.03 62.09 94. 30 91.49
Trees 84.57 94. 34 95. 69 96. 64
Metal Sheets 98.03 98. 80 94. 90 98.70
Soil 53.67 85.92 97.74 96. 89
Bitumen 65. 31 74.39 95.07 94.52
Bricks 77.59 85.58 94.13 94.10
Shadows 80. 87 86. 60 95.62 97. 86
OA 84.16 90. 29 96. 19 97.53

AA 78.03 86. 21 95.78 96. 36
Kappa 78.57 88.39 95.70 96. 67

FII B AR 2R 43 B XF 23 ] DX 3 9745 2 09 FRAE AR
BB 3D-CNN #1740 28, 4 15 2 (10 /AR R 3 51 45
R5 G G4 G A ] 3D-CNN #4722 21l
Y. BT ROMIR SRR 41 H1 U7 Tk e 8 ) 1RG5 4%
23 [8) 3 A A5 B AT DX B0 %05 %00 4, 15 3 e g
23 (8140 43 235 5 0 DX A A3 R AR T Gy o o ik Bk
T B G 8 L s Ak 1w rY 2 RAE R IR T
TR ROR 5 KRR, A T 3D-
CNN,SP-3D-CNN ) OA 5 AA 5T+ T 7. 24
AN A AN 10,15 DSE A A

408’

R FE 3 2 B AR Ol i e R A Ol B
s 5 B f i T — b et i AR R 7 s,
75 k% 18 o M 3R 2 T vk X TR RS 1R AR AT
B 13 B AT 25 )Rk B DX S B 45 2R 5 R i oy T
FEor R =5 0 1% 69 25 8] R AE L 32 T — il SP-3D-
CNN 70 RAESE , X i ' 1% Bodie 5 8 15 3% 70 1 45 21
T R A BE A B0 HE R AT I 2R R0 S8 o 26 . AR R
B, BT 4 8 1R 3R 20 0 B30k BE 8 A B0 X O 9%
7 DX 1 5 25 ()RR 4R B, O B T B9 3D-CNN
RE W X o Ot 8 R 40 52 B oK 2 2y 2K sE e AU T
o I A 25 [A)RR AR 5500 3 R AR, $2 T T 2 R AE
A 5 5 5 pE

R R K AT RE 23 H BB O AT AR M 2 I 45 2
¥y 512507 30 R ok B9 32 20T 52 4 vb 7 i 248 10 4%
BT 45 R G At 2 B R AT £ 8 B B4R L

PASE BRI AR S AR 9 70 S A Y

Kruse F A, Boardman J W, Huntington ] F.
Comparison of airborne hyperspectral data and EO-1
1IEEE
Transactions on Geoscience and Remote Sensing,
2003, 41(6): 1388-1400.
Prasad S, Bruce L M.

for

[1]

Hyperion for mineral mapping [ ] ].

(2]

Limitations of principal

components  analysis hyperspectral  target
recognition[J]. IEEE Geoscience and Remote Sensing
Letters, 2008, 5(4): 625-629.

Thenkabail P S, Smith R B,

Hyperspectral = vegetation

[3] de Pauw E.

indices and  their
relationships with agricultural crop characteristics
[J]. Remote Sensing of Environment, 2000, 71(2):
158-182.
[4] Rao L B, Pang T, Ji R S, et al. Firmness detection
for apples based on hyperspectral imaging technology
combined with stack autoencoder-extreme learning
machine method [ ] ].
Progress, 2019, 56(11): 113001.
RN, Devk, ARA, F BT OGS R B R 4
G HERR 1 B G B 25 - PR 2% 20 AL J7 2k 0 S SR A A U
0. ot 5XmF5 3R, 2019, 56(11): 113001.
Liul X, He D, Li M Z,

Xinjiang jujube varieties

Laser &. Optoelectronics

et al. Identification of
based on hyperspectral
technique and machine learning[J]. Chinese Journal
of Lasers, 2020, 47(11): 1111002.

XUSEoHT, frid, 2288k, 5. AT EOLEHEAR S
] TR LD A S AR S [T TP EOk, 2020, 47
(11): 1111002.

2210001-7



%41 % %22 /2021 £ 11 B/RFFR

[6]

(7]

(8]

(10]

[11]

B, Wang Z H, Liu X B, et al
Hyperspectral imager of the environment and disaster
monitoring satellite [J].
Technology and Application, 2009, 24(3):
250.

AHHEE, FRIE,
/N A &k
2009, 24(3):
Jusoff K.
hyperspectral sensor [ ] ].
Agricultural Science, 2009, 1(1): 142-147.
Zhao S H, Zhang F, Wang Q, et al.

hyper-spectral

Xiang L

small Remote Sensing

257-262,

pUE==3
T R AR A [J]
257-262, 250.

“% 59 F W) i
TR R 5,
using airborne

Precision  forestry

imaging Journal of
Application of

remote  sensing technology in
protection [ J]. Spectroscopy and
Spectral Analy%i% 2013, 33(12): 3343-3348.
e, BN, S SO EIERE R TEE KT
i rﬁ’iﬂ“ﬂ’]f‘ﬂq[]] I il 2 5oLk 4y Hr, 2013, 33
(12): 3343-3348.

Zhao Q D, Ge X Y, Ding ] L,

fractional order differential and machine

environmental

et al. Combination of
learning

algorithm for spectral estimation of soil organic

carbon content [ J]. Laser &  Optoelectronics
Progress, 2020, 57(15): 153001.
BIaAR, BT, Tam, . &80 80NMsEAR

SHLAS A I i B LR S ORI ] . %
e 5 EH FFHE R, 2020, 57(15): 153001.
Zhu B, Jiang L, Jin F H, et al.

meat differentiation using fluorescence hyperspectral

Walnut shell and

imagery with ICA-kNN optimal wavelength selection
[J]. Sensing and Instrumentation for Food Quality
and Safety, 2007, 1(3): 123-131.

Shafri H Z M, Suhaili A, Mansor S. The
performance of maximum likelihood, spectral angle
mapper, neural network and decision tree classifiers
image analysis [ J]. Journal of

419-423.

in hyperspectral
Computer Science, 2007, 3(6):

[12]

[13]

[14]

[15]

[16]

(17]

(18]

2210001-8

Chi M M, Feng R, Bruzzone L. Classification of
hyperspectral remote-sensing data with primal SVM
problem [ ] ].

1793-

for small-sized training dataset
Advances in Space Research, 2008, 41(11):
1799.

Farrell M D, Mersereau R M. On the impact of PCA
dimension reduction for hyperspectral detection of
difficult targets [J]. IEEE Geoscience and Remote
Sensing Letters, 2005, 2(2): 192-195.

Jiao B L, Fan C L, Wang Z H. Maultidimensional
scaling used for image classification based on binary
Engineering and

partition trees [ J]. Computer

Applications, 2015, 51(15): 179-182, 192.
Folse, W, EWIRE. BT IR 2 4R

o pr R 2Rk ] . AL IR 5N, 2015,
51(15): 179-182, 192.

Amato U, Cavalli R M, Palombo A, et al.
approach to the selection of the
1IEEE
Transactions on Geoscience and Remote Sensing,
2009, 47(1): 153-160.

Wang J, Chang C 1. Independent component analysis-

Experimental

components in the minimum noise fraction[]J].

based dimensionality reduction with applications in
hyperspectral image analysis[J]. IEEE Transactions
on Geoscience and Remote Sensing, 2006, 44 (6):
1586-1600.

Fang L Y, Li S T, Kang X D, et al.

spatial classification of hyperspectral images with a

Spectral -

superpixel-based discriminative sparse model []J].

IEEE Transactions on Geoscience and Remote
Sensing, 2015, 53(8): 4186-4201.

Zhang L., Li H, Shen P Y, et al.
image segmentation with a probabilistic superpixel-

IEEE

Improving semantic

based dense conditional random field [J].

Access, 2018, 6: 15297-15310.



