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Abstract

With the rapid development of remote sensing technology, high-resolution remote sensing images
have become an important means in multiple fields such as environmental monitoring, urban plan-
ning, and agricultural management. However, the volume and complexity of remote sensing image
data pose significant challenges for traditional analysis methods, including low computational effi-
ciency and the reliance on manual feature design for feature extraction when dealing with large-
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scale data. In recent years, deep neural networks (DNNs), with their powerful capabilities in auto-
matic feature extraction and pattern recognition, have demonstrated outstanding performance in
remote sensing image analysis. This study systematically reviews the application of deep neural
networks in key tasks such as remote sensing image classification, object detection, semantic seg-
mentation, and change detection, and analyzes the current research status and progress both do-
mestically and internationally in this field. Additionally, this study also explores cutting-edge re-
search directions such as multi-modal data fusion, model lightweighting and real-time optimization,
as well as the interpretability of deep learning models.
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AR, TREEMPZ M 2% (Deep Neural Networks, DNNs), JUHEHFHFZ M 2% (Convolutional Neural Net-
works, CNNs), fETFRAIGE . HIRE A BEAESUISIAS | RBVERE R, IR 1 SR K B ZhRAE R ORI
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Figure 1. Schematic diagram of remote sensing image classification
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Figure 2. Schematic diagram of remote sensing image target detection
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TRJE 4 7P M 4% (Deep Pyramid Networks)F1 2 45 #(Dilated Convolutions)[fI N F, #E—B b5 7 2 R
FERFAEFEHORIE SUE B I HERE /1. BbAh, R Il (Attention Mechanisms) 1 Transformer 157 1] 5]
AN, AT HFMEE2RER, IRESEINERERN S . Z2HSHARME - F TP 45(GANSs)
DA BB 2 S SRR U7, AR AR BRSNS R AR A AR T R B . R
WS T2t R, 3EIRAE SCor BT 1 W B 2 A R0 . 22 VR R R S b B A BR AR .
PRT 5, IR FE 5 ST R BAE X E B S AUCE Bk T AR ST R IR, & BRI 7 FUE
IR FERI R, B R BB SR SRS 70, RSk AR T T2 S bR R R S ERAE H
[10]-[12].
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Figure 3. Schematic diagram of remote sensing image semantic segmentation
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T AR RN FR A FL AN [ I SR AR, SR AR A R AT s N S B 51
AL, TZ BT IO ARG . A S A B R E A S SR WA 4 PR

AR, BEA TR ST EOR I PRI A, BRI T VE RS 1 B35 HERE . 2 T B AR 2% (CNN)
FIUGAL I 28 MARFAEZE 93 T7 i, RERS A R I 2 I MR PRI B ZE B HL 45 (GAN) A E 2 iih &3
WU F T2 S AR AR AE G SR AR R RE T U4, TR JIHLHIAN Transformer B AIGIN, $m 7 XE
ANPGRS EERMEEAR, BB E. FREIREZEER, PRIt
TARAT I R EAREAERA R RIS, XTAR A ) AN M 2 S T EAE G R B AR TEAS R AN ST 2 2 AL
REAITT R BRI . RGBS T2 ke, SRR A G AR 2 R AR A 2 ARk
L R AR B = b KT, RS SRR AR A AN v B I P AN 25 5T 1A DN AR
FERZR, 0 T AR AR BT ZAE N Soh BE e, B B8 Wt FCRT A ¥ 77, R
RAT B BER 58 S T AURS #E RS RF rp A S s ZE AR F [13]-[16]
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Figure 4. Schematic diagram of remote sensing image transformation detection
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3.1. SESHEME

2 RSB R E — Ol B Aok B AN FRIEAI SR B, IR SOAR . B (LI E B4R,
PAARTHE BRI e B . HERVE R BRI I BOR T3 ¥ LA SR BEAE T P AN [ 2 000 2 8 EL A
I AEEARR . FRAEE AR R S A Z IR ERAT A0S G, AT BE A2 90 B8 i e 0 R s
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BAE s ERHFERR AT, BN SRS EER AT R SRR, RS R IR R AT 4L A, e
FAIEEESE . FRILE B BURAE A G TT % AR A E T, SRS EEE D AT IS AL B AN 732, dR)a
K% B R RAAT RS, WEEBER BCr s U RS AT A
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HAEMMG RS, MHATES. E¥HMEBEI. BEEITTRENNIRARNE E IR ID, 28
BRGIERH AL ZEXTKE, SCREMEI(SVM). RS /R KB HMM)ENL 85 ) 5
T Z N T 2 BEESRAAES . #EN 21 HAL)5, WEZ IEARIDGEW R S T 2 B3 Bk it
EHIRIE, IR (DNN) R A2 X 48 (CNN) . 7 PR A28 X 28 (RININ ) 258 V0 P55 A 7R 0l 1 R 4= 1) %2
AT, R S SORMBA B S S D s, dE— BTt 7 2 & /a1 EALL
s EARET A RIT IS WA B 2 Bl AR N SRR . B, RS2, BA RS AR (n X
oy CT BUE) S s o A R, v DAYE 25 42 e o A il A AE i e RS I i A i ks 7E Y e g
R, ditkATRBL. T, BOLTEIA(LIDAR)SE Z ML R IHHE, SCOUFAETRA. FEAG kil
FIEEEFK, T 50 B 30 2 3 R 2 AT SENE; 2B EES I, G SOR. 8 & &
RNGEEZ MBS AR, 1T LA HER U AN B AR - s BORES, 32T ANLAE EL) E AR PR RN R R A .
HeAh, ZRSEARRAEMN BZA R . AV H . B Re BT FE LI SE(VR) S 4Is tH R B 32 1
T

AR I Rl A X LA AR YR B B, o7 AR et H bR IR RS FE A e SR B AT S, H 2B E R b
G — LR AN . e, B TR RIEA R, BEr A . R TR E R, X
LSRG T M B AT AR BN R —, 380 T 2GR 445« R, Bl Rl & 75 B8 s i B,
TOHAE RIS E AL s DT, SERT AL PR VT RETH IR M RE R 3, ARSI 7T A B A A 1R
FEFIfE ML, FEEA RO B . B, PSR AT RE 2 DR . RS R T, S
A] 852 B W 5 G (5, Q] A R Rl G X S B DR D MRS 0, BCR SE B SR 1 A A

Kok, ZEESER A KAk s FL AL AU R . BRI RA S w e, FrdEL S E
BEMRKEBUAS N LERIRES S REH . MeRREE— S0, gambs3. 5l
SIEERMHR, RT Rl EER 1) H S N R S AN A YERE,  RE S SEIN E SOR R e A B T A 1) 2 RS AL
P s AN F K 3t — 20 Hh i B BRI . Tk EEBR . P IR A B 2 A, HES) AT B R Be AL AN
B s B P A 5 22 4 ) 0K O 7S B A, el AR PRAIE SR FR A RN 22 2 (AT H2 T, SEBL A &K
2 B HIER G, KRR EERER; At 5 BEERM R BB E M T SLAR RGN 2
(B eS8 504 A, e G — I B As ORI bR, (Rt 2 IS HUR L 2 50 E ah, ZRIESH
PE A5 N LR ARRELSE S, WA RG M. MR Y06 55 77 T U 0 KR, kT
2 1025 B0 O BE ML 2% 0K 2L 4% B 5 O A B R R S5 BRAT RE 7 TRV, B 5 R S A Y 45 8 1k ) 48
T R R B ) RN 52 BB 2 000, ARSR B T4 3070 T 1 Ak B A AT MR A 1) 22 B b 5
A, OB P X B RSB . SRS, 2ESEERBEG MR KIE BT, &
BHE ZIRAIEM S, IEES AR BRI R AE D ANE. B AR RS 5k,
JERL R DR RA %4 ) DA R HEBARHEAL K, 2 B E i il 5 K 78 AR (A5 B I AR H 5
HEMEH, MW ARMNFLAE 530, B &7 Sl Sk R se b A g s b % 8 [17]
[18]-
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SIRPEANGRT AL BRI JSE , LA BB 5 52 R PR 1 #8 Fi /2 SIS N2 R oR o HL IR R AR S HUR 4, B
BURL EAAARZE SR
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THELR K, 1 AR 28 TR a2k — AN B S AR 0 R B A Y, AT £E ORARp 8 i 1 [ Bsf S 300
R . BEEIREE S SR, MR a5 Sem YRt & ) T T st 2 A sh ik T AR SEE
BRI R H ) BIR SRR AS, HEB) T 1540 MobileNet. ShuffleNet F1 EfficientNet 255 & 25 P 4%
ZEF I, X SE B FE CRAUFASERURS BE (1 (R, ORMREERRAIC T H R BRI #E, |2 M TR REFHL. .
BRI I i 4 554008, 491101, MobileNet F R FE I 73 B GAR BE il> 7 S8R &, (FHAERS)
W& bSO A AR I SO AT RE s 7R Re 2 B AN, 04K S IR B 22 X 2 1 FH T se it
INGLRANANEAT I, FETE T 15 3072 5 2R 5 D ) 3k R 22 A 1

ARG PR BA BRI N AE S FHAITHSETERY, TR 1 X S5 R iR, B2 T
SR AL R RN R T, (AR B AAE B B . B, BREAEE Rtk —E
YRGS, JUHRAE A B AT 55 BT B K BRI I I 5 T o Tk T IS IR L R iS40,
PR AT G TV B — Lo S B AN B R 4R S, i sg i T At . FR, BE T IERE A
AR H R 55 R ORI 40 A1, T BB 75 22 2 (RSB0 R e SRR AL SR, 38 1 R4k
MMERE . BEAL, BREAL S IBR AT e A — SRR BRI DL N VRIS B S5 Uh R Y (R, LR AL S
117 s B ARG FE SR AT 25 1 o

JEEEARK, BEE RO DA R AL, BB RS S e — D kR, 4E
M s A THE BIOUAITR G RS B T A5 Q0 7, SR TP ALAEAN [R] N FH 17 55 1Rk 2 P R
[, B SG OG5 IIY K, SERPEAR A R B B0y 2, SRR . m kR R T
IR 2 SR o b Ak, AR (1 W MR M AN 22 A Mt SO DA R Hh ST IR B A, A IR AE 2y 02 AT B[R]
BRI A e, SRS, SRR SE PR RREE sl N T8 R B AE % 2R 5L b b
MR ZNA, B e &M AR LI . B RERIZET[19] [20].

3.3. FEFIJERR AT EEMY

TR PEE 7 SRR R F) i AR 2 1 B AR AT AR AR T N S SR RE U B 7, IXAE SRR P IO L,
BAEAEBEIT « <Rl 2072 A e U . HL JU R 3 A0 403 o w7 VA R s AR SRR A SR R
R B AT B R 73 R B AN R 3R, DA SR A A i AL AR BB AR S5 B AR MR AR (AT

BB R L2 2T ORI A Je ST T A R AR T A SR W P SR AR AR S B 00T, BB R R B 2R
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B AL RGNS WAREE, SRR SRR R R, IR VPR, W ORI
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ER IR Y R AR RE A T BT A 3 B TR ) DR LA, AT i e B Y ) vl S AR R, E
TR PE 5 IR AU PR ] R B AE — BB m . B e, O T SRR R AR, JE R R BN R A SR AT
AL BRAA N Ja AL BE, XA RE R R A PR RE,  JCHGR N T RAE S AR AR . LUk, AT AR
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JRERK, IR SRR AT R R it — 2D Bl A et MO SR AN R, Jn PR SR 22 ST A A I 22 5
FETHERE IR BER BE o [N, A VARG BELER B3R TY, AR F3dE B A AT R PRt O AR T &
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