Advances in Applied Mathematics N #Z¥i# R, 2026, 15(8), 235-252
Published Online August 2026 in Hans. https://www.hanspub.org/journal /aam
https://doi.org/10.12677 /aam.2026.158349 Hans Xt

Bl e IS B R B TR

¥ @k
B TR e, DU s

Woks H I 20264FE7H18H ;s A HEM: 20264E8H11H; KA HM: 20264E8)H 21 H

wm =
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KRR, RERF LEREFZENEANGEE, SHERMEZR. $3 LRBR, ARET
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o HR, BEFEROEERED, AERHIEATELREMERREFMHT, SEHE
B SHH “BFMERN". AITHRIZIRICEEH TN B AR E G EIBERNIETRMYE, &
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LU Sz (LM REXTLL AR, MR T 2REEK. FTHENBENEE, UAKRMENERZHAT
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Abstract

Classical singular value decomposition (SVD) image denoising algorithms often rely
on a globally uniform truncation rank, making it difficult to balance the differences
between local smoothness and edge structures. Furthermore, directly applying trun-
cation compensation strategies designed for inverse problems (such as the tail-filling
in MTRSVD) to pure data-domain denoising mathematically injects pseudo-energy
into the noise subspace, thereby degrading denoising performance. To address these
limitations, this paper proposes an image denoising algorithm based on patch gradient
sorting and grouped adaptive randomized singular value decomposition (RSVD). First,
images are partitioned into patches, and the column vectors are rearranged in ascend-
ing order according to their total variation (TV) characteristics, artificially inducing
highly coherent low-rank manifolds in the local space. Second, through rigorous ma-
trix algebraic analysis, this paper reveals and proves the “mathematical cancellation
effect” of the rearrangement operation strictly under the condition of global linear
orthogonal projection. To break through this theoretical dilemma and proactively
adapt to the non-stationarity of local structures in natural images, this paper innova-
tively introduces a grouped adaptive truncation mechanism based on piecewise non-
linear projection. Combined with a randomized error criterion based on Hutchinson’s
trace estimation, the optimal truncation rank is dynamically calculated for image sub-
groups of varying complexities, and a pure RSVD low-rank approximation is executed.
Ablation experiments and generalization performance comparisons demonstrate that,
compared with globally fixed-rank algorithms, un-grouped adaptive algorithms, as well
as representative heavy-duty classical methods like Block-Matching 3D filtering (B-
M3D) and traditional Weighted Nuclear Norm Minimization (WNNM), the proposed
algorithm not only effectively circumvents the shortcomings of traditional methods
(e.g., failure under high noise and lack of local adaptability), but also achieves highly
competitive denoising fidelity (PSNR/SSIM) with a millisecond-level, extremely low
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overhead of only about 0.03 seconds (nearly 1000 times faster than traditional heavy
algorithms). This work successfully pioneers a new path that strikes a high degree
of balance among robust denoising, detail preservation, and extreme computation-
al throughput, providing an exceptionally efficient numerical algebraic solution for

large-scale image restoration.
Keywords

Image Denoising, Randomized SVD (RSVD), Gradient Reordering, Mathematical
Cancellation Effect, Non-Stationarity, Grouped Adaptive
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1. 5|18
1.1. B AR5 RRERELIYS S

FEH SN 5 R AL PR AT, R 20 — TR il H 2 R A UL BRI AR 5. 7E S PRIRIN
R, BMBAEAE & 2 PR KA SR B TE BP0, — W 32 0 v i 3 e P 7 4 1) PR T A A
NY = X + E, HhX Naigi)RZEEIGE S, E OBV AR, BT 3R KGES R L
BA = R EHE R E AU (Non-local Self-similarity) [1,2], H/rHusE R 5 20 H 52 R AR EL
MAMICRRARIE (3] TR0 BEATLIE P 35 &) 40 A TR B I R 1Rl vh (Rl 6T %5 7B 20 i (Singular
Value Decomposition, SVD) WAk FE B 3& 1T 77245 )72 N T £ B4R (4], R PEEckart-Young
JERE (5], BT S E 2 (TSVD) Re Wil i & 5706 BT Se A5 N & e, FE4 ERRZIR T
LI AL Frobenius JEHUET. AT, X HARE 2 #F R EIUR, LSSVD it B R RS
KO (min(mn?, m?n)), XK1 PR P IR, AR H PR T AR B Ak 2 1 S B
#.

1.2. MEFENERM

NRWSVD (I, I 4 SR AL A £ (E 2 1% 48 8 (Randomized Numerical Linear Alge-
bra) 24 EEAR AL T AT IER TR [6,7). BENLE FAE 2 R (RSVD) A H i 0 AR R 24T PR 4R 5
TER ORI T SRR I R B CRAUE T8RS [8]. TEULEEAE I, Bai 25 A (2021) [9] X KRR 26 14
BN E A8, $R T — s A R RIS VD S (MTRSVD). %L R K oI Bk e T,
31N T % T Hutchinson ZEH5 [10] BIBEHLRZAEN], SEBEL 78 BkE 0 BOE R s Lm B, Jo7e K
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MATLRIRS. REMTRSVD EHE 5T ERG 7 RZE M), BB ERNATEIG
AURE I M, R PR L] 5 2 (A A B A R R KR IR S, EERATRER TSR
BEEIEN. MTRSVD HikmAl2 sk g A BRI T A P B jil (o 5 2 500 ) T i
TR, HAZ O R, R R A A AT IS Moy, AR RS 7SR K 7
B T2 A A BUE R AR, ETESE T A R Al 25 e (I ) ) b, Ay R R A A 1) Al R
IR T A IRAT DR ZAMEN L], 8 BAE R T e s A (] N “OhRER”, XA
RTSVD W iiEin T4, SBEMRERZEE K. B2, 2RE—8mMmSB=EkLE. AR
BB AR 2 (R L i B AR AR R P X (R ) A s APk e e, 7 BNk R
JRIFRME 7S 5 T SCH 5 10 25 DA 5 B 3 I s a7 BRIk R I I B 5K B ]
B AT PAE N — D BAARRAT 2 RSVD BEZ IR T o — MWk, RSN 1 X Ak
W75 UG ATER B R AR R 5

1.3. A FZTTRK

EEXE BRI 5 A JRBR, ASCHRFE T MTRSVD HOANIE H T £ MR A AMEN L], 3
M2 (B AR A B A, R T — R BB HE P 5 0 4 H G RSVD . 1 B R 25 1 48
o ARSI E TR AT AN LT = A

o SINHEHF, ANABSAEREMERR: A SCHARBUE TR/ B &2 o BUERE, Jfit
HAB AR A2 (TV) B E. @I T B, R B A AU A BE 0 B AR AR R 2 1]
o TR IR AR IR T Y 1) B B A D BAT S B BTV R BR IR, RN T A SR
{ERER [ Tl R

o WIRFIERRT £/IFH “WFEIRIBMAL" : AT R AR B SR Y, AT Sk
PP A 2 R L], SRR S T Ao — A IR B R, fE2JRSVD 8 At
W E IR, % BRI RO RO RO, X R IO R E R
Bt it 1 E E A EIg TUE

o RHMEABENRSVD BEIEE: il ol iR ITE, A SCOUHIE K 3 HE S R A
R RERI T S 0G4 B0, RATEBai 8 A (2021)38 i REHLIR Z {4
HENIR S N 2% 741, E GRS S A B U B, R BT 2EE (URSVD il %
PURIERCE BRI BIE TARFRZALA], SEBL T 5/ XM S GRAK B R 5

2. T EIR

AR ) g R L MR B AR IR TR R, I [l BUSE AL 77 7 6L 20 8 (RS VD) F) Sk Atk A K5
28, dRJE SN T A R SR 8 N R BEA LA SN

2.1. KFIEEEIESRSVD HEZ2
TE SRR 0 0 R S M A 25 v, 52 v 207 1 e 7 05 8 (1 B ORI S R Y € Rmon A @iy .

Y=X+E (1)
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Horr, X 9o HAr MRRR RIS M7 R B, B ONBENLME PR R KM ER O e T F4RY B
BRI, M AE JE B o A0 75 1 (R I DR B SOSE I 50015 R IR Eckart-Young E#, 455 HAn
Fkk, #TA TR (TSVD) e 43 e LB AEILY, = UpSi Vil

N TG KU [ B AT Ay B e KT SROT A, RSVDA A BENL I BRI
e, HAZOREBOPTRINT: Bk, AR MRS TREALINREREQ € R B0, Sy Oy
B IE MR R RS 4. P Q RN EAE R R 7125 T8], T SEREAHERE Z

7 =YQ e Rm*(k+p) (2)

BEfE, XfZ #ATQR 4 #(Z = QR), FREUH —HHIT kY 352 B 1 IEAS R R Q € R (),
MABEHETQT, KmderrY g B RgE 1 =300

B =QTY e Rktp)xn (3)

B, X RSHR/NNERE B BATHEESVD (B = USVT), B AT B (] 5 4% (5145 2 fkk

FRIAE ABA R A2 R «

Yk = QﬁkszkT (4)
ZBEHAEZE AL G SVD ITF R RO (mn?) BREEEO(mnk), AR EIG > L w2 T
SR

2.2. TR B R B & N E TN

f£ FIARSVD HEZH, Bl Bkl HIIEBGEE JUEEAE . KMk & 5 BURR 2 8 Ak E
e, LN U S RER EARA G ATl T E SRR A R X iR, BT S T R
ZY — Vil MELASEIL. AT SR EER TR, Bai S\ (2021) [9] 4 A R (K BEALIZ
THELR [11), $RH T —FhE T Hutchinson #E 4k 5 (Trace Estimator) [10] Ji 2 f5 %R 22 Ad v AE .
BN BT RRE FIREIRERT T MR, = (I — QnQL)Y > BB R, FISRAETFe (i M an
T E B R EE (k)-

Fope = axgmin £(k) = argmin {|| Ve — Qu(QIYw) 3+ P(k)} (5)

NF(E) R BUE AR AR A R - [y fE i, IO b AL B T DR I 25 5T Y R B AR 2 e
TP (k) W AR R T ZE AR AR IE, H R i A

RN JEUAS F 0 5 4 R 300 i) P R ME— g 28 ARSI ER3 AT, X RHE LR
U B G MDA 2%, A QB VE AR S W P - R A SR a3 ) 25 B R T s ]

3. KX F%: MABIENRSVD L&A

XL G AR SVD R e WUt R AR A 8RB, LUK R OMTRSVD R B AMEE AL 7 25 AT 55

HHIRRL, AR T — R T B L EAR S 0 4 5 & MRSVD A BGEHESR. A K VR4 e i
ZERH B IS SR L.
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3.1. IFEHEGIRETV BEHF

H AR EIARAE 75 (A3 E 2 & i 3= 1 =36 B AH LM% (Non-local Self-similarity). A 1 850 K
PRI — IR, AR SR G N 2 T 4 e 22 03 HUAE R e

20 58 R AR —HEMLI B RY € RV, B 7 BRRST Db > be I 2 T 1 B2 B 1 3k 7 ]
B, JREGHN DRGNS A BRI BV KRN0 1) — 4B IA Ep;,  BHEIE PTG
RLIFE RSP

P = [plvp%"'va] € RbZXN (6)

BB, PR ) s i BB R R S A AL B AR, B 58 2 Ak Z S5 M ETTPE, SBURE R
Iﬁ'i}(mﬁiﬁﬁiﬂ«ﬁ(j‘ NTEERIMERAREERE, RCEEROF iR [12], /A4

73 (Total Variation, TV){E AR ERFER E & T R, X TP HHAL RS M &, #H A
lElb x b I HEEBIU Y 5, BTV Rk, & 308

b b-1

b—1 b
o= Wy, — L+ 30D e — 1) (7)
z=1 y=1 z=1 y=1
ETHEAINRER EY = (v, vo,..., o] BATTHREAS. EBCAE D, X —H P R/E 5
T4 D R B A e — AN TR A2 B # 4 B (Permutation Matrix) IT € RY*N, 32171 = . EHEM
WP £/ N

p:PH:[ﬁhﬁQ?"'aﬁN} (8)

LR R 0 B 7% (LPG-PCA) [13] S8F TR, 21z B #uglE, BAMLTEE
BTV H) 5 B HSCER(RTV ) AR 8] R goni B2, ANlES il 7RG RE
FRBUARTIE, AROINIE 1A A R R FUAREY R R

3.2. ZEIE N FIRBER T T

TESRAFSRE B M EHERED J5, EDW A B2 HE N FRSVD BT 4 R IRk L. SR,
A TR R FERE S AT AR . IR G RSO AL, BIFE A% 10 42 R ek IS P s 1
N A A HE PR L B 2 1308 [ A PR e A TR

Fitl (2R MIERIEE THEFMIEMA): & UGRIFC AL 14 JRRSVD LM H T
NPe(-)e ERRG— T AEMBRAELRT, ZH 750 TR TR 200k 2w 5 25k
B EE . BIPL (M) = U UE M.

MBExT EHEAE R P AT 4R IEAC 1Y, B MRS 1), 0 J7E 25 W68 I A5 e BB 0 A e 1 e
FEIT (RITIT) GRS A e e 2840 Y AR R AE R P 9 A2 B HE
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Prec = Pp(P)IT
= P (PINITT
= (U Ul PII* (9)
= U Ul pant)
= U Ul'P = Py(P)

W (9) B, IR RN AL M E AT SRR TR T e RtE S Ve R BT aRE
F—4IER KU, HE#RE 7 A IERWONT = I, B 70 7E 4R35 K18 8 57
M. XEWE, RGBSRk “AIE TR KA 58 R AR,
R RIS BRI BT R 1B .

3.3. WA : EohENIETFIRMERTEBERLF

NFTAE RIS, SORAR SRR B T R 4 SR R PR A2 THI e AR S50 2H SR 1 S R 2
EIHL, PTxT B 2R UL A AR A2 (Non-stationarity) [14, 15] FIEBERN. 14 HCHR [16]
Frik, BHAREURK R E R 28, I DXIREE RN 218 (W EELEFERAR), Tids
553 AR SR X A5 R 2 ) v ARUBE AR (N AEZE P At )o G SR 5mAT 1 FH 42 R B — IO PRk JEAT 4B AT
ARG b A B UG AR TR RRE B % e R T B S EE O B ML, AR ST R T
FEHEF G AR P IS4 ) 70 NG ANESE TA (ARG = 3, il R 4. g
5i44):

P = [Psmootha Ptewturey ]Sedge:| (10)

SR, ARSCHRIE AR S8 — BT BT R IO, JRSL I B2 b A BE AL IR 2= Al T E I (2
(5)), EXF T2 00 50 B & NS S A R B U AT R e, oo, g FRAERS B IOARZE T 25 18] A $h
TR IIRSVD Al (AR ARIETE).

LRI, o A 0 30 ) B A T R AR O —Fh o BOAF A
Pf'mal - |:7Dk1 (Psmooth)a Pk‘z (Pteacture)a Pk3 (Pedgeﬂ Hil (11)

XA (9) 5 (1) A LS M E 2, H T BERORAEES R, # ke # ks, & T2 EAHE
J&U,, AR ST B, TIEBRMINERRE R AN TUU . BE, ZEIEAZ AT g TR,
I Joik 5 A B A AR .

i BT, AR H B EN AL SEIL T E TTER: AARBUZE T B, BRI T HEFR R
RMRRRELRI T T HRIE N ) s A Z 0 b, e R3S 7 EEAARAEFRarE, el T “FiE
DXARE MR (B/Nk)” 5 UG IX BRI (BURE)” KR BEBh & T,

3.4. BIERIE

AR T TV BEHT 59 4 G NRSVD 1 EUG 25 M 0k 58 BmAR 575 1 AR,
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Bk 1 T TV HF S5 4 HIERN RSVD [ EIG 51k
N WIER Y, 8RS b, i RFESEL p, 4% G
Mt £REE X
1 ¥ Y pYIRR E N P
2. M P &51) TV RHE v
3: MR v THEHES, B HIERE T MEHER P = PO
4 % PISFIIN N G ATH: [Py, .., Py
5: forg=1,...,G do
6:  FAAR (5) *TH P, iHH BN &,
7
8
9

Xt By PUATLRER RSVD #ilbi, 133 Py, (Py)
: end for
- DHE R IR A Progg = [ )T
10: #4 Pping BEHM, Wi HE S XTI R4 LR X,

4. BIEEXWSERDH

SRR AR ST TR ) 2 A BBk FE HE T 5 20 41 HIE M RSVD (R X4 TV-Ada RSVD)HL 1)
AR S TREOUBYE, A8t T RN IRIPLEIIR . 28U E 731 LA 2 48 2 1R W Rlont Bl
S

4.1. LR E SN IETR

BITIMESHIESE: A CHTA FEUE 07 50 /E — BB % Intel Core i7 A2 516 GB W
TN N BN L2217, mfEMEES— K HMATLAB R2021a. fEEHEEAEEEUT 1, S256 %k H K
A5 A ER A3 A A TR A o K B DU S (W House. Cameraman. Peppers %5, FEE 70 #F R 3510 —1k
H256 x 256 15.2). NI S BRAL B AR SR UG I R AL FE, AN R4 S AEREX il NS
EA0. bR#EZE o BN S e A AR PR E (B R EE T o = 0.05).

SEERLRE: Oy 7 A B EIEA SCHTRTV-Ada RSVD SLARIATRE S e rE, sk
WA T 5E a4 1N A BLAE RS

o MERHREL: ©7%1) Fixed-k RSVD (&5 [E ERk, Axf BRI TEH4); 2) Global-
Ada RSVD (&5 HIERABTG 3 BpLE]), T35 FEI0UEA SO OoAL (19 06 B

o INEBARATELL: TIN T LG EUR LM AR BARIE M E B IR T %, B IBUZ T EUR
ME(WNNM) 5k [17] 5 =45 L (BM3D) ik [18], 55 Tkl A CR R4 5HLiL
BN 55 A G AR R AR VA I o 5 R b 2 4R R

SMETHEBRSE: AR PERIN B, AMMRA L L G E S Yoy R “ ikt
#(Block Artifacts)”, ARIHEEGIAN T HEWE3)E H(Overlapping Sliding Window) Hlil], FF1ER
L) EAGPY B, 0 A] AA AR L IR AR R PAT I 2454, DUSEILF . AL
SR e P IS R R 2 ) A% OB 2 B8 8 — AR i SR SR R LA R IEATIC &L . BRK/Nb = 6, 13D
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Hkstep =2, BEZHr =10, HENDHBK = 3. A TWNNM 5BM3D &%, HAHE

SRR IR SR 2 SHERE B B, DA DR LSR8 A 26568 Pk

TN IERR:  AERMRVERERE BV, ASSCRA T 0 AR A5 -

o IE{E{SMELL (Peak Signal-to-Noise Ratio, PSNR): L7 VI(dB)A #47, 7 & 20 )5 &
%X 5a8 R KX 2 A RFNLERRZE. PSNR BUEBE, 245 2004 R T,

e 7 B AR o

o LEHFE{UME (Structural Similarity, SSIM): HUEEHN(0,1], FEAME. XTHE 545
SUHE = A B 1 B PG R SRR A AR U, SSTML BB B33l 1, A 0 i I, g
i BR T H B 1130 AR 5 A R 2R

4.2. FFEMER AR IE

HTSVD HFEL4E LML, Hp O RE = BRI AR RE AR AR RE. #0522, JEFEM A
5t{H (Singular Values) B fHBIRE, S0 58 BN BT Bk E iSRG KA 28055, ik
e AR P A e AL R 1 S [ .

NMRBUERIRAEA SR TV B HE P LRI B 2, B 1 2] 7 INFERE P S HEdT )
¥y 7r S e R SR Bt 2. D9 PRAERT LU 2T, SE3e 7 ) SR 7 AR HEFP 1 R iR e EFERE P, B
LA ATV FRAETH R Ja BT =70 Z Vi T 3ERE Popootn»  HXF He AT RAEREAT 1 IH—4LAL

H,

Acceleration of Singular Value Decay

1007

10-1 L

—&— Original Unsorted Matrix P
—a— Sorted Smooth Sub-matrix P

smooth

Normalized Magnitude (Log Scale)

102
0

5 10 15 20 25
Singular Value Index

s

30

Figure 1. Comparison of matrix singular-value decay curves
before and after TV sorting (logarithmic scale)

B 1. TV HFFe Al E R A S (R ot 50t 2T B (R A Ak A )

ik 1 s, ARG T AEREP 1R o ih 2 Hoay R E s 1 22 Xt T AR KR
R R e AR R, SR AT PR AR 2 B R BRI SR AR SRS
BT EA S, A5 IR BRIt R AR, R 3 BOR R AN E R,

B M A S
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TE R B0 LE I A2, 2TV HFF IR 52 B 891 T35 B Ponoorn, (ZLEAHIER), HAT RAELES
— XS E ML T W MREL, IR R B PR R (T = N O R,
SCPrpe s ZE IR EANER). XEWHREHUER T AT ANREE TR, IR R
THE N 5T T 5RZ ) HE T (Column Coherence)o ZMLEITE B 1 55 A BT, AROKHURE ik
TJEEESVD PARFGEITIERE, A H IE RN 2 ] DAR /N Rk S tAs v PR 44 it T IR Sz ) 8k
S8R

4.3. MBS HERE ST

I ORA SARAE SEBR N ] B MR e 5 e DUk, AR ™ R i il AR ik, X 3 & Lk
BE S TR ACR MU AMZ DS (RN, T35 Kstep, MAREG. 52 R4 ) HEATIR I BUK
o

4.3.1. KN (b) SIETNLS K (Step) HIBT 11

N

PRRED PGB T R B SRR M AR, s Kstep WIZHIHE BUR EA I #EE
TR K25 300 rR T IX IS Hons £ e 5 (PSNR /SSIM) 532 4T I 8] I 25 & 2

ising Quality vs. Patch Size Runtime vs. Patch Size
T T T T

nstructed PSNR (dB)
nstructed SSIM

Computational Time (seconds)

—@— PSNR (dB)
——ssiM
33.1 L
4x4

L
6x6 8x8

L 0.845 0 .
12x12 16x16 4x4 6x6 8x8 12x12 1616
Patch Size (b x b) Patch Size (b x b)

Figure 2. Effect of block size b on denoising performance and computational time

2. POR/hoxs 2k e S THERE I 52

w2 froR, b =4 B, BRI, BGRIRAZ 2B HITRER, SEEWHEL
PE(SSIM) b T4 240 > 12 B, R 7k 2 055 50 X, SFHORS I B aks 7Rkt
52, PSNR 2IEE TR, Kk, ASCHiD = 8 Nt = A .

UeAh, WEE KR SLIe (1K 3)IEH, step = 1 (& HEB)BALKEEG LN m R, (HEeERE
EFRBPIGK I S AR FER R35). AL Z T, ARSCEI I step = 2 7EMIEAE0.35 dB HIRTHE
N, WE T4 IR R IXAE RS FIA R TR RS AR I i Trade-off (BUET).
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3I§gc<>nstruction Quality (PSNR & SSIM) omputational Efficiency (Time)

1.2

0.885
33.6
. 0.8¢ %’\
g 33.4 - 5
0.875 =
o ) @
5 5 &
a 332f 087 3 2
3 R
B 65 = c
2 33f oo @ k)
B 9 ©
c Q =
§ e 08 2 é
@ o 5]
0.85 o
326
—@—PSNR (dB) .85
~——SSIM
324 0.845
1 2 3 4
Sliding Step Size Sliding Step Size

Figure 3. Effect of sliding step size step on denoising performance and computational
time

3. BB Kstep X HMRIERE S THRAERT 1520

4.3.2. FEYE(K) BYIBIEXXNTFEZUREL DT

SPHBEK JUE 7T “HUARIEITR” KR, AR TIZ S B AR BUR G T 8 &
YeSRErE, BRAVER R ER EXTK € [1,6] #:47 7 X EEINA, v gedh 2k an &l 4 fos.

Effect of Group Number on Restoration Quality

34 0.89
210.88
335

& +o0.87
5 =
| %)
Z ) 0.86 9
el
o 2
3 0.85 8
3] =)
= [ %]
= - c
B 325 H0.84 §
3 4

[0}
4 083
32+
—@—PSNR (dB) +0.82
—8—SSIM
315 : : . - 0.81
1 2 3 4 5 6

Number of Groups (K)

Figure 4. Comprehensive effect of the number of groups K on denoising
quality and overfitting analysis
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— OIS B TERET B X B ROFIEEAR, B RE G T AR B AR BB E R
LR T QUL 1057 = RWEAE XX, 15 Ha NS EL “ IM A

B BU(K > 3 MG k). EHAREERKRE, HEHBREHANIIN(WNEK >4 &
BK =6), FIERIW TRz AR EE. — T, S H S B TN A R
BORABR, HELIR T HET REUE A M Hutchinson FEHLZE L HAE LIS TR 2, 58025/
LANE (SSIM) {5 R 3 L 28 I LS B 59— D5t sl 4 Rdm o, ol B I 2 1a) B R h 1k
JE#B B AR MER S B IE SRR, & FEPSNR HBLE.

SR EYHIE UM R T IR TUR ORI, DLt Rz (R e, A
ARG EHIRTIR T, BISLK = 3 JyaR e & nl ke 1k 5 ARE M e R 40 B L e

4.3.3. RERH (1) WEMwmMETENIE

BEFRLr FEHE B EREN AERERNA S RE. K5 R T e [0.8,1.4] X8 A RTERE
Bezh.

Sensitivity Analysis of Tolerance Coefficient 7
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Figure 5. Inverted U-shaped sensitivity analysis of the tolerance
coefficient 7

5. W% ZHr WEU REURE T

Sei i 2 2P AL SEH “EU B 3 A, HPSNR 5SSIM i m R Z2 AN EE S
Tr =104 Hr < 1.0 B, SR BE T B0 AR (BT S > 1.0 1, mEBE
RSB TI IR L )oK — I BEARAR 55 e i 1 e 7 B 2 e R O N B I T i i 1 B AR 58 42
WG, SEAT JHIESKE 1% E S S A SO SR BT e i BE B e

4.4. RE&GHS £ EZILEESITIE

FERSL T BB SR (b = 6,step = 2, K = 3,7 = 1.0) ZJa, AT T ™k 1 508
ARSI 5 R A LRI T, AEHIIEA SR BT “TV HPiE SRR 5 “or4HEE
L7 P RAZ ML A B, FR RVl FLAE 25 M AT IR ARG M, SICERE L T BLTR DU 5 g A
NBaseline3E 4TI 5 %6t E »
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e Fixed-k RSVD (WPREIER): JHEIL—. £4Mk, A5 EGEATEH 4, B
AR e ARk, I TI0E B & R 1 06 B

e Global-Ada RSVD (£BBI&ERM): THAEEL . (LI NFENLRZEAENL, EAHATTV FHE
FHGREEFF, FATRAETV HEF 5 5 A B A T Bk 1.

e BM3D (ZHERILED): b St Lt RMEbAT, F TR A A AL

e Traditional WNNM (fRZIBARTER): GRBIE AL AR, XA SChE
WU B SN 15 % G B RIS AL A SRR R 1 22

NAT AR EIERZ A EFE T, SEIG7EHouse 5 Cameraman P I8 57 51 MG 4T T IEAZ A X
WA MRFAEEIR TR TR (o = 0.02), FE#EM S (o = 0.05) LU HFEME S (0 = 0.10) B PR e
WMo 25 TR P 2otk B S HLHIAR BE X L VE IR 1. R 2.

1. #ZOHLEERIEIE (RARXTEL) -

MEEHR 15% 2 w5, &3 J5(TV-Ada RSVD) &t A ik 47 5t T ¥ LL 45 % A0 #4548
T Fixed-k RSVD 5 Global-Ada RSVD. #l#, fEHouse BIERIZIEAE (0 = 0.02) T, ARXTjik
[JPSNR 14 %38.33 dB, #Global-Ada RSVD $£F 11.55 dB. IEMIHLHEIE R 7347 B /s, Fixed-k
RSVD 564 “BhZBGEHIEMN " 8/, TMiGlobal-Ada RSVD 7EACFE IR & % BRI M2 5 “ N4
SR, FEETES . ASCEINITV {7 50 H &ML, SDh “ITHE T 2 BRIKIEY
Bz”, MRSVD et A5 HEAi R IF R B R i e AR ARk S5 44, A 1B 13X P RAZ DAL R 22 1
B,

2. ARATECRHFMEXTEE (SMERSTEL ) -

£ 5BM3D FlTraditional WNNM P Fh & 8 R H LR X b, AR SCHERBIE TA
B IHLA I E S, BT EALIE bR KA, BM3D FIWNNM E4E K s it 8 28 54 Ri%kA
HEFHE, /EPSNR MISSIM _EHUS T i MEUE R SR, &5-A WL o8 vl LLUR BIAE 48 07 V1)
fi] A B il

o BM3D 7= BEAHS B P9 8 I R B R AU, A B JEE TR P A R (e 2 2R %), SRR
ARSI LR35 5y 7 A s

e Traditional WNNM HfeH LR, EXRMER/RS— WINBUZIEECRE, fF4E “h=
JRIFREE R EE N B, HLIE P A L = & T ST

MHZ T, AIREFTV-Ada RSVD & — M3k T Bl AL A B 4E 1) B8 2840, AR ZE AR BR PEAR
Fabn bR BE R BR bl R AR % BT SR A GoAs AT, (AT MBI TV FRAEE A, T TR
HERSVD Sk R A 0 B & MG /1. fECameraman FE#HEME S (0 = 0.05) F, AT EEE
130.81 dB/0.8818 Hl 7 %, KRMEHIT 7 5@ 4 RRSVD 2R, A& | ER A gk
(1) Ab B 7K~

IE\ z;:‘:i :

AR S 2R A X EME R, ASCOHE I TRz S et SEREN,
TV-Ada RSVD 13 RUMIE T 4/ BRAE (10 K7 22 5 1% SR AR U A 0 R & B ROk, $R4E 17— Fb
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Table 1. Comparison of smoothness and generalization of different denoising strategies across multiple scenarios
(test image: House, PSNR/SSIM)

#z 1. ARZBERISTEZ 5 NS Z AT L (MR B : House, PSNR/SSIM)

IR (Strategy) House R e
o = 0.02 o =0.05 o =0.10
i 5 (Noisy) 33.96/0.8272 26.00/0.4996 19.98/0.2653 AT S
Fixed-k RSVD (#RFR[E 5E #k) 34.89/0.9120 31.70/0.8065 28.41/0.6902 B Z R B &R
Global-Ada RSVD (4R Bi&EM) 36.78/0.9230 31.52/0.8164  28.28/0.7271 [EPNE L 23]
BM3D (=4EHITHL) 39.51/0.9527  35.39/0.8951 32.30/0.8334 &I E AL, RS KA

Traditional WNNM (6 mAUZTE%)  39.43/0.9564  34.92/0.9030  31.59/0.8409 Bz R EE A O B
TV-Ada RSVD (XX755%) 38.33/0.9479 33.44/0.8733 29.90/0.7854 ITHURE, BE&MR

Table 2. Comparison of smoothness and generalization of different denoising strategies across multiple scenarios
(test image: Cameraman, PSNR/SSIM)

F 2. AN[EEMIEIEIEZ F50 T RERS 2 A0t (A EE . Cameraman, PSNR/SSIM)

FIEEE (Strategy) House HLBIER 5347
o =0.02 o =0.05 o =0.10
i B8 (Noisy) 33.96/0.8392 26.00/0.5449 19.98/0.3255 PN 1E28
Fixed-k RSVD (H%FR il & fk) 28.32/0.8730 27.29/0.7688 25.22/0.6024 B Z 2 e H & B
Global-Ada RSVD (4= Hi& ) 34.11/0.8856  28.54/0.7344  25.17/0.6091 RNz SR B Z
BM3D (=4EHITHL) 38.04/0.9596 32.51/0.9015 29.01/0.8183 kit AL, w5 KA

Traditional WNNM (f6G5inBU%iE%k)  37.91/0.9595 32.26/0.9101 28.62/0.8436 B2 R S 1 &
TV-Ada RSVD (XX75%) 36.58/0.9491 30.81/0.8818 27.11/0.7710 TRRHRIE, FEp&L

BT 255 B I AR A VT AL, BRI IS AT AR S A 2 % B R A L SE M E R O — A% 0 4
fEo N TR ARSI T BN AL B4R SRR AR AL AR B, SeBdt— Al 7 & £ R SRR 7E AL FE House
5 Cameraman EGIS ) SEhrig T B (AL #D), RN 3 5K 4.

3. (T ST B E A ST (R T 4)

a3 5 A RN EEE, IRATAT LUTE M A BIA SOTEAE TR ACR LR BRI, X
ARRE 1 AR AR PR I 5 A S5 9 28 it i R B A A R R A

o EREEMNE HIF: REBM3D 5Traditional WNNM £ B SCHI &M IEAN T bR R HUAL =,
HIFEARM I & & 7EACEE TR BURET, 38 FFERT Il =820 2238 #b. 1R YL
SHTFTR, BM3D [ “ =4EERJTHS” R 5WNNM [ “SREsmbuziasie” =Lt T HE
KEEEIERS, X ™ B AR AR A R BR ] 1 e AT I S A 2 B R R T A% 1 R

o AN FEMEMRIMMN: MHILZ T, AXIRHMTV-Ada RSVD J7iATE AT B A T K
BATHRIF2 2 £0.03 £0.07 #208], SE 7 HIER “EFRSCAIMEA", XERE, KL
TR EATHE _FEEBM3D FIELWNNM R T381000 fZ.

o MARBIPMIINFFEH: (HMFRIERE, 5450 & F 1 Global-Ada RSVD (FE £0.01 - 0.03
FIVAHEL, ARSCONEESINT RN “TV Hi7iES” 5 “oREMEEN" PUllE, Y
D) R w7 O ) QAN N A e IS i = I AT A N e W S 1 RS A S BV L e
e TSR
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HAMEZAKEER: ZKER 1 BR 4 MEmENLER, AR HNTV-Ada RSVD 5ik
AMUERGENR 7 AR FELE R A 2, AR ALK IR RN, mRg )7 5“2
PR SR (FEN AR T 22) 7 2 (8], JPRFH T — 2R AUBT iR AR, & AT P F BN 45 R A 4k
TR, Bk 7RSSR I EM R, 5E5RiaRt 7 EREIAE “RtERe” 5 EEECR” ZEK
EISRE

Table 3. Comparison of runtime of different denoising strategies at different noise levels (test image: House,
unit: s)

T 3. ANIE) F SRS AE AN R P KT T RIS AT IR A0S EE (AR . House, Hfz: #5)

LMW (Strategy) ME: House (E{THIE/s) B 180 8 2 FE A
o =0.02 o =0.05 o =0.10
Fixed-k RSVD (#RFR &l & #k) 1.30 1.50 1.32 HASVD, HA L%
Global-Ada RSVD (4J5 Hi& M) 0.02 0.02 0.01 LR AR, FER ARG
BM3D (=4EHILHC) 29.68 26.71 26.92 ZZEILRE, JHER
Traditional WNNM (f£4inti%iu %) 24.35 21.94 23.70 AREIEAR, AL
TV-Ada RSVD (K3XFH5%) 0.04 0.03 0.03 IRARPIINFF 66, ZERVR SRR

Table 4. Comparison of runtime of different denoising strategies at different noise levels (test image: House,
unit: s)

4. ANF RIS AEAFRIE AT R BRI AT [ B (& . Cameraman, #f7: £5)

KIEHBE (Strategy) MR [El%: Cameraman (Ef7FIE/s) A B 2 A
o =0.02 o =0.05 o =0.10
Fixed-k RSVD (#%FR &l & fk) 1.33 1.29 1.34 FERISVD, HMA %
Global-Ada RSVD (4Ja HiE M) 0.03 0.02 0.01 SRR TRT, R ARG
BM3D (=4EHILi) 27.31 27.96 38.55 =TS, JHHER
Traditional WNNM (f£40int% %) 24.09 23.46 31.68 AREIEAR, T EFE
TV-Ada RSVD (XXF5%) 0.04 0.03 0.07 RARFIIN T8, ERRTATIEGRL

4.5. GRAXBRMERES T ATIIIE

N T EAHIRZ 6 E AN [R AT SR ot R R eSO S R BRI 5, 1 6 J€oR T Cameraman B
B (0 = 0.05) ALEMRALGERS e AGLRT L BIRR HORS M EIIE 1 RSO T2 R IEAS 8% “ Btk 147
R A

Baseline 2 (Global)
PSNR: 28.54 | SSIM: 0.7344

Proposed (TV-Ada)
PSNR: 30.81 | SSIM: 0.8818
B,

Noisy Baseline 1 (Fixed)
PSNR: 26.00 | SSIM: 0.5449

PSNR: 27.29 | SSIM: 0.7688

Figure 6. Visual comparison of denoising results and local detail visualization for the Cameraman image

6. Cameraman FEME RGNS L5 /R0~ BR

M 6 AIRILAS ANIEH BLR: Eoe, KM —TIUJEW N Fixed-k 5ilg, T IoikiE R & &
TR, SRR KA T ECER) CRRACIR T g, IR, Global-Ada 42 H I R S
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R P HEERZ Y VLY T RATIERRE B E AE IR T BN 4 R R, XA
1 AR AT ) B AR T BRI 3 5 = AR M B )i 2k, S BURMR I 1 B ™ 3 AR
Wi (Ringing Artifacts).

TR L2, AR SCER I TV-Ada RSVD FAAEA 5 M EE ESEIL 7 o ml il & T 19
a8 THEFP 2 HALEI “ IR P OR ) BRI RE 7 BC 1 D IRk DA SR BIAR BUF AL, Tl 2
(= REE) WA 3 BC T BRI RR CASE IS AR B X SESEEMIIE T TR “HUFHRME RS R BUR AR
LI e 1 =

5. &5t

FERML S8 4 R 73 A 0 i (SVD)ZE RIHG ZMe rh i i) “ LM 5 0R40 7 ZWh R, DA X i
FARUBLUT (1) R B T AN AL AR Al Bt b 5 5 R O BE BV E NI [ AT R, SO 1 Rk
BB AR 5 0 4L B G N BE LAY 7 E 70 i (RSVD) 1 4 3T R R 2

5.1. ARELE
AR B O ERE DTk T H G 9 BL R = AN 5 1
1. IEDSRAE: EEEAREIE S, TSRS IRIE T A R 1E A IR B e B HE AR AR R« B
SEHOH L, MARZR LR 1A 4 )7 1A O B Ja S 40 KRR s 1) 2 R LB

2. FIEOIHR: NITH ERIREE L, ARSI LK —4E AR (TV) RHERTE R 5 5 FE 2tk 73 40
BUTARSS &, A T B R AR R 2 1A

3. T2 : 5 AE: T Hutchinson FEHLZEAE A TC M IR ZHEN, SEIL T 41X & B 4L H
TGN AR S, BAOR T R 4EE I RS T

PESE ROV RS 96 5 S BUBURIE 7 T R WY, 155 T BENUAL S 7 B TH BN, AR SOOI AE He il
IS HACR RIS, BRI SVD HURARLLABUE AL R 72 (W rhe ToIR AR L I e 5 e A 1
T ACFIEEZ W EARIR(WPSNR, SSIM 45) 5 1WA (R EE 1, B0 T 1R 48 0 42 s [
PR 4R B E N B

5.2. IREXNERFETE

AR SL AT FEANA A R AR H e SR Al ) B R R AR S5 4R I 1 — s A B EARECR i &= B
ONFE AR AR 3T PR A A B 10 ol R e F S PR 90 8 T £ B B

Je BT T A A i SR AR T [l

o ZUENTRR: RITHZ B IE N / AINLHIE Z0R t B L v 4 5k B 25 MR U 1 W AT ke

o MREMAL: ZEREZIPHE REELR, P2 2 AR B AR m TR AR AR T
AP
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