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Abstract

In order to improve the accuracy of land use classification, this paper uses Gaofen-2 remote sens-
ing images as the basic experimental data, and fuses image spectral information, normalized ve-
getation index (NDVI) and texture information to form multi-feature fusion images, using neural
network classification methods respectively. The land use classification of high-resolution remote
sensing images is studied with the support vector machine classification method, and the classifi-
cation accuracy of the results of the two classification methods is compared. The research results
show that: 1) The classification accuracy of multi-feature fusion images is better than that ob-
tained by using the spectral information of remote sensing image bands in the study area alone,
which greatly improves the accuracy of land use classification. 2) Compared with the neural net-
work classification method, the support vector machine classification method based on multi-fea-
ture fusion has less fragmentation degree, better patch integrity, less misclassification and omis-
sion of ground objects, and from the overall. In terms of accuracy and Kappa coefficient, support
vector machine classification is better than neural network classification, and the overall accuracy
of SVM classification based on multi-feature fusion images reaches 93.98%, and the Kappa coeffi-
cient is 0.8981. Therefore, SVM classification based on multi-feature fusion images can effectively
improve the accuracy of land use classification, and can provide effective data and technical sup-
port for land use monitoring and land remediation.

Keywords

Machine Learning, Multi-Feature Image Fusion, Land Use Classification, Accuracy Evaluation

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

FESR T T R TR AR e e, b — T ) 7 [ e 3R FH AR AT 7 [1] [2], SERGHER R +
A A BRI T B, 2 H TS BRI TP A WA [3] [4]. DS RBEE A PR A e, £
A I T7 SR ARAC SR B VS S BRI R RE AT, S I8 RS AR AT R 2 SR PR - 7 i A
B ). wAEFITT R IF BB BRE R A S RESEE,  RENS R LS LI ) FF SR AN R4
AT G M) Y 308 TR SR 2 288 RN 3R FH 70 29T 58 1) 5275 1751 [5] [6] -

AR [ A A R LA 5 S B35 SRR D 5| R GAR I N FH UE,  WBENLARM S fhe i
ZRER . SCRRMENE R IR S FEAE[T]. BRI R ER B 5 B R A —E R RIRE,
U 22 RFAE Rl A5 REARAE 73 S B0 T8 ) A 0B B B (8] o o) T4 22 ) 44 B35 1) R SRR A B FH W AR X B
JR, LA RAERE AR ) SRALER U UG 1 ARSF AR [9], (EAE R IR BT B FH AL AR 7 1 #EAT 2 iR

DOI: 10.12677/gst.2022.102005 44 Mzl


https://doi.org/10.12677/gst.2022.102005
http://creativecommons.org/licenses/by/4.0/

B, L

TR EAAR R A R R S 2 SR 73 SR £ E[10].

AICHET GF-2 BEBGR I L RHER G 18, 70 AR A SCRE BN ST VE AN AR 2% 05 R kAT
LI 73BT LG5 B R R AL, TR T S R DU A A — AR BCRFALE
A FAD VSRR SO AE S RHE R SRR, ERMERE THMER, ST 5iREE R HX
gy RGBT AR, VLRI I B S R A IR S AR, $E e R R T SR A S
13 EER U <17 %= = S O e w7 A1 DS AN /1 N 778 N w5 B 1 N b L MEDE T AR i N
SERAMT AL DA BRI A 5 8 G L B

2. BERIRRMALE
2.1. BHEKIR

ST TR B R 3 P AR I R A R [ o 5 PRI RAR, SEETT R m
N1k 0.8 m. FTIEHF TR A 2018 45 10 H 18 H, RS AL RS RIER, HiEniEN
0, LM, CURILH, EMORBIUAAE. XERERIATHEA S JUTIRIE, ERFEARES
ELSHEREMIEN 2L $E/TH

2.2. RS

WX AL T BRI B AR T e L &, JLAESIAEINESS . IR, B BEIRA BHET AR RE ) A g
K, AZBXF MR B R 3, R EIR A FHR R bR &, i R 28 2 75 e
7 HL M A A P 3 25 AR A0 S BRI T

2.3. RigmaE

XERAT R 2 BRI 4 AR PAN2 (1K) M2 GRS MSS2 (4 K)EEATRE G, I 5RE il Y
B . AR R EM 2SR B LN, WM LES, ETERPGRRET, &
FO LA IR IR JE I U M 2 06 R B AT IR, DAt BONEEE, X2
BEATRIE . BEE SSRGS TR . S0 R 855 BRI REIRIF IO IR B - RS TG XS EL I A] 1
Fos, NRENS A R SRy, B R TR T X R AT X L. I AR AR, R
AR HeRAT i, HODRCIE . SCERSEAE S AT

(a) FheAET (b) &5

Figure 1. Comparison before and after fusion
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Figure 2. Normalized vegetation index in the study area
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Figure 3. Spectral curve distribution of ground objects
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Figure 4. Principal component eigenvec-
tors after texture analysis
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Table 1. Comparison of land use classification results
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Table 2. Accuracy evaluation table of multi-feature fusion image classification results in the study area
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