ML TIE - £ 08% - 5 04 H5 - 2025 £ 07 A

B 2 B TIE BK HHE M AAEZR

4.2 N At 4L

AN FH AR M I T h 7 s Ik A B ) Bl
I 2 IR R o] D itk S R i AR A, TP
BT i S HER AR DU T IR E AR EE, 1R
BIFNRE . PA YNGR T IEIR A MRE. TEANLE
R LR AT T R A, RBOERlEE. A
DBz b RIE S, IR0 R, WS A AR,
iRl R 25 TAE,
4.3 EFE5REXE

HEASERBEDT T, R 2 IROE BB AT DAY R AR b e
TR, ADIPREUL BIAREIR GG . Aok SR EHF S
TR T . Y65 LiDAR PhE, Landsat #5500
LB RS A LIB L, 1] LiDAR $2UEME S B AN
BB AARR ¥, (AL MR B R N Ee
SHEMNRERY, SE20EH0EX D BRAKRE ANATE
g, SRS T, WU HTERR A IS Bl
0, P PR R I T Ve, (R T2
TR REIERN S 753, {3 Sentinel-1, FI TR I A
Sk H RS AR L, Sentinel-2 FH TR BIMEAY Tk 5
A B R,  FHTE AL LIDAR J8A1F BRI ARAK:
BB, ATLL T RE R TR AR A 2R (LI L

FFRBHLRCIES TIE. R GIE S EREIRS &
PR TAIS RN, T IRA ST s i ZR R A AL,
M TSR A2 Tk AR FESHT, NWEET
T, FIDIX B HRRR BRI A = A AR .

TR ENESEN TIE, nAZEREEdE, Pl
PHIHE . Bk, BRERFFER R EFE, A
N RHR R TE. RS IR IGEdE, KA R
THIRIHIZR, 5 SAR 18, RIDAPGBERBERES XI5
EIRFHIFAIE L. i T AR se S AR
B, $523 InSAR W M TP AL . TEZIRETRN R Rl
BYEE, RAEESIER, BESTEEE.

5 Z5iE

L2 BHTR, F R AR R T hiz 2205 R
SREEOR, FJUSRMSE 28RS, (e —HUEN AR
JEo TN A S BARER A REES, LI RNRAREE
JFERCS, e TAET K. AR EAY k. Ll FHHE)
L, ESERFRNG TERAZEER, ETRS
PR, NSRRI RO RTE.

S 3k
[1] B, ZE(E, 5,55, Zh T Landsat TR S OREH_EFE 1 HIR)

R LIRS, Al S55K,2025,45(1):76-81.

[2] AR, BRI G, 55K, 5. ST IR B Rk & (I T £ MR P

AEBITT]. PHRE RSB A S412,2025,60(2):326-335.

[3]  Z20H00F. ST 2 IE B EERl A 1 T HORI PR BT

F[I]. BAREEZ,2020,43(13):10-12,14.

[4] FEFH . BRI EIRR A R RS R ) g

(1. RS A1H,2025,43(3):89-91.

[5] BRI, TKS 5 FEHRE. 2SR & RTE -+ HOA] PRI H

FHRFL[I]. BHLETI,2024,22(24):185-188.



MRMATIZE-F08% - F£04H)-2025F 07 A DOL https://doi.org/10.12345/xdchge.v8i4.30721

A high resolution remote sensing image ground object
classification method based on deep learning
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Abstract

With the continuous advancement of remote sensing technology, especially the widespread use of high-resolution remote sensing
images, ground object classification has become increasingly important in environmental monitoring, urban planning, and agricultural
surveillance. Traditional methods of remote sensing image classification often suffer from issues such as low accuracy and slow
processing speeds. The emergence of deep learning technology has introduced new approaches to ground object classification,
enabling the automatic extraction of complex features from images, which significantly enhances classification accuracy. This paper
analyzes the current status and advantages of deep learning methods in remote sensing imagery and proposes relevant optimization
strategies and future development directions. The application of deep learning technology not only improves the accuracy of ground
object classification in remote sensing imagery but also provides strong support for the development of intelligent remote sensing
technology.
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