Computer Science and Application &I FIE 5 R A, 2026, 16(7), 1-8 Hans i
Published Online July 2026 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.167235

ETETREF IMEREGOERFHR

wEE
FEMRHEE TR i (5 B AR, 7 EAR

ks H . 202646 A5H: FHBM: 20265E7H3H; KA HM: 20264£7H8H

wm B

ANRGGZRTRAET - R HEMEEBEGAE T HNAIR, RRETHHRBERRES
AZHEFEIRBEERE 1. ME T FREFEHER T (NSQAT, BTRE¥(QDL)ERR
DRERER. BAEEIRELE. MEALREEFPHRBTHRR, HEHIT T SMETHIEMI K
W EIMLA] o X EEIRA STRR AR B, %32 XA 2 T HAR DR . WAEM T SHEER(FEERR)-
FRAHFARMERRERZRR. #00 LRHIL), ABERNTRETFEBES. KRENSE. BTEMNERE
(QNAS)SEFT BRI RIHR R Hilp Mk SRR AL RE 77 I ES . S5t BB RS R
ERBHBRIRN, FEMER THREE B SRS L e+ —F A& SRS
FRETS707 - W

Xiid

BETRESSN, EBER, BETHE

Research Progress of Remote Sensing Image
Processing Based on Quantum Deep
Learning

Ruoheng Xu

School of Physics and Electronic Information Engineering, Guilin University of Technology, Guilin Guangxi

Received: June 5, 2026; accepted: July 3, 2026; published: July 8, 2026

Abstract

This paper presents a systematic review of the current state of hybrid quantum classical computing
architectures for remote sensing image processing, aiming to explore the theoretical potential of quan-
tum computing to overcome the constraints of parameter explosion and computational cost inherent
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in traditional deep learning. In the Noisy Intermediate Scale Quantum (NISQ) era, the review sum-
marizes research progress in quantum deep learning (QDL) for core tasks including image classifica-
tion and feature extraction, dimensionality reduction of high dimensional spectral data, and few shot
data generation. It also analyzes the underlying mechanisms of various quantum data encoding strat-
egies. A comparative analysis of existing literature reveals that this interdisciplinary field is still hin-
dered by fundamental limitations such as data encoding inefficiency for high resolution inputs, hard-
ware decoherence and vanishing gradients (the barren plateau phenomenon), and the lack of effective
heterogeneous synergy mechanisms. In response to these constraints, this paper prospectively dis-
cusses emerging technologies (quantum transfer learning, tensor networks, and quantum architecture
search (QNAS)) and their evolutionary trends in enhancing model robustness and feature representa-
tion capability. The conclusion indicates that deeper integration of software hardware co optimization
and error mitigation algorithms may enable quantum deep learning to serve as a complementary com-
puting paradigm with parameter efficiency for the intelligent interpretation of multi modal Earth ob-
servation data in the future.
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1. 51§

TR BB SR R [ 0 AT ShalSTEACRAIE DL R 238 B s B B BT B ik, DL
25 ) 28 (CNNs) FIIL 52 KA R (Vision Transformers, ViTs) AR TR 2% ) Sk e R E G 5= 5025, BAs
for il 5 ) o BV EAT S5 AR B T2 1] AR, BEE BA O RS R R, IR R 2
U 2 RIE VLS YEFE R o ARGt R0 AE AT g B R A28 5 IR 2R R, 200 55 i « 3
BRGNS AT TEBR I [2] 0 A% GuiIR BE 2 SIS AL E $E ST 2% 18 I M P 1) v B TR AH DG 1 5 20l
T T (] ) AR 2 Bl SR ST, 3 T 2% R P I PR BRI N S SR I RR AR HE S . XA A O iR
SRR B TSR RE AR T BRAR, SEAE AL FE AR T 25 5 51 R LA IR [3].

TEHER T, EFHLE% > (Quantum Machine Learning, QML)/EA—Fi 3T &F /1= R B H T
B Z B EARF 4], HAKRY, EFIHERAGKIEE TSNS INEE S ZEHLE], £RME )5
R BRI AT R L I AR B 5 T B R E B [5]. BRI S, — NS N ADME TR
RGBT TR — A 2V UERI A AR 0], X N TR B i AR AR R SR AL TR B A . SR, Y
A& U R Ab T gk e R 25 A BT~ (Noisy Intermediate-Scale Quantum, NISQ)IFAX, 52 FR T4
B R E I 7R G LR 2 T LU E ) SR AH T 8], BESRAKAH B (R i 2l & 7 5507k (0 HHL 57k )
Shor Fy5) M UL BLEEHCE T = 4E B G AL BT 55 (6] BRI, K 2501k & T FE B (Parameterized Quantum Circuit,
PQC) 54 MLt 22 W 48 M 25 A AR o iR At a2, BIVE A & IR % 2% >J (Quantum Deep Learning, QDL),
BRI BUR 2R 1 7 R R R R R A BRI T AT 7 B[ 7] 1SR AR R 8 ML v S AR B AR S 1t B0 5
BT, [EIFH 27 B2 (QPU)AL I i 4R IR Tk B (I Ze Al 4, 7EFIR B3R | & T RBMH S
IR

ARG T IRA & IR 5 ) (38 R EUG A B A R FHBUIR, RN AT AR 24 5 & 19w
T HLH AR, FFER I 12 U 1 1) P 3 ) PR 5 T e 3
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256 x 256 147l T 40t E R 7 i (PCA) B i Qﬁﬁ%%ﬁ(Autoencoder)ﬂﬁﬁﬁl Fedt, $EBUHARYER
1] £ (Latent Vector) . ]kf: R4t J5 I RFIE RN 22 QPU . 18I RF i I & TR g S m, 20 LSl m) S
WL A KRR I P BT

TERHEE A B, SEAGE T R PQO) AT ERIE. PQC H— R4 EE 21 1(4 Hadamard
1. CNOT I') 5T SHIERE 1 RX (0) « RY(0) « RZ(0))H . HACEARFIEPIT N mBESEL
WIS U (0) , (ERERAEZ A SRR LR e RN E T4t HE, Rl feE
i1 EORESRAT YR A ] W00 5 0 5 (Measurement), CKF HA 46 A28 s SE(E bR 24 .

Ba, GUMITENIRBOZIEE, HEHS RIS MR R, HRH SR (0 Adam
BORE R BB RIATERT PQC HISH0 (8], {EWERSLIN b, BREETHE JoVR E 3 N H 4 gm0 ),
M e B KT “SEA RN " (Parameter-Shift Rule) PAEAT ) 5 20AE & 184 L AL 86 E[9]. =
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Figure 1. A comparison of workflows between classical deep learning and quantum deep learning in image processing

E 1. g#REFI) ST REF JEERGLEFH TR

2.2. EFHIERGRIGEE

TE AL P R G BT, B4 M 2215 2 E o & 7 A (Quantum Data Encoding) & 52 M A 7Y P B 1 1y 22
WY HETEEAAAE =Ml oing, 7RI FE SRHMER T AR Z T A IS (Angle Encoding)
LB =T LR IR M B, SRR IR IRV, &6 NISQ W4, (HiHESE S E4EE
MR RNE T RS, A8 AC B e 70 A R I PRI I T I A A 2 P PR A (105 %W 2 5 (Amplitude
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Encoding)4 £ it [ 5 ) 70 28 A B 1 A AOME A IRIG » 125K fig A 2 1 B R Fa B8t (91
N AN LERFRT GRS 2N 4ERFAE), R R A B AR e 2, HILE T A 6 R IR R, B S2 AR
FFI[11]; 2594 (Basis Encoding) R £ i — HE | Bdls AR WL it SRS, %07 A IR B 1R IR BT RORS
BRI R BT, EBHEEARE R, 282 TS SRR BUR A RS R AR R 12]

3. BT REFIEERZESTHRARR

BEHE AR > BT RIRIR RS, W TUE IR IR G 7 A 22 X 2% A L 38 IR % A 55 T TR
i A SR 7 SR BTE B X 4 5 R RE 2 AN 5

3.1. FRS RS EFHERIN

22 i CNN 7EFEEUAS 0] Jo SRR R DAL 5, 10 & 5 A A 40 R0 25 (QCNIN) Uk PRl il e T3 4 ) 5
B, DASEE T e R . Sebastianelli 25 A [ 131 FIZR 1 ResNet HEHUAZTE SURHIE
Jei s P RRYE S FRFIE A AN PQC BT8R, (EG BRINSEas [0 WIGAE 7 HA &0tk o 1% 2 24 ik
IR, Fan 2 AN[14)38H T —FRAE T - RIEFHHZE WL (HQCNN). 7E EuroSAT S54HE4E L il
IRE B, EIE BT 2 EHER R 244 T, HQCNN Fr 75 ([ I 2R 252U A LAY 1) 10%2E 20%.

B 5 DY 25 TR FE (3G 0, PQC PR S ) A% 37 (R0 T W ofs P8 S0 ) . A7k, Liang 25 A[15]%01F T &7 Bk
BRIE 2R M) (HQResNet), lid 5| NESEMUGHBIEZM 5 B WFE. B— 7, fxhEEEGhyRE R
e R, S BRI 9 T 44 5 K TV WL (Quantum Attention) Bl ARS8 . Zhao 25 \[16]HIHF 9T %
BT, Ik A2 472U 4 2 6 N ] 2 [ [X S B0 3 3 R AE A E AT B I S AL T, e fE R B Rt
Eb 22 gt f R B AT 2 A A 2R MR B 3 R L A
3.2. BEERIERIEMAELE A

T R SR B (HST)E o 0 & 8+ T B R A BSOS I L, HEMAN DR 5 5 K “ 480k
ME” o Otgonbaatar 25 A[171#RR T & FIB K EVEAEREER P IR, K Hms o IR EZ R (i ik
(QUBOYER.. FIH D-Wave & T8 KWL R TFEF RN, REAENS DU MR R 2 4 R B AL B Ry
TEF4E. (EMAL & AL TR A (PoISAR) AN EE 5 T, 1% B BA ik — 2 233808 5 1415 5 A 6 70 1 (Stokes) 2 8
HERABE TR TMA 18], R TYHE KINE T 9 7E 5 1A iR R A0 b i idE A .
33. MNEXBBRERSDHEFES

ERBIEAME S, SRS KBS ERE SRR AN & & 725 O M 4% (QGANSs) 218 A1
SHAE TN . IR AR, QGAN FF £ LEE R 48 HAH T2 Ik o 40, & s 4R MR 2 40 A7
i, AT M GAN B W oRRIERE 1, AR #5203 B (Mode Collapse) /77 [H R B H R A [19].
A AR A 0 [F) 5236 2R 1, QGAN 784 B4k 18 RS IE S8R 72, 24t 7 —MAfa 4T
IR ZR B 42 [20] .

4. BFREZF I NI BRFEHREAORILINFRTT

B FIARES B PRGBS AN, BHEZ YA H] 75N 28 B A Bk

GRAF, RO RS AR R A,
4.1. SHENIEHIEN “HERRE” Xt
TN i M T AR B AR A S R BRI, ARG S = E SRk . B TFHHEALREEFH n» NME
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T LR K A 2V TR AE S F) o IR PP B R PR A0 A5 2 T RS B R IR 4w b (1) = 4% 5 vk
(Quantum Kernel Methods), A5 7EA W AIG B ST T, tHE GG TN S 4 A /R RS
(B B N ARARACLEE , ATIEERAE B4Rt 7 —Phlibes st “4ER e HE” (AR ZR e U BE 4221

42. SESEBREORUNERA

IARHB RN = 2 4 22 B B (WD 7 158 5 SAR B IRl & . 2 30 22 I M 45 fal 5 B L ) 550707
FEER, T i S 2 28] (40 CNOTLCZ [ 1) R AR B A& AEAN R 1 3 EU ARy 18] 2 57 J=) B AH G ML A
T IR AN RIS R AL 70 B 0 T A TS (B 1 A5 A7 s, RIS I A A i 1A, BB REAEARIRS
He () W RS SO 7 5 TR BR8] 1 = B R S LR R, 2R e M s IR RFAE SO0 S 444 18
A AELE
4.3. IMNERFHTRIMIZ RS

T M WU 5 R S R ST 5 K T T AR AR B = i N 858 . BB IE SRR, S8R T R AE VC 4E
(Vapnik-Chervonenkis Dimension) 55 4t 115 > 4845 |, B A7 L0248 U 28 [0 2% T KBV Ak 12 22 IR [22].
X R A THD0S B /N B RE I GRER I, VR B ISR A T 28 VR B2 I 2% B AN 25 ) B N2 0 ALy
WA MR TSR T E RTINS AT IS, B R 8 J8% 5 DL 0 R 0 B A O T FE A
o
Table 1. Comparison of core architectures of hybrid quantum deep learning in remote sensing and image processing
#* 1. REEFREFIMERREGABEIUS A% OREITEE
B REM A

S

PRI G YRy P S b 1 . L35 R R
O(log(N)) /i RPN JE IR S I S HUE AR L 5
BN o, R (ez() s S st it L
S O(poly(N)) § 54 IR 7 51 R S
o) Az RSB AR T IR
HQResNet - i P EEE S PQC HIBREEW 2R R EL
s ResNetls SR o(1) TE L MmO Rk
VeI 4 5 R P 5
R R s 74 1
QVM o ETHE MEWTRTE . ROLHEC BRI IU R,
[11] west g - W RIS HE
R R BB A
Bk EAEL I GAN B A
QAN ag  EASH Ol migssw o LOZICHR SERGT
[19] WabE e gy o T
s A R 1 .7 5 M 1
I

T B TR SR B EE AT T BUA I, B R AR SRR ST 55 rh I R DL AR T HL g 3R
W SRR PR R IERCBE (AR 1) RIS S SRS BARAE LR LRELL O (log V) AU T HLAF B S FE 2 2
(8 R4, E LA 4 LR BRI BE B T 1A 3 O (poly (') ) o I Pl 2 2k I 7E 24 Rl NISQ 1 [ I A 1k
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TERZ ISR, EE A B IR EOR BRI IRAE R . M, OIS LLERIRE N O (1) » KA}
FRABGRIRAEEE S, HIEL O(N) FIELRHEFER S 7 AR SAR BRI 5 m4E sk B4R LI E
N B, PSR ETEAN, AREOURR TR, TRIER T RIELAR . JUREFEIEL
S 58 VR AR S (R 1E NE 2 1R 3EAT B R 3T e

5. MERRSHE Ak

i A SCHR IR SRS B AT R, RVER A B IR IR I B I SR B BRVE ), (HESCHL
FRAE RER YU TR, TG iR — R IR 2 SR PR A

5 BT G T T i AN T R R R IR o S AR B A W ) A RV SO 5 v A T A5 R
UNRTSCPTIE, BUAT (0 = g 6 SRS A AAE “ARBIRIAE” 5 “ AL IR " 2 MU P o Dl NSk b
FAE LA E T R, ZROREHAG AT A3 K B R AT WO R SRR B BRI, X —
PUAL PR FEAS AT Sty 32 T RO R (WA 205 B) S0V BARR (. frFOIk, BRI T
PR AEAR R AT 55 7P K S B FR[23]

HIR,  “ 309 )5 (Barren Plateaus) ” IR 55 B P R i IBC A DAL PR o W FCR I, EAR 0 B 15k
B T EURR B ANUR SIS IR A5 S B A B IR FE RGN, AR R ORE BE (077 22 2 S DL 4
POEIBEAE R, RIEEABR L LN “ SR R RUN[24]0 BRAh, FLSE NISQ R I A7 £ 1)
A IRME RS . GRAHT MRS UK TR B IR, Kt DO RUR R B RE R SO, T e A
BNEIBE I R [25]0 X BIRAELEAL B 2% FE RO B I 2 7 RAE S5 I, RAFFERIMNOTH IR TR M &5
PO S A ToIE IS

R SEARRAE A P R R S LR SR . DT RIR G 28, THEZEZ R BT K
W28 SR IBCRRE EARFALE -5 T 406 i PR i B [ A i B 7 R AR i G v AR O . SR, 3 Jkaz st
HOETEL S. RMREARSERRENXE, B7HE 7580 AL HEARMERE RN R=8)
AT 5 BRG] o X — [ B [ OB S A4 T RE 51 A SRR AL TR 1 R R R, MERLTE
RETBS A 553 R B ) 5 E

6. MBERE

BT IR A £ PR 2R 5 S R AU ) I PR s IR 2 S R I BROUL DN R A Ak e
T it Ae. 2T, ASCHR AN B BT ST LR A -

6.1. IR : HEMIMIKERNEMNZSEFES

7E NISQ W&SZIRMY T, B BIGINE FLBIRE S FERR. TP E AN RET RIS
JB& A (RS SR A UL L 1 & 7 P00 ¥ (Ansatz). B0, 51N A Ja 350 2 845 14 IR 5K 5 /X 45 (Tree Tensor Net-
works, TTN)EE 22 K& 21 4 # B2 L (MERA) [26]0 X AR R BE % LU K 2% 2 1 v 58 Al P10 JR PR 4 v 3
VIR 2 REEZS A bhah, DATII SR AR 2 A s i RN SR, A TEREE FUHESS HANIRZE
PQC #HATEFITFE2E21[27], 472 TR = o0 H 20 EAG AL BRI v 47 77 % o
6.2. PHAZEH: MEERTHNETFRUERSREER

BEAEREE Y, TR A Bl T A R (QNAS) H Sk 5E BUM 28 it (28] BF i & & T
FFREE X 1B BEIE R ER QNAS RS0, FFH Ao FHE R . LIRS T Z (R “ TR =
JR 7 VR G2 R RIS RS SRR ) 1) iR 22 SR MR AR (R R ZE X0, PEC) K w4 i 22 = 1l 4% 7
DR FHEAIAE USRS QPU _EIHERE B b o
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