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Abstract

Existing image denoising methods often fail to fully utilize local features, effectively restore edge
details, and may even introduce image distortion. This paper proposes a denoising algorithm that
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integrates traditional methods with deep learning to enhance denoising performance while preserv-
ing image details and edges. The model employs adaptive weight filtering to dynamically balance
bilateral filtering and non-local means filtering according to noise levels. Multiple convolutional
kernels extract local-to-global features, while a channel attention mechanism enhances critical fea-
tures and improves multi-scale feature perception. Experimental results demonstrate that the pro-
posed method achieves superior noise reduction and recovers finer textures compared to current
denoising techniques, exhibiting excellent performance in both qualitative and quantitative evalu-
ations.
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BUGAE S AG I R b ™= A 1) 25 T VR G T 7 2 S BB . AV AT T DA S L FE R BT, SR AN W s i
ENITAERAIG . 72 AT SR A0 A0 SE TS T R M 7R ok, BT 5 B A B O 2L
AR, AR40 M RN BE TR B 5% S B M R Wil i, HE 30 A5 MG 25 M RO 0 G A BR A S0 4T3 4 T
Jilale HABURE S M S MG IR TR S, JEOR R BUR A Fid 2.

PR 25 M B 3 DR A 458 26 M R e TR R 2 S TR 2 A% 0 2 M 0k B A0 243 TR I OB AR 45 el
SRR PRI UL BRSNS . XU 8 I AN 3 a3 5 341 1E 8 % (Non-Local Means, NLM)%5 [ 1]-[4 ]2 fix
BRI, I g5 G 7 [ BT AR A A AU R B A T RS R E,  E oAt SR A MR i 2% (R 3
2P S EU A SR 0] 7. BH Dabov &5 £ Hi Sk i) = 4EH VLT JEJ (Block-Matching and 3D filtering, BM3D)
[5]/& f 2 S ARt 2 g 0%, i SRV ) EHR AT 70 SR UL C M = 4EAR S I b BOR 3R AT 2, JFAESK
BRSPS 2] 7 BHE) . AR, ARG 2 M B R B T DS BN S8, B e W E & B,
TOIERRYE KR AT S5 3T I

S5 L EEARIZ, TR 4% 1) M E kR B 3% T G RIER R, BAEALEE
v R S KT N SR ITE €, [R] N B 68 T L OR B IR AT . Zhang S8 4E 2017 AE4 H R (1) M 5 A 0
22 %% DnCNN [ 6] AR 22 25 > Atk & V3 — AR AT 250, PR (RG] DA R0 I s F55 0 25 i e
e, DME G mp gt . fEMIEAS B, Zhang 55 351 N 7 PRI R 5 1) £ M2 X 26 FFDNet (7], 17715
I TN AT UE M R R K R S 2 P S S R R L . b4, Guo S84 tH R CBDNet [8]2: M
PRI T 3 LM S, A] DUSE B 0T LS8 b AT B . Anwar S5 H SR 15 AN E 25 R AB Y rhoin NARFAE Y
&) RIDNet [91BEAY, BRI F A [RI38 3 2 18] R A5G 00 A [RIE T PR RFAE EAT 22 S A0 AL BE,  RE 6% S 4
TR B EUR AN NG by . (H2, R 5 A DO M P 7K AR AT 52 28 SO 4509 1) BUR IS AT SR AR AE — o8
PR . A T ok CNN R RLSRIBOS VI ZRFE AR 17 7, Chen S5 7EF] FH GAN F5 8] 1056 78 L S
PG EIRICE e A AT A, T SR IR MRS, B RBAAE EL S S R ARE ). (AR
FEM 28 I ZRd A KA E BAEVIZRIN 25 5 52 B FE G, KRR AT REA Frigni .

BT, 7ERMG LS S A2 N 28 RS L AR IR )2 N, AR AE T T AN [R] 26 2
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KA — REHATRERR T RE 2 S EH G B E R, SO T B A R B R 45 R4
BECRUL, TTRESE R BRI M RE RN R Z B s [6]-[8] .

FfER EIRPRER IR M CE S E B E R EE AR S INERE, AR T — MR SR
AHEE G B LR, AL Gt M T VAR AL, 23RS M 7S I 5R EUER R IA S AN SO AT . RS,
PP E S B R N BRI B A b, g — PR B R . X Rl 4 6 07 SNV RE 08 38 =y R B 2 )
RN R, PR N SR BE RN E 5 00 4E, IS RE Y s B 7R 1R R P FIZ AL R
2. HHX/FIE
2.1. ZRE$FERR

TELGGRMEMN LR, 2R Ao DN BUE R B R [ e E . FEGEEEasA
[F R E AT E R, B REMRESRIT e SRS S B8k, 3 semm BUE 20 50210 1
REAR . 2 RIZERHMERI B & B R EBREAFRE LREE, B B M fmp 2,
ARG — REERFESE U SR BR 1, A $E T 22 M BEAE R £ ME S TR PR REFI R . Google T 7t
FBATE 2014 SEFEH B —FhEIHT 25 2244 Inception BEHR[ 113 Z iz F H4T 2 R G FUERAE DLSCREE
PHER IR G AEA R R R PRFAE, 3k 5 i 2 1 L etk ge Az AL e 7, e 1 .
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Figure 1. Architecture of the inception module
1. Inception 1R L5 [E]
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16 EMR AT 55, CONN S R 3 TR6 R BRI S B 3R 2ok 22 ST S 5. N T $ e LRk
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Figure 2. Architecture of the RCAB
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KR U R — AR LR LR 58, A T 2 IR B A 26 (22 Skt G 7 T3 b 3, R
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Figure 3. Diagram of adaptive weight filtering preprocessing
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AL BIRAARFERST BB, B 1x1, 3x3F5x5, DSEHMN R4 R EPRE . SCHR[14]
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Figure 4. Architecture of multi-scale convolutional fusion
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fiEAH -

A R EEAL AT AR B C AERHE & s, XMHEREAE TEBNeRER, TUHTE
SR IEIEE R L], DAShAS A [FEE AR AL, TR R R R . BRI, K2R -T it
WAF R RFAE R s, BB —4EERUR T, AR5 IE Sigmoid i bk A a8 FU AL w

w=o(Conv,,(s))e RS (10)

X, o 4 Sigmoid BHL, Conv,, Fom —4EGHURA, w R BB &, HYEREN RC, C2ilIESL.
N T AR AR ORI TUAIEIE,  SRALOCBERFAL, REALE w SR G RHIEE B TEAR, BRI
E S NFHE R ZE MG TRy, 7T DA SR BT O, PR IR 1S .
F,=w®F

att Susion (1 1)
X,,=X+F, eR™"C

att

Rep, wRFHE, F,,, RGO, X FoRTBE IR, F,, 2mBUR .
3.3. mEEH
R T NERAR SRR 25 o i 0y LM 75 ) I 28 280, i 86350 77 % 22 MSE R R 2k BB . (R x, T K]

(8, y, HFUCELS (R R, BT x = y, - F (x,) KBNS BRI F (x,) . KW B s b
TG, BMCRRERSE S L(0), I MU R B SOR S A 8
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R, xs 1y RETHEG. FNEGRESEE, REE ARG, oNTIIENSSE, M
e R e AR
4. RWHEREHH
4.1. BiEE

N T BRIE AR SCHRE H R I 268 75 5 B 7S MR B RIER I, AR ST F Bk R EiHE B2 (Waterloo Explo-
ration Database) 1] 3859 7K & /i LA & BSD400 HHE 41514 1) 400 5K B Rl Zi 4%, BT BUR AN
XIS EAFMITE R, B EE S #8 50 x 50 B RMEIG .

[ B g T B8 IE AR SR HH R ) 2 M vk LA A PR L M R B e 1, A FH M A /KP4 A 15, 25, 30,
35, 50, 60 FIINE b A Mk 75 AE K IR AE Set12 [6]. BSD68 [16], Bl i4E CSetl2[6]. CBSD68 [16]-
Kodak24 [17]. McMaster [18]_EHEATIIR .

4.2. BHgE
TEAR UG AT 45, FERERIIEIER NLM AR RS % BN 7, BREORHEE NN 25, B

c RHXWXC
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FIRIER S ST 3R 1107, #ibK/ batchsize BEE A 128, WZRIKEL epoch A 50, K FH 43 5% 38 KR Seng
[19]RF /N2 S BRI R 0, BRIV FEONGAFE . LITE Windows10 R4, Pytorch HEALH1SL
P, HEIVRRARME R,

4.3. VN $eER

o B 25 0 25 SR 40 BT 3 SBLOE A B 4 AT AN PR AR P T TR AT . AR AR S M R34 T B S
MR EENL T ILSTHRE
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Algorithm 1. Algorithm flow
ik BERRE

Require: "5 EG Y, BRERREK,, » TWRRESH A
Ensure: XEM:/E1HER X,

1. #itaik:

o FikbHEG: v x©

o EMiTHA: 0k

o MERMa(p) CETMAAFIE
while k<K, , do

B RATERBER

for FMEE p do

WHIULIER S R Loy (p)

AR RS R 1, (p)

EHEHRM: a(p) Lu (p)+(1-a(p)) Ly (p) > X (p)
end for

PE2: ZREFGMERME
. for BRUZILT &, €{1,3,5} do
1 BEUEEAE Conv, , (X)) > B
12. end for
13. FHiEPHE:  Concat(F,Fy,F,)—> F,,
14. @A Convy,y (Fo) = F
15. B 3. WEEE /R
16. BESITE: GlobalAngool(FM_)%sc
17. EEAIBE: o(Convy(s,)) > w
18. IBURHIE: w®F, — F,, (® RKoRIBiERE)
19. % 4. BBRERENRML
20, G xY+F, - x%)

R o A z

21, AR WZH

22. HHIMNKZH: 0-nV,L(0) >0

23. k+1—>k
24. end while

W N R

—_
(=]

i

" L(0)

F(K;H)—X.
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PEAN 34T, A o A R G 45 M LL(PSNR) A5 4 AHALL L (SSIM) [21]:

I {F {7 12 LL(PSNR)

L5 5E — RN mxn T3 EUR 1A S R K, H PSNR JE A

255°
PSNR =10-log,, [m] (13)
Hr, MSE (itHE AN
m—1 n—1

MSE =#ZZ[1(;’,])—K(;‘,;‘)T (14)
PSNR (BB oR 20 5 1 G 5 i UG T, BY AR iy,
ZE R FRALLLE(SSTM)
2 B —NTEEE x, HERBEG AL SSIM 2 XN

(2,Uxﬂfc +C1)(2o-xfc +C2)
(,uf +,u§ +C1)(0'f +o-§ +C2)

o, g AR TR x AR S R £ I, o, o, Al TR EIBAEEEETTE, o
=%, C - CFmAREEHEE.

SSIM BT 0 2| 1 2 [8], B 1, 3o M 5 1 G U0T Bl S ah T I AR, BRI P nde st e et

B AR ORI L 5L 4 £ 5 K-SVD [22] NCSR [25]. WNNM [26]. BM3D [5]. CBM3D [27]
O F VR JE 24 > [F) 2 e B35 DnCNN. DnCNN-B. FFDNet. FDnCNN. IRCNN. CBDNet. RID-Net. ADNet
AT T .

TEIERTE 5 ROER I, A SR H R I B0 M M ORI T e AR g Rk, AR A AR,
FEVE(EAEMELL PSNR F, [FIN AAIEBUGAIKE -, SESEETBONET T WNNM BiEAL,
AT R ) SR AE P Mg R R A9 2 7 TR R AR B R AR 345 23] [24].

SSIM = (15)

BM3D (32.11dB) WNNM (32.20 dB) Ours (32.48 dB)

Figure 5. Comparison of denoising algorithms on Set12 dataset
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6 7R T AE BSD68 Hdi 5 A AN [a] 7y i 2 e U R e EE B . B AR aT LB G H, 240 KT8
i, ARS8 2 L NCSR 2 G HY B R W S5 (R AOR 20 52, [ A L 04 {7 45 1 L PSNIR i AR S 454K
T 28 TR 2 2] [ A e 5% DnCNN Fil FEDNet 785 300 T EMG TR Y, 25 5 BB B R .

Ground Truth =30 (18.59 dB) NCSR (32.48 dB)

DnCNN (32.94 dB) FFDNet (33.14 dB) Ours (33.54 dB)

Figure 6. Comparison of denoising algorithms on BSD68 dataset

6. NEIERMRE L BSD68 #iEsE FXfLLE
KT VPG AR SCHE R R BVERT K B G L Me i pg, FRATIMEH BSD68 £iHafE (& 68 KK EKEIE)
I Set12 FHEEAE(EL S 12 5k EEUG) AT, FFRe gl 5 HoAth = i EUE L T b g5 5
X1 PR

Table 1. Average PSNR (dB) of denoising algorithms on grayscale test datasets
1. FEEREEAE S RENINE LR T PSNR/B £455R

HyEE Mg 75 7K S BM3D WNNM DnCNN IRCNN FFDNet BRDNet Ours

15 32.37 32.70 32.86 32.75 32.77 32.78 32.92

Setl2 25 29.97 30.26 30.44 30.36 30.48 30.43 30.55
50 26.72 27.03 27.18 27.12 27.33 27.32 27.58

15 31.06 31.37 31.44 31.63 31.63 31.61 31.86

BSD68 25 28.57 28.83 29.01 29.13 29.18 29.17 29.45
50 25.62 25.87 26.08 26.16 26.27 26.26 26.48

ORTEE 1 R EE AT N, A SO AR AE AR AR AT R e R KO R B, HOPH4) PSNR B AR
T H Al LR EE R B . 1E o = 15 I, ARCEIETF PSNR {EH 575 T BM3D £ 0.6 dB
0.8 dB.

T VPAS A SR H SR SR B B 1) e bE e, AT SIS CSet8 (FL7 8 7K K/INH 256 x 256
KNI EEE). CBSD68 (L5 68 ik K15). Kodak24 (14 24 5k i &% (4 (%) Al McMaster (3
18 TRR BT A LR AR AT SR
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DnCNN 4550 R 405 (PR AT A #5827t

Ground Truth

FDnCNN (29.38 dB) DnCNN (29.45 dB) Ours (29.78 dB)

Figure 7. Comparison of different denoising algorithms on the CBSD68 dataset
E 7. FEIEMEE LA CBSD6S #iiRsE L xfttE

FFDNet (29.65 dB) IRCNN (29.68 dB) Ours (29.85 dB)

Figure 8. Comparison of different denoising algorithms on the McMaster dataset

[ 8. TREIEMEE AT McMaster HiEE _EXTLLE

A SLIG AN [F] D Mg VAR SR EE B MR HEAT T e A, JELL PSNR A1 SSIM 1E N &AL AL 5
Fro Hodr, MRS AR McMaster JREE. CBSD68 MIAAE . Kodak24 M4, Z:MeEVEAH CBM3D.
IRCNN. FFDNet. ADNet Fl14s3CHE H SR 118
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EARCR, AT A AMAE S B 7 (1) PSNR BT TR I H 6, (R 72 BE 441 1) PSNR A bt fi 3 H
WAL, BT HAh R EE R SE 4 77

Table 2. Average PSNR (dB) of denoising algorithms on color test datasets
# 2. FAEEREEEEFENIXE LTI PSNR/IB 4521

HEE EiFE K CBM3D IRCNN FFDNet DnCNN ADNet BRDNet Ours

15 33.52 33.84 33.86 31.72 33.99 34.10 34.32
CBSD68 25 30.71 31.14 31.20 30.22 31.28 31.42 31.55
50 27.36 27.84 27.94 2791 28.01 28.13 28.38
15 34.28 34.67 34.63 33.46 34.75 34.87 34.96
Kodak24 25 31.68 32.01 32.11 31.01 32.23 32.39 32.55
50 28.46 28.91 28.97 28.83 29.10 29.21 29.48
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