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Abstract In this study, a multilayer perception convolutional neural network (MPCNet ) was proposed for the
pixel-level classification of multispectral remote sensing images, which combines the spectral information and spatial
structure features of pixels. The performance of a land-cover-classification algorithm was tested based on the Jilin-1
spectral satellite (Jilinr1GP ) images in the Nashik research area, India. To ensure high reliability of the experiment ,
the Landsat8, SentineF2A, and HJ-1A images were used within the same time interval for synchronized
classification to perform qualitative and quantitative evaluations. Moreover, three current popular algorithms ,
namely, support vector machine (SVM ), LightGBM, and shallow convolutional neural network (CNN ), were
selected to compare the algorithm performance. The experimental results indicate that the overall classification
accuracy on the Jilin-1GP images can reach 94.0%—95.8% , and the Kappa coefficient can reach 0.932—0.948. The
overall classification accuracy of the MPCNet increase by 3.7 percentage compared with that of the shallow CNN,
which exhibits high accuracy.

Key words remote sensing; spectral satellite; spatial-spectral information; multilayer perception convolution neural
network; classification evaluation

OCIS codes 280.4991; 110.4234; 100.2960; 100.4996

: 2020-04-01; : 2020-04-23; : 2020-05-06
(2018 YFB1004605)

* E-mail: skybelongtous@f{oxmail.com

1528003-1



1 N2

[13-14]
[1]
b b

2] [3] Zhou [15]

“PatternNet”,

[16]
s N ., Pan 07
. H . ol . MugNet,
(CNN) , e .
, , K (MPCNet) R
o (SVM)'™ .
o N R MPCNet s
, , Jilin-1GPO1
. - (19 ) ,
,  Landsat8 MODIS SVM, LightGBM™* | CNN
. , SVM o , N
s Landsat8.Sentinel-2A  HJ-1A
86.90% . Lol MODIS , o
2
5 , 2.1
, 1 MPCNet
o D) FC . BN ’ COnV
, Lo ,RelLU , MaxPool
Landsat , o ,
. Yang [V
s , s (CRF)
o + o
7 o 2.2
LeNet, AlexNet.
GoogleNet s ,
feo21] | MPCNet, 2

1528003-2



incepiion hincic

multi-label conditions
random field

input multispectral image ---

output the report of
classified image & accuracy

1 MPCNet
Fig. 1 Flow chart of MPCNet classification algorithm

improved deep-CNN
%G architecture

—]
I
. —
ceptio .
ResNet z
o —
- _ —1
(®) output
Inception ResNet block clasiﬁsﬁﬁmon
2
input size
13x13x10
I\JELI;}.J;UEL/UD UI |/
—& el | ©
@ (©
2 MPCNet
Fig. 2 Multispectral remote sensing image classification model based on MPCNet
- - Inception ,
s 2(b) N 192 11 X11
. MPCNet Inception s 192 6 X6 ;
Inception ResNet , ACONR Inception ResNet , .
(d) , Inception R 192  6X6 ,
CNN, N 192 3X3 ;
s . . Inception (FC1.FC2) 256 X1 ;
ResNet Softmax
“ ”» [§ p(OTF,)
’ Py, =L |F )= "2 (D
“ » ]
° 2 exp(ﬂer,» )
- ( 13 X13X10) i=1
:F,- l -
° FC2 ;
1528003-3

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



0 EX(n+1) 7 FC2 € ) Osa o
5, t (SGD),
sk 30, l Adagrad
1X <7’l+1) ;j o ’ ’
2.3
. MPCNet . , o
N CRF o ,
- MXMXB - ,
“ 30 m (FROM- , GPU
GLC-2017)” ] . .
y M X CRF : CRF
M X B , M s
’B b
, , tea26] | MPCNet CRF
, s MPCNet
o s , CRF
, . CRF terd
MPCNet : , Softmax , .
, CRF : Vo
J= X, ’ Y= {yl ’
1 S Vo s Y }sc X o
— sign(y; = Dlog[P(y, = [ | F;;0)]} , ) ! ’ ’
N{; Z:; / MPCNet P C
(2) s
N . EQ | X)=>0.(3,) + D (x,5x,), (4
Adagrad (23] N P P<q
o.(y,)=—InP(y, [ x,), (5
a :0u (yy) sP(y, |x,) Yo
@H»l..s *@r,.\- - sz\ +€ . g, . (3) ;Soc(xp ’xq) .
g ; g ; Gr e L{(x/) 9y/,)
R,G, G, ss ; $ ° $
o ‘ Xy — Xq ‘2 | Cp — €y ‘2 ‘ Xy — Xq ’
40,0, =1+ exp(— A )+<1—A>-exp(—T), 6)
0. H o
6,‘? ;w/; mq 3
Psq °
, R 3.1
s (73.607°E~73.860°E, 19.949°N~
, , 20.160°N) 132 km

1528003-4



3 . 3(a) ~ . 3(e). (D ,

(d) . 3(a) Jilinr1GPO1 3(e) ,
. Jilinr1GPO1 2 R 0.3 m, 3() GLG2017 ,
1 Nt 2 30 m, N
. 450~13500 nm 1

3 . (a) Jilinr1GPO1 ; (b) Landsat8 ; (¢) Sentinel-2A :
(d) HJ-1A 5 (e) ; () FROM-GLC-2017

Fig. 3 Introduction of experimental data. (a ) True color image of Jilinr1GP01 ; (b) true color image of Landsat8 ; (¢ ) true

color image of Sentinel-2A ; (d) true color image of HJ-1A ; (e ) high resolution image of Google Earth ; ({) land
cover product of FROM-GLC-2017

1 N

Table 1 Band selection, spatial resolution, and shooting time of multispectral satellite

Satellite type Available/selective band number Wavelength range /nm Spatial resolution /m Shooting time
Jilinr1GPO1 26/10 400—13500 5 2019—-01-22
Landsat8 11/11 430—12510 30 2019-01—13
Sentinel-2 A 13/13 443-2190 10 2019-01—20
HJ-1A 4/4 430—900 30 2019-01—14
Gong 30 m . ,
FROM-GLG-2017 s 105247, 45107,
s 13234,
4 . 4 o
b o b
N N N N N N N ’ my .,
9 ’ 10 o [ms_as’ ms+as:| b Os
437.12 km?*, 3.495 km*, o s
0.79%. ,
1528003-5

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



ity /sr!

=
0

0
420 525
Central wavelength /nm

0.35

630 735 840 945

®
0.30

0.25
0.20
0.15
0.10
0.05

ty /sr!

V1

Reflecti

0
420 525 630 735 840 945
Central wavelength /nm

4 Jilinr1GPO1

Reflectivity /sr!

€]

Reflectivity /sr!

0.175
0.150
0.125
= 0.100

0.075
0.050
0.025

Central wavelength /nm
0.175 &)
0.150
0.125
0.100
0.075
0.050 ;
0.025 =

0420 525 630 735 840 945
Central wavelength /nm
. (a) ; (b)

) ;(g) ; (h) (D 5 ()

Reflectivity /sr!

=]
are

= e
o

<

<

oo

i

.

(=]

420 525 630 735 840 945
Central wavelength /nm

Q)

420 525 630 735 840 945

Reflectivity /sr-!

Reflectivity /sr!

=]
o
\
)

=

(oY)

>

=

420 525 630 735 840 945

Central wavelength /nm
5
1.75 E
é 1.50
& 125
:E 1.00
gL
= 0.75
<5}
& 0.50
0.25
420 525 630 735 840 945
Central wavelength /nm
— pixel reflectivity

3 (o)

— average reflectivity
wm reflectivity fluctuation interval

s (D ;(e) ;

Fig. 4 Reflectivity curves of samples in Nashik research area of Jilinr1GPO1. (a ) Uncultivated land ; (b) cultivated

land ; (¢ ) building; (d) grassland ; (e ) bare land ; (f) road ; (g) forest land ; (h ) water ; (i) cloud ; (j) shadow

. 680~1020 nm

. ,740~760 nm 945~ 3.2
1020 nm s
o . . 1933.28 km?,
o 35.617° N ~ 36. 117° N 117. 239° E ~
, , 117.997° E, .
o o Jilin-1GPO2 \

1528003-6

o



2 Jilinn1GPO2

Table 2 Band selection, spatial resolution, and shooting time of Jilin-1GP02

Available/selective

Wavelength range /

Satellite type  Sensor Scene 1D Pand b Spatial resolution /m  Shooting time
and number nm
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3 MPCNet

Table 3 Classification accuracy evaluation index of different satellite data based on MPCNet algorithm

Jilin-1GPO1 Landsat8 Sentinel-2 A HJ-1A
Area type
P/R F, P/R F, P/R F, P/R F,
Uncultivated land 1.00/0.93 0.96 0.91/0.83 0.87 0.96/0.89 0.92 0.76/0.74 0.75
Cultivated land 0.94/0.89 0.91 0.81/0.88 0.84 0.83/0.98 0.90 0.52/0.70 0.60
Building 0.96/0.99 0.97 0.94/0.79 0.86 0.97/0.94 0.96 0.85/0.61 0.71
Grassland 1.00/0.88 0.94 1.00/0.73 0.85 1.00/0.82 0.90 0.92/0.69 0.79
Bare land 0.96/1.00 0.98 0.96/0.93 0.94 0.94/0.99 0.96 0.75/0.86 0.80
Road 0.95/0.80 0.87 0.43/0.80 0.56 0.85/0.83 0.84 0.14/0.23 0.18
Forest land 0.71/1.00 0.83 0.62/1.00 0.76 0.69/1.00 0.82 0.27/0.68 0.38
Water 1.00/1.00 1.00 1.00/0.97 0.98 1.00/0.93 0.96 0.91/0.60 0.72
K 0.948 0.828 0.920 0.595
Poa 0.958 0.859 0.935 0.667
Jilin-1GP01/02 . , Jilir1GP02
. SVM, LightGBM (LGBM- 5 . s
GBDT) . CNN  MPCNet , o 5
o 7 Jilin-1GPO1 , MPCNet 0.950 °
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, y MPCNet CNN,
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. () ;(b) SVM; (¢) LGBM-GBDT;
(d) CNN; (e) MPCNet
Fig. 7 Classification results of different algorithms on Jilinr1GP01 images in Nashik.
(a) Local image ; (b) SVM ; (¢ ) LGBM-GBDT ; (d) shallow CNN ; (e ) MPCNet
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Fig. 8 Classification results of different algorithms on Jilinr1GP02 images in Xintai city.
(a) Local image ; (b) SVM ; (¢ ) LGBM-GBDT ; (d ) shallow CNN ; (e ) MPCNet
4 Jilin-1GPO1

Table 4 Classification accuracy evaluation index of different algorithms on Jilinr1GPO1 images

SVM LGBM-GBDT Shallow CNN MPCNet
Area type

P/R F, P/R F, P/R F, P/R F,
Uncultivated land 0.91/0.70 0.78 0.90/0.83 0.86 0.91/0.85 0.88 1.00/0.93 0.96
Cultivated land 0.90/0.89 0.89 0.91/0.90 0.91 0.98/0.90 0.94 0.94/0.89 0.91
Building 0.86/1.00 0.92 0.93/0.99 0.96 0.91/1.00 0.95 0.96/0.99 0.97
Grassland 0.99/0.79 0.88 1.00/0.69 0.82 1.00/0.89 0.94 1.00/0.88 0.94
Bare land 0.91/0.99 0.95 0.90/0.99 0.94 0.92/1.00 0.96 0.96/1.00 0.98
Road 0.64/0.28 0.39 0.88/0.62 0.73 0.76/0.40 0.53 0.95/0.80 0.87
Forest land 0.60/0.85 0.71 0.65/1.00 0.79 0.67/1.00 0.80 0.71/1.00 0.83
Water 1.00/0.96 0.98 1.00/0.97 0.99 1.00/0.96 0.98 1.00/1.00 1.00

K 0.857 0.899 0.901 0.948

Poa 0.886 0.919 0.921 0.958

5 Jilin-1GP02

Table 5 Classification accuracy evaluation index of different algorithms on Jilinr1GP02 images

SVM LGBM-GBDT Shallow CNN MPCNet
Area type

P/R F, P/R F, P/R F, P/R F,
Uncultivated land 0.56/0.66 0.61 0.99/0.92 0.95 0.96/0.99 0.98 0.99/0.98 0.99
Cultivated land 0.97/0.98 0.97 0.71/0.67 0.69 0.88/0.85 0.86 0.96/0.94 0.95
Forest land 0.95/0.87 0.90 0.85/0.85 0.85 0.97/0.97 0.97 0.97/0.98 0.97
Shrub 0.56/0.85 0.67 0.44/0.87 0.59 0.75/0.98 0.85 0.88/0.97 0.92
Water 1.00/0.78 0.88 0.75/0.68 0.71 0.92/0.78 0.84 0.95/0.93 0.94
Building 0.62/0.69 0.65 0.80/0.76 0.78 0.83/0.97 0.90 0.92/0.94 0.93
Bare land 0.57/0.49 0.53 0.70/0.70 0.70 0.85/0.78 0.81 0.83/0.89 0.86

K 0.731 0.724 0.877 0.932

Poa 0.763 0.756 0.891 0.940
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6 Jilin-1GPO1

Table 6 Processing efficiency of different algorithms on Jilinr1GP0O1 images

Image storage / Feature extraction

Algorithm Image size

Mbit

time /s

Model training Inference time / Total process

time /min min time /min

SVM
LGBM-GBDT
Shallow CNN

MPCNet

5368 X 4565 888.04

713.4

24.3
38.0
37.5

47.45
1.34
14.92
10.80

63.42
7.42
2.96
3.56

122.76
9.17
18.51
14.98

6 Jilinn1GPO1
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