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Semi-supervised Land Use Classification Based on Particle Swarm
Optimization Probabilistic Neural Network

WANG Chunyang'® TANG Zimeng' WU Xifang' LI Changchun' ZHANG Hebing'
(1. School of Surveying and Mapping and Land Information Engineering, Henan Polytechnic University, Jiaozuo 454003, China
2. College of Computer Science and Technology, Henan Polytechnic University, Jiaozuo 454003, China)

Abstract; Aiming at the problem that most of the land use monitoring in the past uses supervised
classification algorithms, which have high costs, wrong leakage points, and greatly affected by human
factors, a semi-supervised classification algorithm was proposed for particle swarm optimization probability
neural networks, which improved the classification accuracy. The algorithm optimized the parameters of
the classifier through the particle swarm optimization algorithm, improved the accuracy of the classifier,
and Shannon entropy was used to select high-confidence samples to expand the initial training sample set,
a large number of unlabeled samples were expanded to the training sample set, the number of initial label
samples were reduced, costs were saved, and it was compared and analyzed with random forest,
maximum likelihood method, and probabilistic neural network algorithm, the classification accuracy was
improved by 1.25 ~ 6.57 percentage points compared with that of other algorithms, and the Kappa
coefficient reached more than 0.8. Through the land classification of the remote sensing images of
Xinxiang City in 1996, 2004, 2013 and 2020, the results showed that the construction land of Xinxiang
City from 1996 to 2020 was continuously expanded in Xinxiang County in the central region, and the
cultivated land area was also increased, and the area of other land used was decreased, and the area
along the Yellow green area was increased; the land circulation was the most obvious for the conversion of
cultivated land to construction land. The research results provided a certain reference for the further
rational development of land resources in Xinxiang City.
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Tab.1 Land use classification and remote sensing

interpretation signs in Xinxiang City
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Fig.4 Flow chart of probabilistic neural network

for particle swarm optimization
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Fig.5 Land use classification diagrams of each algorithm
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Tab.6 Overall accuracy evaluation of land use/coverage
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Tab.7 Area statistics of various land use types

in Xinxiang City km’

i HAl

i JH
1996 4= 4376.93 611.16 974.30 134.39 1426.34 729.40
2004 4 4209.06 621.39 624.39 168.09 2181.67 449.69
2013 45 4464.77 865.01 835.69 124.22 2096.03 520.71
2020 4 4 810.24 528.76 465.21 130.70 1963.45 354.16

ARG B bkab fsh o KR

W/ F] 465,21 km® W T 52% ;K VR I 1L T
BA RIS BILE I 14 4k d TR o hia
T TRGEUR R A 2 R A F) AN TR A 3 K- Y
AW AN W7 3 22 BORHE B R Tk )
RG22, WS SO SRR A S BT 5K, HAt Y
BURWIE D o BRILZ A0, i TN H RO 9 R
S BORH IR T A 5 SR AN UG, B st 1 RS W
U TR ARS8 b/ Al

3 ) P e R E R AF 5T b R S ]
HH EL B A ) B R 1) Y T 050k BRI HLR R
e - 3t ) P A fh 1) 45 A8 AR Ik R A% 25 R T Y % A O
o] o LUBE 2 1 1996 4F 1 2020 4 i - M1 £t
Sy, B ArcGIS BPF 4T 2 23 A, 2R 45 £ Ho A
FF A2 Bt , R Excel Hi/E 52 B R, 2k 8 it
TRo SEHERM S T MR ) BB AR N
I 3t A0S 5 P T AR 38, HG v B e e g O i
EE AN 26 /NS = R NS R [0 R S TR S
B b P 35 P 5 BF 0 e DAy A R A A
JHT 35 8 P 5 0 e D 5 At R e Dy e
M 5 KRR BT S g T ., 8 0 AR D A 5
Ul FH 3t e 450 g Bk b L 3t 0 R T 3

=8 1996—2020 FF L H Lt F AFEBER

Tab.8 Land use transfer matrix of Xinxiang City from 1996 to 2020 km’
1996 4 2020 % it
il b TV FH P K oAl b
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Fig. 8 Spatial distribution maps of cultivated land and construction land in Xinxiang City from 1996 to 2020
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