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Abstract

In the field of digital image processing, image denoising has always been a basic and key subject,
especially with the development and application of remote sensing technology, the demand for
high-quality images is increasing day by day. There are a variety of methods for image denoising,
but there is a lack of systematic classification and analysis of these methods. Therefore, this paper
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discusses the progress of modern image denoising technology in detail. We divide image denoising
methods into three categories: Total variational, sparse theory and deep learning. And systemati-
cally expounded the advantages and disadvantages of them, by listing the main references, and
according to the references to provide us with ideas, and these references carefully in-depth study.
Summarize the advantages of these references for our inspiration and provide a theoretical basis
for building optimization models. Finally, we will provide some specific reference optimization
models under the various methods in this paper, and analyze the attributes of some hyperspectral
image data and fringe noise in detail, so as to provide some new inspiration for other scholars to
build optimization models. The research results in these references and the optimization model
we provide to the readers are of great significance to promote the development of remote sensing
image processing technology.
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P BRI SR AR BB, A TR G B 307 57 A Tikhonov KRB ZRGIRBREE, iz A Bk 2 it
FHIR:

n?yiln o ||| Dr|||Z +a, {||(1— g)e
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(14)
min 21y B, A= Sl +(JAlL, +7181,,) + <l
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Figure 1. Statistical results of gradient values for clean hyperspectral images were obtained from (a) the Pan-

sharpening dataset of 10 (b) the Salinas dataset
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Figure 2. Low rank attribute analysis of fringe noise
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F AR A R EE S R IE T 3) W T AL ZE AL, BT A SR G E M RE SRR, A5
LR R B AR

11y HLAE 2K(8)-(17) 7 AT LA IR b BB A 75 (10 L AN R A — B e S o, i (8
ANEE = AT IR R, I E s B R IKE . BRI b, T B 5 i S ) e i
RGBT 2 DS, A ReS R BRI IR, TAESCER[20]H, ATRARBESR B 7 PR i A5 4L i 1R
WAL AR R BRAT A5 95, I HIE I ARRR MR R AR SC I ,  [R]IS AH B R0 i L DU At — 20 4 i iR Bk
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1) min 2 ||G.u||+ﬁ||Ku —f|f + AFGSR, (u)

2) min FGSR,(X)+7|X|,, +4[S|,

X,SeR™"
3) muin5||u—f||§+/11||Dxu||1+2?||Dy(u—f)||l+/13||Dzu||l+A4FGSRp(u)
1
4) rNr:!QE"F—X—NS"i+/71||VVX||1+AZRO(NS)+A,3RQ(NS)+/1 FGSR, (X)
Hr PGSR (1) Fom B FREMBRLIE M . FGSR , (X) =[X[;, =¥o, + 8o, +-+ 8o, - FGSR, (") LA

Schatten p JEEUNEEGL . pTuEXiJ— Eﬁﬁ« KT FGSR () (SR A FRAEAH ) SCHR b vT LASRE)
RN T FGSR ()Eﬁﬁﬁnﬁf%?tbff%aiﬁﬁth L 3T S U6 S RE A5 2 SRORH L AR B e

2. BETHRIBILTTIE

ST ES R E M EG, FEMRARTRRD . K EGRHTR RS B8R o Rk o @ Al
P R BOE MR TR 3 7 19 K 32 BT 45 il 2 2 L () A AN 5 IR R 0 1
2017 4F, Wang & A$gH T —FpE T 618 52 /s L. 1) huber-markov BENLIZ I = 6 1 B GO L i -
P ERITE[27]. BB AR R

m|nCD :—||y Da|| +Aa|,+ 1"z (Va) (18)
2018 4, Zhang 55 NS48 1 AP EEE PO A 584 ) 1m0 G FG K B 5 L — Fh e 0% Bt = B Ana

FAR 7 B 2 P, T 00 1) P 4 e i 8 0 1 G S UL 2 R 1 52 Bk
[28]. BB i

min1||(| ®E)z-J| +24(2) (19)

2021 4F, Peng &5 NF&H T — Tl i 35 Tl R v 10 S5 560 6 20 o3 4 R b BE AR i I =) BB AIC Rk 7

FRARL[29], SE i A A I 2 R DG s B A 2 R 2O AR B s o R sl R . B AL a0
THR:

. A A
min Ziazlai “Vi (X - y)”uz +E"Z — A P”zp + z::lzis:lﬁi Vel
(20)

+ Z;Wi Vi, +§Z::1"R«X = Hy % Vi % Vo X5 Vg ||I2=

2021 4, T MEEAE B Lo BMRAL R — AR AN NP P M 8, PRSI 5N AR st R IE 1 2
ok SR, (AASAESE & 2 BUM GRS RAMER, 1T BURK IE NS 802 3 B R TRE -
B, N T RPOX SR, Wan SEABRE T — MO #I0 2 B R IRE L L RAEZE[30],  DASEEL MG
(RORE IR AR N pirs

minimize, s F(x)= min{ f,(L). f,(S). f,(L.S)}
Low-rank HSI: f, (L) =|L],

(21)
Sparse noise: f, ( —||S||0

Data fidelity SSTV: f,(L,S) =[O0~ L -S| +a||L|r,,
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2022 4F, Zhang % NFRH T —FhIRAMERS 2 B8 S0, [RIINT R I 220 0 Pl R 207 16 U0 52 7
Hr g 7 A 07 e R [31], MR R BT S Bl R i G A& T, IR 4 27 10 0 30 ] DLARAIE B e it 45
HAE R 5B 25 AR AU o X6 B i 2R 25000 oo P 4% e Mg 7 3 B2 40 SR AT 20, AT DL PR AR T s . BAR
IR AN R iR

argmin|[Y' UV =S¢ + 2V], + 4Tr(VLVT)+ 30 IS, 22)

2023 46, iU BI SR/ S 7T A F 2 T2 M4, 36 FLATREZ B R W (LI T4. s it
5 HE IR 95 5 37 . Seghouane %5 AJREth T — gt 10 225946 (2 CE RN IR. 2T B S 1 30
[32]. $Rth SRR IE BRI F BT

min (L (v~ 2500 )+ A2 Ly il )l =5 Vi< m K, (23)

2023 1F, Yue % AL T &5 A R ER BT ARk 3 U507 7, B B B2 02 21 [33]
5, TR, R I ST P RS SR, AR, BT 7
BRI NS5 02730, e T SUE T PR RE K TR P VS 0 LR AR5, PRI FR BRI AL 7 0
RS T MR B M. R, ERMETE, PR IR W R TR, e T
ffo AGBEDR ST 90 ST B0 B %

min ¥ = DX =S| +[X], + Bs], + 7|3

’ (24)
st. D=1J.

2024 4F, Wi 2 5 vh S R (e B K M B T R e ST e R, IF AL HB R RS
B A T, R T AR OX R B, Tian S AR H T —Rh T 0 7 1R IE R S5 DA AL
B W STV RE[34]. %7 VE AL RS E B o8 T SR T AU, 11 FLAEZE R0 AN 302 2 1A B

2024 4F, 7E Tk A5 el 42 (MR 4 22 31 5 A AR, I 28 Tl R W ok 7 ki Fu 2%
NS T —Fh B 10 7 1R PR N S Bk 25 5] B o PR M 15 [35] o 1% 7 1 B 2 = 4 FR ST 437 7 L
ITHIRFR, SEGINET L SRk Lo TEHR B E L A 5 0 ST I M E, 98D T I B 1
HE R, BT iR

WMM—DNﬁ+MM—PXﬁ+ﬂZ]P&—PMWMQ+MPM1 -
i,j=1
st |d ;<L PP =1,

2024 5, Xu FHEANGRM T AR TER T NTNE. SINERE T LA, AR
B R A R TR/ R A A i o 122 M R R 7 o 3 PR EAT G 5 8 A2 K [36] - IS B A
KFRMER, [N R BP0 . TR Pk

EEOW A

1
argmin_fy—» W, *X,
mmmZH 2 (26)

st |jw,|, =1 wn.

Zx LRIk, MSCHER[32] [33] [34] [35] [3615KE, MUk O iz N H T AR AL B AE 5 Ak
TS5 . BHT25 ) 0 FE L RE U5, RE 0% 5 LT R0 A [R] ) UG B RS i S A A TR E SCRR[27] [28]
[29] [30] [31]WJ %o £ 7 IR A ok B — A A& i 3, RS2 B IE B RE ) 22, AR RIE IR R BIRIES,
Fah, A b E AT E SRR R ORI, BTG, HEESMREEAR AR
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FUf EERIPE. SCRR[37] [38] [39] [40], B A o ST PR T 30 e e
HRAE 20(18)-(26)24 I B IR, T A FRATZE S A03k — /N5 LT A A0 BT LA 45 o FRATIZA HE JLAS G
TRBEELS HH L B I T
D {X.Dia}=argminy|X Y[ + ¥ [RX = Day [ + X nla |, + 4FGSR . (X)

2) mZin%”(l ®E)z-y| +1¢(2)+ 4FGSR, (2)

3) argmin|Y' - UV -S|} + 2|V, + uTr(VLV" )+ BFGSR , (S)
(VAR

3. BT RESEIFE

TREE 2 SRR AT DL 3% ] R g S 5 T B 2 MR 8 0 R, ATREF N THRESE .
TRBE 5 SRR AT DU KU BAE AT YIS, JF BAEHERE T BemT DA b 3 R . B A 2 i, AHLL
TR T AR IR AR B .

2020 4F, £ AOE T 544 (two-photon microscopy, 2PM) =4k B4 i 2 ] B, Lee 25 N T —
o T A A e 22 ] 2% (convolutional neural networks, cnn) ) 2552095 [41] . ATt B4 EY 24N U-net
YL, For S U-net EBRASE REERIM R, AR5 AR BR300 00 SR g = AR PERE ST BbAh, ZHAUH enn
KH T 564 1) 3D BARERAE  IX PSRRI A4 H RO R A 08 2 b iy B i 22 2F , TG 7% AT 4] Pl #R 5 A 3L
T — R TR 2 S 58K, 2N HES I U-net IZRALK, Lee &5 N KRR AT DAE VR A2 D7 k9 2%,
B X F s

P(¢)=P(d 6 )=P(414)P(¢14)P(b) (27)

2021 4F, Cao “E NI 7 — PR 25wl 4 R HEER 286, [R]85 8 R 3 A 4 R A B R s b e s A
MR [42]. BARKUL, $&H T RRAEIEPCRESEAHER SR X RER. F-NEEEERHERT R R
[E AR R OG FR, 38 AN KT ) 4 R Ok RIEAT @ . X PN Bk A st R s

Fo=Fn+ fGCM ( fDCM (Fin ))
Fou =Fn + fDCM ( fGSM (Fin ))

2022 4%, Huang %5 A$2H T —Mgn ) 5e58 51 5 1937 1T I X 2% (prior-guided dynamic tunable network,
PDTNet) H T H LB LMk [43]. 126, 4 BEUER 23 MR Ak il 8y fife Sy M 7 ik TR A B 3 Il A, A
FHEFLEFE4E S PDTNet MM BT SRS, SRFH P9 AN 00 U ) SC L UG 1 S s 5 e . Bofdctth, 7E4H
B T2 A0 N HE S 1) B A TR ZE B RN VT I 4 SR 25 (R RLEOE R 70, 2 9l DR 75 Sl SR R E R AR
GARFE R PRI A RRFE . ARG, FIF sh AR 2E g e H 3&E B Hh 25 5 551> (dynamic residual blocks, DRB)
BRI A MR AL N BIAAE « P4 HY i) PDTNet 5 (Dynamic encoded prior estimation, DEPE) [’ £% i 56 56 A= il & 3 2]
(Dynamic residual learning reconstruction, DRLR)MZ& H1, DAPAT FLSL (0 UG 208, FRATTFR 2 S T 16
MUY 77 % . DEPE %%l DRLR 2% 73 il 1 R it «

ODEPE = Gga (Gen (Ges ( y;WES );WEn );WGa)'
OAPFB = Gfu (Gsp ( fil);Gch ( fil)) O] de (rﬁ) C fi,

(28)

(29)

2023 4E, N T RIRE L 724> (deep convolutional dictionary learning, DCDicL) /72 I FH 7
Fil, Sun %5 N\¥it 7 —FhZ 41 DCDicL 77 MMDCDicL (multi-modal deep convolutional dictionary
learning, MMDCDicL) [44]. E MMDCDicL A== v, SR —Fh o M 515k i v 5 ) S AR S A 1
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FRET AR

T, FHHEA RS, SEEER, {5 DCDicL —#f, ) FH 35T 00 45 it e s B4 27 =1 07V B
IR E S R JET BT R, @37 MMDCDicL HITTREMIZK Lt . EiZsE bt 7T —4%
ROEETE R I, DUA S Aok B A FERES 115 5 . MMDCDicL BB~ firs
min{)D(l x}%zi“_éua ® X, —Yi||§+%||\/i ® U, — G| + Ay (X;)+ Apd (D) )+ AL (X, )+ 2 |Ui],  (30)
2024 4, A LR OHEAE SIS, Jin S5 NS T — R TR FE/NBCG U 20 I 25 15 5 25 14
JiE[45]0 22 B GmAS AR AR 0 JE R, A AR Z AR R B I A R R A R S D 2 A AR 38 . TEBAR
JZ E SR BURHE A 3 b, R B 0N AR R A5 5 e ey e AR A 2 LB ARG S, R N B
AT RS, B REA G R . Fit, F(discrete wavelet transform, DWT) 5| N B3 T4 i 2 5] [ AR Y £
P BT DWT 2R, X Fpib it 77 Z o] DL ER DWT JE B 1 BT A FRAE #R4 AR 7
X, =f ®x{,
X,=f, X1,

2024 4F, Torun S ABIN T~ E RIS FANL %, SR T ARSI RS B R
Bt Re— AR5, FR2 stk (VR e [46], B A0V I 3 A0 A0 MO0 e 38 S AR
A VR 24 T 2 7

2024 4, Qin 48 NIBIE1ES SIS BB RPN BT 2 2R, S22
BRI . RF B R IT 2 BB SRR BIE SIAA7), 2 T AT ARSI 5 5 %
VR EE RIS . K2 R I ST R S 0 KB s AR 0 TR
R T RS I . 2 2R ST AR A R
;HNW—QAMSL&H:D@MAMSQKZ

G R, SCRR[A11-(47], HEREAOIILBEFR DU, . i S (5 B AR ) S OBhaEs mT RIS
LSRR OF IR B RS RS 55, SCIR[48] [49] [50], ¥REES: 3] 7 WA F ST
Rl FFR TGS, BT ZRR AR MR@7)~(32) 1T BARRE, BATRIA IR
W IETE PRI SR A . AR LECKAME . (BRI A — RO IR I BRE R Bk
BRI R 7 (P RO T VI 25, TT RERT S8 5 5 T IO B MU R P27 ST R0 L A L)
Yt R B (M A, PRI TR U (M R T BN AR LR, R I TE PRI
75 5 BT AR J, (BT B4 e A ARG, AR L T AT (PR

4, g5ig

RN RGHERR T EE LWEEOR A FRBLR AN & MO ERI Lok £, &0 IR MR, 2L
RAFEAZ MR AR T 220K 5 BB, BT LUJG R — BAE RGN A — 2K
M BERIBTT R, 7SRRI ESARRIESESE, 75h, 2280 Rl 78 /i BR B Ak /i
AN SRR P SR PEARFAE . KON IRA IR BUE RS, KR EAIK R s R R, | e G780 70
AR (RIRAWETE, B A RZRE DT85 R —NE A IR, A TAE 22 73X — /N 34 1
re T BRI = AN R A0 70 B e v G5 RN SR S06 5 ) 23 B 0 (ELRRAE SCHR[20] i 22 B W ik
PLFGSR , (z) LB hr 07 S I S 47 UL & oG R B = AR . BT ATRAT DA L B 2 R i — 2850 T
FGSR, (z) ZHMRACKIAY, H A T F 438 43 TR A A 1y 5 R B Ak 2 — eI K P A0 2 0 28 Y IR
EREAE G, ERAEBSLA R, BATRE R ER T RE 32 2™ H5 YAUR RIS e 7S R . IXARIR

(31)

(32)
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IRZEE ISR, UL, 39— e U LR 51 AN (R R AT 8 ] — 5 2 0000 1 R A
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P AR R G A R T BRI 7 SR FAR IR 2 — MBI FO ) B, (E R IR 2 20 W] LA
RAF At DL 23 LB e RSR AT DORE 428 7 B8 Ain B0 SR 2 SIS & . Biltn: AT — 1 ad
(10 28 SR A PR (0 e B A5 AN A P S R A S 1, DO PR R PERFE AR o e R MR D 51 3 I Bl A R 2%
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