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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 (Jilin-1GP) images in the Nashik research area, India. To ensure high reliability of the experiment,
the Landsat8, Sentinel-2A, 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.
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Fig. 2 Multispectral remote sensing image classification model based on MPCNet
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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

Jilin-1GP01 26/10 400-13500 5 2019-01-22
Landsat8 11/11 430-12510 30 2019-01-13
Sentinel-2A 13/13 443-2190 10 2019-01-20
HJ-1A 4/4 430-900 30 2019-01-14
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Table 2 Band selection, spatial resolution, and shooting time of Jilin-1GP02

Available/selective

Wavelength range /

Satellite type  Sensor Scene 1D Spatial resolution /m  Shooting time
band number nm
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Fig. 5 Classification results using MPCNet algorithm. (a) Jilin-1GPO1 image; (b) Landsat8 image;
(c¢) Sentinel-2A image; (d) HJ-1A image
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Fig. 6 Classification detail results of surface features at local Nashik area. (a) Pseudo-color composite image; (b) local
enlargement image; (c¢) classification result by Jilin-1GP01; (d) classification result by Sentinel-2A; (e) remote

sensing image superimposed vector data
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Table 3 Classification accuracy evaluation index of different satellite data based on MPCNet algorithm

Jilin-1GP01

Landsat8

Sentinel-2A HJ-1A

Area type

P/R F, P/R

F1 P/R F] P/R F1

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

P o 0.958 0. 859 0.935 0.667

A Jilin-1GP01/02 ¥ . v e = 40 5 = oy iF 5 IX A
S 3 % 4 L 4 R SVML, LightGBM ( LGBM-
GBDT) . &2 CNN K& MPCNet & ik E47 40 2545 &
M. 7 FRTEE X Jilin-1GPO1 $64% 19 43 2K
ROR 7 oK BEIR M hn N 3R 4 FioR . NI 7(b) |
()5 (e) Al LI i, MPCNet 115 48 )5 14y 25 5 72
S ARUREUCER (9 TR ¥ M 5 45 AR 4 04 P Ak, LT T
= 5PN AR R 5. B 8 R B N B

(@) [

i

FTIX B 43 26 45 9 Jilin- 1GPO2 $2 14 1 43 25 K5 JE F
MrIgtrin g 5 Frox. MNP w0 SR AR B R
TR AR, HREE R, NE S TLUE
th s MPCNet S 53 2505 BEAR R AE 0. 950 247, 55
W R R, BT IHRES¥ MWK E CNN &
MPCNet & & 7E Y g 48 tn L A & | #2 7, A
MPCNet 75 2 058 46 br F AL Tk )2 CNN, ER
IrRNG T 3.7 AN E A

: .  © BT

B 7 ARSEXS Jilin-1GPO1 2594 S AR I 73 283CR . ()RR (b) SVM; (o) LGBM-GBDT;
() JZ CNN; (e) MPCNet
Fig. 7 Classification results of different algorithms on Jilin-1GPO1 images in Nashik.
(a) Local image; (b) SVM; (¢) LGBM-GBDT; (d) shallow CNN; (e) MPCNet
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[y nevltivated gy cultivated SRS building [l erasstand | 5 bareland [ forest1ana Bl vt 8 clouwd shadow
8 AR ZEX Jilin-1GPO2 F &R i AR 73 KR . (R #RsEAR s (b) SVM;(¢) LGBM-GBDT;
(D #EJZ CNN; (e) MPCNet
Fig. 8 Classification results of different algorithms on Jilin-1GP02 images in Xintai city.
(a) Local image; (b) SVM; (¢) LGBM-GBDT; (d) shallow CNN; (e) MPCNet
F 4 RREEEST Jilin-1GPO1 B AR B 40 K BE PEAN 1 b

Table 4 Classification accuracy evaluation index of different algorithms on Jilin-1GPO1 images

SVM LGBM-GBDT Shallow CNN MPCNet
Area type
P/R I, 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
F 5 REBEST Jilin-1GP02 AR B 4 JORE BE PEAN 15 b
Table 5 Classification accuracy evaluation index of different algorithms on Jilin-1GP02 images
Area type SVM LGBM-GBDT Shallow CNN MPCNet
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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Table 6 Processing efficiency of different algorithms on Jilin-1GP0O1 images

Image storage / Feature extraction

Model training  Inference time /  Total process

Algorithm Image size
Mbit time /s time /min min time /min
SVM 713.4 47. 45 63.42 122.76
LGBM-GBDT 24.3 1. 34 7.42 9.17
5368 X 4565 888. 04
Shallow CNN 38.0 14.92 2.96 18. 51
MPCNet 37.5 10. 80 3.56 14.98
6 THE T AN A 2R A Tilin-1GPO1 & b
B Ak B AR BT LUA H L AH EE SVML, MPCNet 4h P 5%
RS G T E CNN AR S B 18, 5 0% it Sk FRREIEREERT BRI
JZ CNN # kb - MPCNet 78Il 2R 18] 38 T+ 27 % A& LR &R NG T N R 08 B AN Sl
F. HTHEM N LGBM-GBDT %5 1 % H & A 1Y
: s % X W

HH (leaf-wise) 3B 73 R M 45 i, 73 R ROR K
L H R 2y 280K B [ MPCNet ik 3.9 N H 43 A
gih R A5, HUHE R B & k)2 CNN M L,
MPCNet BEAR 3 BAE R 3.7 D E A ~4. 9
NES M., ERRTAED K EEL GPU 524k
PR AR ST IEAT ISR 2 3 A ROR .

4 4k 1w
Sy i vl 3 [ 7 22 56 8 18 SR 1 AT 40 U b

GrJETRVE S A BEUER MR 7 3 A IR 3 2SN B A 5 )
A S T 2O TR R B 2K MPCNet 5
%, MPCNet 7535 BeRRAE 9 JE 0l b & #8 T 18025 0]
BB AF BALH A R T T M B AR S 26
K BE . A LG A 43 28553 . MPCNet 76 P R 46 b5 1
A UTEART: . WA R ORIE 256 45 B0 AR M XA
[F] T B2 7 (] — I 8] B 41148 194 52 A5 K0 30 a0 A7 B 1wy %o L
. % A WO IR o PR AR S e R R B
T2l R ) oy S A R AT LR G s EVRAG . TE Tilin-
1GPO1 #A8 LS AR 23 NS E LLAE Sentinel-2A %
B L2 2 A H 53 A WAE Landast8 S22 & 2y 9
AE R HI-IA R 29 A E oyl St
JE XA [ 3 LS5 R A L A Tilin- 1GPO1 #2441
M55 2 R L B B, A B F1 oscore M AE
Sentinel-2A ,Landast8 I E 2 2 NH 3 H~T7 A4
[EEi -

M FE B T SE AR R Y TR B A R 5
il A 22 ROBE 45 B ) 25 [ FR A R AT & 2 ok
i — 2 BT X 2O 18 AR W k. S — T
I, % & 2 GPU 545 4b 5 AR Sk 5 8 K AR 22 5
TR AR T AT 43 28, B2 i B Bk b 3R
J i B AR AR T B T M SR A 7 A TR] A3
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