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Abstract: Objective Terrain classification is an important research task in the field of earth observation using remote sens—
ing technology. The hyperspectral image has rich spectral information; thus it can be applied to the classification of remote
sensing image. With the rapid development of the hyperspectral technology the hyperspectral remote sensing image pro—

cessing and analyzing technology has attracted wide attention of academia. The hyperspectral images have dozens or even
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hundreds of continuous narrow spectral bands compared with the traditional panchromatic band and multi-spectral remote
sensing image which provides detailed spectral and spatial feature information. Accordingly these images have been widely
used in various aspects such as precision agriculture city planning and military defense. Hyperspectral images have high
dimensional data and redundancy and noise exist; thus transformed data must be utilized for image processing. In the
application of hyperspectral image classification the manner by which to effectively represent the features of hyperspectral
image is the most critical step in current studies. In this work we propose an approach for hyperspectral image classifica—
tion by using an inverted feature pyramid network and U-Net. Method The dimension of the hyperspectral remote sensing
image data is high. Principal component analysis ( PCA) method plays a significant role in transforming useful information
in the images to the most important £ characteristic thus reducing the amount of data and enhancing the data features.

After PCA  the data are segmented and collected by means of sliding window. The surrounding area of each pixel is defined
as a patch which is regarded as the input of the proposed network. The category of the pixel is the ground truth label. In
the first stage U-Net is used to extract spatial features of hyperspectral image at the pixel level. The left side of the network
is the contraction path which corresponds to the encoder part of the classic encoder-decoder. The right side of the network
is the extension path which can be regarded as a decoder. The feature maps in the extension path are the result of combi—
ning two parts of a feature map along two dimensions making the acquired features more visible. In the first part the fea—
ture maps from the same layer of contraction path and the feature maps from the upper layer of extension path are simultane—
ously fed to the attention mechanism. The feature region of this part has a higher weight value. The second part is obtained
by deconvolution of the feature graph from the upper layer of the extension path. In a layered way these feature maps with
rich spatial information are fused with feature maps containing rich semantic information obtained by inverted feature pyra—
mid network layers. Therefore the obtained feature maps have reliable spatial and strong semantic information. Finally the
weight value of the effective features in the image is increased and the region of irrelevant background is suppressed owing
to the attention mechanism. Thus the classification result of hyperspectral image is acquired. Result We conduct
experiments to evaluate the effectiveness of the proposed method and attempt to investigate the influence of PCA retained
principal component number and the size of input data for the performance of classification. We conduct contrast experi—
ments on four publicly available hyperspectral image datasets to demonstrate the performance of the proposed method: Indi—
an Pines Pavia University Salinas and Urban. Experimental results show that the proposed method for hyperspectral
image classification is effective and the best PCA retained principal component numbers are 3 20 10 and 3. Mean—
while the best input sizes of the proposed model are 64 32 32 and 64. We obtain 98.91% 99.85% 99.99% and
87.43% overall classification accuracy rates 98.07% 99.39% 99.09% and 78.30% average classification accuracy
rates and 0.987 0.998 0.999 and 0.831 Kappa values for the four hyperspectral image datasets respectively which
are higher than those of the other classification algorithms. Conclusion Hyperspectral images are capable of accurately pres—
enting the rich terrain information contained in the specific region with the help of hundreds of continuous and subdivided
spectral bands; however useless information exists in each spectral band. The mechanism by which to effectively extract
the key terrain information from the data of hyperspectral images and utilize them for classification is the most important and
difficult problem. We propose to combine U-Net and the inverted pyramid network for hyperspectral image classification.

First we reduce the dimension of hyperspectral image data with the help of PCA method. We adopt the method of sliding
window to build patches after the data dimension is reduced. These patches are fed into the model. U-Net is regarded as the
backbone of the proposed network and it aims to extract the characteristics of a hyperspectral image. Then the rich char—
acteristics of the spatial information are fused with the features from the inverted pyramid network. Subsequently the abun-
dant spectral and spatial information is obtained. The utilization of attention mechanism allows the model to effectively focus
on spectral and spatial information and reduce the influence of signal-to-noise to classification performance. Experimental
results show that the proposed method can be applied to hyperspectral image classification tasks with limited training sam—
ples and achieve good classification results. The classification accuracy of a hyperspectral image can also be improved by
properly handling the input data. In our future work we will attempt to investigate the manner by which to make the mod-
el’ s structure less complex while maintaining high hyperspectral image classification performance with less training data

samples.

1995



1996

Vol.26 No.8 Aug.2021

Key words: hyperspectral image classification; small samples; inverted feature pyramid network ( IFPN); U-Net; feature fusion

o Paoletti (2019h)

0 CNN
N Yu (2021)
( 2020) . CNN —

CNN o Zhu (2021)

o o Haut
(2019)

Luo (2019) o
o Jia (2020) o Zhang (2018)
Gabor
Gabor o Peng (2019) o Jia (2018)
3 Gabor

Gabor
- He (2019)

. Liu  (2020)

o Paoletti (2019a) (2019)
K-means
( convolutional neural networks CNN) o (2016)
L2



26 / 8 /2021 8

Wu  Prasad( 2018)

. (2019)

(2018)

Hughes o

U-Net

1.1

( principal com—

o

ponent analysis PCA)

. PCA

/ U-Net
1) X X
2) cov( X) ;
3)

(AL = cov(X))p =0 (1)
cov( X) Ao 1 "
4)

P;
5) A=U" PCA
PX =U'X U cov( X)
73 o
P m m o
PCA
1.2
1 o
3 : U-Net .

work IFPN) .
ReLU
64 128 256 512 1 024 k)

1.2.1

U-Net

( inverted feature pyramid net—

o

3 x3x3

2 x2

U-Net

n(n=c

ReLU

1997



1998

Vol.26 No.8 Aug.2021

0 ="t =1, (2) '
S
0 n
p S s 0O=sx(n-1) +f-2p (3)
I x1
ko
1 U—Net
Fig. 1 The architecture of U-Net combined with IFPN
1.2.2
U_l\let o
3 : N(N=12345)
N o x(i=12345),
( IFPN) 3
2 o I x1x1 2 2
p(i=1234Y5)
N I x1x1 X,
. o(i=1234),

1 x1x1



1999

26 / 8 /2021 8 / U-Net
256, o
0, 3 x3x3
X, o
{0, 0; 0, o5} {x, x; x, o
x;} . 1.2.3
3 o N x
g N+1
2 IFPN
X g 1 x1x1
Fig.2  The structure of IFPN horizontal fusion
RelU 1 x1x1 Sig—
o moid 0 1
a o

3

Fig.3  The structure of attention module

AVIRIS( airborne visible infrared imaging spectrom—

2 eter) o
4 145 x 145 200
0.4 2.5 pmo 16
Indian Pines. Pavia University. Salinas 10 249 o
Urban 4 2.2 Pavia University
o 4 Pavia University ROSIS-03 ( reflec—
1:9 tive optics system imaging spectrometer-03)
o 2013 o
2.1 Indian Pines 5 103 1.3 m

Indian Pines 1992 610 x 340 0.43



2000

Vol.26 No.8 Aug.2021

0.86 pme. 9
42 776 .

4 Indian Pines 6 Salinas

Fig.4 Indian Pines image Fig.6 Salinas image

((a) pseudo color image; ( b) ground truth map) (('a) pseudo color image; ( b) ground truth map)

7  Urban
Fig.7 Urban image
5 Pavia University ( (a) pseudo color image; ( b) ground truth map)
Fig.5 Pavia University image

( ( a) pseudo color image; ( b) ground truth map)

3

2.3 Salinas

Salinas AVIRIS Pytorch( 1. 4. 0)

Salinas CPU Intel Core 17-9700K GPU

3.7 mo 6 204 NVIDIA GTX 2080 16 GB.

512 x 217 56 975 4 1 2 PCA

16 54129

2.4 Urban o 3 1 2

Urban HYDICE( hyperspectral digital

imagery collection experiment)
4 mo Urban
7 307 x 307 o 4
162 6 o ( overall
94 249 o accuracy OA) | ( average accuracy



26

AA)
3.1

/8 /2021

Kappa
PCA

PCA
no oo
90%
Pines Urban
30;
20;
10,

Pavia University

Salinas

1 PCA
Indian Pines

Kappa
PCA

Indian Pines

PCA

o

n
Indian
n 3.10.20
n 3.10
n 3
3
OA
3
PCA

1 Indian Pines

Table 1 Influence of PCA retained principal component

number on classification results on Indian Pines dataset

1%
PCA=3 PCA=10 PCA=20 PCA=30
OA 98. 52 97.54 95.63 98. 01
AA 96. 40 96. 58 88. 39 97. 67
Kappa 98.31  97.18  95.01 97.72
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Table 2 Influence of PCA retained principal component

number on classification results on Pavia University dataset

/%
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Fig. 10  Influence of PCA retained principal component
number on classification results of Salinas dataset
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Table 4 Influence of PCA retained principal component

number on classification results on Urban dataset

1%

PCA=3 PCA=10 PCA=20 PCA=30

. L 0A 86. 67 85.80 84.92 85.05
9 PCA Pavia University
AA 81.23 78.43 79.72 79. 65
Fig.9 Influence of PCA retained principal component Kappa 82.22 80. 84 79.89 79.95
number on classification results of Pavia University dataset o
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Table 3 Influence of PCA retained principal component
number on classification results on Salinas dataset
/%
PCA =3 PCA =10
0A 99. 96 99. 99
AA 99. 96 99. 99
Kappa 99. 96 99.99
° 11 PCA Urban
16 32 64 m 0
5 64 Fig. 11  Influence of PCA retained principal component
) ) number on classification results of Urban dataset( ( a) ground
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truth; ( b) PCA =3; (¢) PCA =10; ( d) PCA =20; ( e) PCA =30)
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Table S Influence of input size on classification

results of Indian Pines dataset

size = 16 size =32 size =64
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AA 93.85 96. 41 98. 07
Kappa 97.26 98.31 98.75
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Table 7 Influence of input size on classification

results of Salinas dataset

/%
size = 16 size =32 size = 64
0A 99. 96 99. 98 99. 98
AA 99. 94 99. 97 99. 97
Kappa 99. 95 99. 98 99. 98

/%
size =16 size =32 size = 64
0OA 99.79 99. 82 99. 68
AA 99. 57 99. 41 99.21
Kappa 99.73 99.76 99.58
7 32

14
Fig. 14
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Influence of input size on classification results of

Salinas dataset( ( a) size = 16; ( b) size =32; ( ¢) size =64)
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Fig. 15 Influence of input size on classification results

of Urban dataset( ( a) size = 16; ( b) size =32; ( ¢) size =64)

results of Urban dataset 3.3
1% 4
9 5
size=16  size=32  size=64 .
0A 86. 67 85. 64 87.43 Urban 3
AA 81.23 81.75 78.30 Urban
Kappa 82.22 80. 94 83.14
9
Table 9 Classification results of proposed method
1%
Indian Pines Pavia University Salinas Urban
OA 98.79 +0. 084 99.79 +0. 040 98.99 +0. 004 87.01 £0. 297
AA 97.82 +0. 189 99. 39 +0. 021 98.98 +0. 008 78.47 £0.294
Kappa 98.61 0. 094 99.73 +£0. 052 98.98 +0. 008 82.65 +0. 346
3.1 3.2 Indian Pines. Kappa o
Pavia University.Salinas ~ Urban PCA 10
3.20.10.3 64 . OA.AA  Kappa Indian Pines
32.32.64 o
PCA o N
o 10— 12
Indian Pines. Pavia University . Salinas o
o 13 Urban 11 Pavia University
3 o 10 11
PCA o Pavia Uni-
o versity
N N 99. 85%
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10 Indian Pines
Table 10 The categorized accuracy of different methods on Indian Pines dataset
/%
SVM OMP NRS KCRT DKCRT DV-CNN

46 42.32 47.20 52.68 72.32 71.34 64.29 100. 00

1 428 78.77 65. 36 48. 42 80. 63 83.34 83.28 98. 66

830 63.72 47.26 25.40 68. 95 73.35 77. 64 99.76

237 72.37 40. 56 35.54 63.33 75.21 68.22 98.75

— 483 89.55 85.10 88. 18 92.89 93.43 93.56 99.79

— 730 96. 64 91.41 95.25 98. 07 98.71 96. 80 99. 86

28 67.00 26.20 54.00 64. 80 63. 80 80. 77 100. 00

— 478 98.92 98.70 99. 67 99.73 99.78 99.77 100. 00

20 35.28 29.44 33.61 50. 83 50. 83 33.33 100. 00

972 70.53 48.73 28.10 76. 11 84.87 85.94 99. 08

2 455 86. 17 70.52 98. 14 83.24 82.95 90. 90 98. 12

593 80. 48 51.74 35.28 82.07 89.50 75.47 98.79

205 97. 66 94.35 95.27 99.24 99.29 92.97 100. 00

1 265 96. 59 93.33 97.59 95.62 96. 54 94.91 100. 00

— — — 386 52.44 48. 40 59.03 63. 63 61.04 79. 60 99.74

93 87.80 88. 04 81.67 86. 67 87.38 86. 55 88.78

OA/% 82. 60 69. 87 70. 81 83.78 86. 06 87. 60 98. 91

AA/% 76. 01 64. 15 64. 25 79.93 81.91 81.15 98. 07

Kappa 0. 800 0. 654 0. 653 0. 815 0. 841 0. 858 0. 987
; (2019) o ( orthogonal

matching pursuit OMP) | ( nearest regularized subspace NRS) .KCRT( kernel collaborative representa—
tion with Tikhonov regularization) \DKCRT( discriminative kernel CRT) .

ral network DV-CNN) ,

( dimensionality-varied convolutional neu—

11 Pavia University

Table 11 The categorized accuracy of different methods on Pavia University dataset

1%
SVM OMP NRS KCRT DKCRT DV-CNN

6 631 91.91 70.29 93.01 83.29 86. 49 98.73 99. 97

18 649 98.51 92. 60 98.75 95.92 97.98 99. 67 100. 00

2 099 33.26 57. 49 58.59 67.19 67. 86 91.80 99.76

3 064 85. 80 82.54 78.53 84. 09 83.78 98.19 99. 03

1345 98. 89 99.77 98. 85 99. 47 99.22 100. 00 100. 00

5029 49. 98 58.37 53.25 75.88 74.02 97.92 100. 00

1330 14. 87 54.33 41.92 74.53 75. 86 94. 65 99. 40

3682 89.99 63. 09 84.78 79.28 86. 50 95.96 99. 62

947 99. 83 83.62 91. 08 99. 95 99.74 95.78 98. 81

OA/% 84.26 78.97 85.96 87.45 89.29 98. 28 99. 85
AA /% 73.59 73.57 77. 64 84.40 85.72 96. 97 99. 39
Kappa 0.785 0.718 0. 808 0. 833 0. 856 0.977 0. 998

(2019)

o
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o 99. 99%
12 Salinas o
o 100% o
12 Salinas
Table 12 The categorized accuracy of different methods on Salinas dataset

1%

SVM SR KSR SOMP ScSPM K-SVD
— — —1 2 009 99. 50 99.72 99. 61 100. 00 100. 00 100. 00 100. 00
— — —2 3726 99.97 99. 34 99. 28 99.79 100. 00 100. 00 100. 00

1 976 99. 66 97.58 97. 47 97.02 100. 00 100. 00 100. 00
1 394 99. 84 99.52 99.52 96. 18 99. 28 91.77 99. 64
2 678 98. 67 98.26 98.18 93.90 99. 54 99. 63 99.93
3 959 99. 86 99.75 99. 69 100. 00 100. 00 100. 00 100. 00
3579 99.75 99. 84 99.78 99. 94 100. 00 100. 00 100. 00
11 271 85.95 87. 67 89.73 97.84 96. 46 99.33 100. 00
6 203 99. 84 99.73 99.70 99. 96 100. 00 100. 00 100. 00
— — 3278 98. 07 96. 81 96.75 98. 68 99. 80 99. 86 100. 00

4 1 068 99. 69 98.23 98. 02 98. 02 100. 00 100. 00 100. 00
5 1927 99. 94 100. 00 99. 88 93.31 100. 00 100. 00 100. 00
6 916 99. 64 99. 15 98.91 90. 18 100. 00 99. 39 100. 00
7 1 070 98.23 96. 37 96. 16 98.23 99. 69 99. 38 100. 00

7 268 76.98 67.85 67.82 88.03 90. 61 99.24 100. 00
1 807 99.51 99. 45 99.32 99. 39 100. 00 100. 00 100. 00

OA/% 93.65 92.48 92.42 96. 83 97.94 99. 65 99. 99
AA/% 97.19 96. 21 96. 10 96. 90 99. 09 99. 66 99. 99
Kappa 0.929 0.934 0.933 0. 965 0.987 0.997 0. 999

: ; Zhang (2016) ; : ( sparse representation
SR) .KSR( kernel sparse representation) ( simultaneous orthogonal matching pursuit SOMP) ScSPM( spatial pyr—

amid based on matching sparse coding) .K-SVD( K-singular value decomposition) o

Urban o
4 epoch
o 13 64 14, 14
6 PCA

3.4
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13 Urban
Table 13 Classification accuracy on Urban dataset
1%

PCA =3 PCA=10 PCA=20 PCA=30 size =16 size =32 size =64

18 570 87.13 87.69 83.89 87.15 87.13 87. 60 87.54
35 198 91.15 86. 39 90. 05 86. 86 91.15 90. 56 91. 16
22 468 85.89 85.03 84.45 85.27 85.89 87.54 84.59
6 821 81.33 81.97 71.98 82.97 81.33 78. 38 85. 60
2 436 65.71 84.58 77.63 79. 46 65.71 53.65 75. 60
8 756 79.26 83.59 80. 26 74.58 79.26 75.36 82.95
OA/% 86. 67 85. 80 84.92 85.05 86. 67 85. 64 87.43
AA/% 81.23 78.43 79.72 79. 65 81.23 81.75 78.30
Kappa 82.22 80. 84 79. 89 79.95 82.22 80. 94 83.14
14 4
Table 14 Training time of proposed method on four dataset
/s
PCA =3 PCA =10 PCA =20 PCA =30 size =16 size =32 size =64
Indian Pines 3 3 3 3 1 3 8
Pavia University 10 10 10 - 12 13 31
Salinas 14 14 - - 7 15 44
Urban 12 12 12 12 11 27 77
4 .
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