Operations Research and Fuzziology &% SH8%%, 2024, 14(1), 33-42 Hans Xl
Published Online February 2024 in Hans. https://www.hanspub.org/journal/orf
https://doi.org/10.12677/0rf.2024.141004

E TR KB M EEERS THTE R
ERRE

ERA, R
SRUURHRFILER, Wk R
e T AR RAR ML B B0, W Y

Weks . 20234F11H11H; FHEM: 20234F12H1H; KA HM: 2024F2H7H

R

AT U E R £ R A T AR 2 (GWSLRPCA) Y f 2 e i B, AR R GWSLRPCAAR R 2 1 5 B 45 °F
W XIRME AR B DL R B S S R R, A SO GWSLRPCARERY 34T T okt . B Cannyii &
FRETE IR LRGN E G TUERN, XA RNEER2 1B G E1T B G S i E
BRI, TR AL B [ BT B4R B B AR BRBEAT 2R Ab 2, 3R GWSLRPCAAREY 1) et gk,
ELBREENEBGREES AN AERFRE. XREFRRE, ZH BN TGWSLRPCABZE!, WSRPCAE
ZIPL X GRPCAIER!, HEFERGEERILNERKEER, ERENRE LHELF.

XK ia
BERELR, IO EEERS SRR, RyK, FRbE

A Generalized Weighted Robust Principal
Component Analysis Image Denoising Model
Based on Block Classification

Dawei Wang?, Liuyang Yuan?!2

1College of Science, Wuhan University of Science and Technology, Wuhan Hubei
’Hubei Provincial Key Laboratory of Metallurgical Industry Process Systems Science, Wuhan Hubei

Received: Nov. 11", 2023; accepted: Dec. 1%, 2023; published: Feb. 7, 2024

Abstract

In order to improve the denoising performance of the generalized weighted robust principal
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component analysis (GWSLRPCA) model, and to solve the problems of residual noise in the smooth
region of the image and blurring of the image edges after the denoising of the GWSLRPCA model,
this paper improves the GWSLRPCA model. The Canny edge detection operator is used to extract
the edges of the preliminary denoised image after Gaussian filtering, and the image obtained after
edge extraction is decomposed into image blocks and then classified into image blocks, so as to
categorize the image blocks of the observed images with the same relative position, improve the
denoising performance of the GWSLRPCA model, and make the denoised image retain more de-
tailed texture information. The experimental results show that the algorithm has a higher peak
signal-to-noise ratio and lower error rate than the GWSLRPCA model, the WSRPCA model, and the
GRPCA model, and is also better in terms of visual effect.

Keywords

Image Denoising, Generalized Weighted Robust Principal Component Analysis Model,
Block Classification, Smoothing

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

BB N5 BN E R 2 —, (ERBLSCH S b i R LR RO A& it 7 rh ol o & R O 45 b
JRIAIT 32 230, R TR ERIBUNAL 35 (5 1] [2] [3]o PRIk, fnfar 22k B PR e 7 sl o B
AR AE B A ) — A B E R TOT PR BB LRI B0 AR 75 LI 3 7s JiZ (0 T R, e
SRR m T . R R LR, AR — AT TR, RIS TR IR

LR EMTIERET S LR LR ARGk, T IR TTA4] (5], BT ARRE A AR
(NSS)[ITTVE[6] [7]: FET#SIMJ5E, W THE ML L8] Kb, FET NSS [ EMEIRE HAR K K
a8 AR & 5200 . NSS SEIR R H AR B a2 R AL 5450, ARBIRE & XA
AFAE AR B R AR RSB IR AR B SeAE AR R AR E T[] H g N, 2T AT T BRI/
B ER, AT T ERISGE . B0 TURBLE G 3 S ARG, AT AT LA R AR BR S 30 15
BT B LM 5 NSS Sl S IRERAE M S B AR 45 & i 7 — A R L R S A, RV i X ]
R BRAL B A AT AR B PR IR AL, JE a2 e 7 P o R Rk S M A B BB R R B FL G A2 IR
SRR A A SR AR LA M TR ) — ALY . RPCA MERRU[10], A5 ) P A 31 O ABA Ak B 5k A AR ok 22 1
R, @ Ay KB E SRR K ARG PR SE B R K e AR, % SR04 S L [ B 35 S5 b 2 —
AEERBE, B TS ARERA AR E S, B0 R, Gu SF[113RH R T I
Ho/ MUK RPCA B (WNNM-RPCA), J 8 35 S A T A R OB R e L ek fE . il T 5 SR A A
FLMERCRIF RS KT, AR JE TR MR R ) BB M S8 L WNINM-RPCA Ny RER it — 8 e TT AT 7«
Wang S5[12]75 B IR ER A M5 2, /2 WNNM IRl B 51N TV JHOR R #5 EHE )5 B4 1515
B Xie £[13]7£ WSNM-RPCA £ MR IEAl EAIHT S, (0< p<1)WEHURE G, diT S, EHCEREE
UTARRR, R R . AREBREH BN AW MT5 5, R4S T &
3BTRS [ o R 75 R 7

DOI: 10.12677/0rf.2024.141004 34 18 %5 S 2


https://doi.org/10.12677/orf.2024.141004
http://creativecommons.org/licenses/by/4.0/

R, FEMIEE

BRI ASE AR A BEA IR X S AT R 7 R A R 7, {ER BB [ X380 AN TR R ARRAE - 2R
A P R A D7 5 A B[R] KSR MR, T e S BRI M A 0 B B 2 OF IR i R B AN 2 o BRI, A
SCRRH T — P T H SRR SOIMABUEHE 1y 7 W R LA AR . ¥ 58, JEI Canny 34 Z0dar il 57X
o3 AT R e K MR BEAT IO GAR I, XA GAR UG 15 2 EHREEAT BB I3 i T Xt B sk
Iy, BT RS B AR R ROV R 0 B R SRt AT 7 SRAC TR, BRTHER ) L ek R, {2 (1 [R5
RE 2 AT SRS o SRS R R, R s T B IIRERCR .
2. "M EBEERSTDHIRES TV ¥
2.1 "M EEERS FHIER

7SR T MR PR R KRR, R BE RS IR A R, AT A5 B R (R 4R S
PEAERE, AR

min [ A]. + 4[], + H]. @)

AEH

st A+tE+H =D
st pnEmtes || vkt ||| e o (|| s e s
{0570 | A ORI LR BRHE, 36 ELIE T4 508 L TR 02 AL T, R 5 5 75 B
B T SUIBUE R A AT, SLA ST
min|Al;o, + A€l +7[HI,, @)

AEH
ﬁ#ﬂ‘yﬂﬂﬁﬁwwﬁﬁ;Musﬁﬁ@mm&&ﬁﬁ,%ﬁﬁ&ﬁ@;wm%ﬁ@%gﬁﬁ,%i
%%ﬁ%%;ML%ﬁ@mLmﬁﬁ,%%%%$%ﬁo

22. TV EH

SCRRISTHE A T ERAO A8 2 TE AR, SRR At 25(TV) IE MR T R A TV TR

7 T 2 M7 1 L B M PR (R ST S AT, BN T IR 5. TV S AR F

Izl =252 hin=hy 3)

SOl | IEREZ SR ATSR TR, o~ | BT RROBRRE, |-, | RIS
B P

S R AT R I 0 TR B G E b T 24 PRS2 R P ST LR F 2 ) B S5 A4

QR KL MBI, SEERAG TSI R A . Aot 5o 0 PR RBE RO (L0 7 0, 6281

o7l gy R MR PO AT AR, I A I 7 5 KT B MIAR R 2 B 25, 205k

lisyj _Ii,j|+

EESIR R
3. BTG XM MR EEE RS DT EIG ERIRE
3.1 HREME

PG AT DURR G HA BB A AU KN 73 P DX DA S 5 X8R, 30 2 X R R R AR UK, T
FEILZ X BB R R LB 2. BT 0k, ASON AN A X R BEAT 70 RAR B (LK 1), R THEIE

DOI: 10.12677/0rf.2024.141004 35 BE 51


https://doi.org/10.12677/orf.2024.141004

RN, FEMIE

FRIZR S DR 1R L LU T 1 XA T 1, 3T R R

X FONID GBI G, X R AR 10 O B DA R Jm PSR P (B Atk A SOk Sk
SCINBCE o 3 173 o A SRR AT R 0, R T 13 8 20 B MR e, AR SO0 T SO & A 2 1734
PR BEAT Ot M 28 7 WP AR L R R AL BEAT AL B, 29 REEANME SR AE TR BT 7] B S AR AR R R AOBE L
Z 5t LLROKF 7 T B S AR Brbon BB R 22 5k, 3R I T T RATIE ) SOIBCE e 3 R 73
B 5 & T (GWSLRPCA-TV) o 2 HH LA B G B 2H r ffg g 7 i P2 b KIS /K177 17 AR B2 2 SRR
PG 18] A AR LU JE A B AR 7 s i 2 AR AL B R B 2 b A 5 AR AL e P A IS, 3 B 1] BB 2
ARG AEIRBRSE R AN TS, ZACRAT IRBR AR AT 1 R 75 Rl

BSR4 e @

B{& iR R E3MESE SN
XN EGRSZE |«

GWSLRPCA-TV GWSLRPCA

Figure 1. Algorithm flow chart in this article
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Figure 3. Quantitative analysis chart

E 3. EENRE

Kl 3 IR 1A SCEEAEAS [A] 5 0 75 A5 100 R (HGER R S B 2208 10%) % C.Man BRI B RO IV &
SHTEL. Hob ] 3(a) s T AN R AL 34T B B BRI ZZ R R AT 2R I, AR SCRVETE AN IR 7 7K
SPAB LTI A BRI R I . B 3(0)BAR T BT AP AR B2 I P A 3 DL AN 22 3 i A BRI S Y
JEB S, Hrf GWSLRPCA FoRH Ll Fig A 4E 51, B i3 (kP 2R 3R 1 L SE 14
BOFIRREE, T G B RR EEAE ek, B a] UG H 4 0 P 0 AL 3 DL S5 ~F 35006 B B 4
TESETEEE . B 3(c)BR T X AR B4 28 b B DL KA 3 R Ak 21 1) G A o Z S, Ho
GWSLRPCA H£/R A7y AL BR 25 5L, Bl (1) 38 2 R 7R B S T4 BUR AR ARt 22 o MR I v 22 K/
L0 THT s e PG SO s TR, T R R DU HE 2 B gy R b 3 DA UG 1 A o 22 S N e LS T
e

DOI: 10.12677/0rf.2024.141004 39 BE 51


https://doi.org/10.12677/orf.2024.141004

RN, FEMIE

Table 1. Comparison of PSNR values of various denoising algorithms
1. BMEMREE PSNR {ELEER

P =10%
K& ik =20 0=30 o=40 o =50
PSNR
WSNM-RPCA 24.8807 23.9310 23.2252 21.7801
GRPCA 25.0868 24.2853 23.2474 21.8277
CMan GWLSRPCA 25.3998 24.4289 23.3574 21.9501
Ours 25.4656 24,5123 23.4480 22.0008
WSNM-RPCA 27.6647 26.3805 25.0400 23.7653
GRPCA 28.3185 26.9918 23.3928 23.8886
House GWLSRPCA 28.6293 27.1575 25.4170 23.9819
Ours 28.8341 27.2659 25.4879 24,0352
WSNM-RPCA 26.0620 24.8556 23.4329 21.9712
GRPCA 26.7225 25.3106 23.9494 22.5885
Peppers
GWLSRPCA 26.8105 25.5540 24.2274 22.7063
Ours 26.9529 25.5894 24.2790 22.5249
WSNM-RPCA 25.1768 24.1769 23.3727 21.5498
GRPCA 26.0432 24.6259 23.4128 21.4578
Monarch
GWLSRPCA 26.0794 24.7350 23.6050 21.7049
Ours 26.3077 24.8363 23.6054 21.7107
WSNM-RPCA 25.9375 25.0728 23.9447 22.4535
GRPCA 26.3636 25.0779 23.9512 22,5142
Lena GWLSRPCA 26.4728 25.1654 23.9704 22.5520
Ours 26.5373 25.1873 24.0278 22.5764
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G AR, (HR EEMS I ERBUIR — M GWSLRPCA AL ANE Xt — A BE, 1%
A% R EUEA R XS RE T, 15 G XISk B 4l /N 7, R OR TR A tH I BE R AR
IR EIG sy R Ab 28, $RTH UK e ), AU B A BRI

Vel 4 1] 5 FEoR 1 v e A AR ZE O 20, ARER MG S REER N 10% 118 0 R A [R] S50 25 1 S B ) 40 1 T
KE. B 4 FE 5 A%, WSNM-RPCA. GRPCA. GWSLRPCA DL A7 A< Sr 80355 T 75 i W R 30 Bl
IRAEE R R . (H/2Z WSNM-RPCA Fll GRPCA Z:Me 5 I EGAFET Z 41T LR 5K, GWSLRPCA ##
RTE EUG AN [F) X 32 A7 AE SO AN W K I R T E 30 20 o B SO Se LR, L “Lena” EUR MR T
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Figure 4. “Monarch” overall-comparison of detailed images
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Figure 5. “Lena” overall-comparison of detailed images
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