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Video denoising based on optical flow and multi-scale features

SUN Lihui', CHEN Heng', SHANG Yueping’

(1. School of Information Technology, Hebei University of Economics and Business, Shijiazhuang 050061, China; 2. College of
Mathematics and Statistics, Hebei University of Economics and Business, Shijiazhuang 050061, China)

Abstract: To effectively eliminate noise from videos while preserving texture details, a cascade video denoising al-
gorithm that integrates optical flow and multi-scale features is proposed. The process begins by accurately aligning se-
quence frames using a grouping strategy. These frames are then processed through a multi-scale architecture that com-
bines residual refinement and selective skip connection. This approach not only preserves detailed features but also en-
hances alignment and fusion. Furthermore, a non-local attention mechanism is employed to deeply mine spatiotemporal
features, enabling the reconstruction of high-quality videos. To preserve detailed textures, a target function supervision
training method that combines perceptual loss is proposed. Experimental results show that the proposed algorithm re-
tains more texture features and aligns well with human visual perception. It is also highly robust, has low computational

complexity under strong noise, and meets real-time denoising requirements.
Keywords: multi-frame noise reduction; video denoising; optical flow alignment; perceptual loss; non-local attention;

image processing; computer vision; deep learning
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Fig. 3 Comparison of optical flow before and after motion refine
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(b) ToFlow

T O R LIKE - R, T PaCNet
SR 1K — [, (R BEAS WK A\ T i
WG AT, HAL PR M . M Z T, A5
& 9 55 08 57 AR SR AR A AT %, REThigt ik
B ML AR R IF IR A PR B, A K N 240715 T8
SOCHRRE

(c) VNLNet (d) DVDNet

(e) FastDVDNet (f) PaCNet

(2) EDVDNet(430)

B 6 7EDAVIS K&K LERMEHTR (6=20)
Fig. 6 Subjective visual effect on DAVIS test set (6=20)

(¢) FastDVDNet (f) PaCNet

(2) EDVDNet(£ %)

7 FEDAVIS MiXE EEBMERR (6=40)
Fig. 7 Subjective visual effect on DAVIS test set (c=40)
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R B UE AR 5 VAR AL E 0T A 25 MR UR, ik
B 75 7 2% 0 Ry 40 B G SEAT vl Ak .
Kl 8 BN, =2 XA Bk = 52 2 50 3, Iz 4844
ML RS o)), S8 LM R ME. VNLNet F1 DVDnet

TEZE LA =AM i R I 2 1 A M SR vh ik B T g
AN, X AT BB S H X 55 AN RS B 350 2k 41
Ty E K . FastDVDnet [H]FE A BE 1 M 52 Bl = 2%
MpEN% ., MEZ R, PaCNet BARM G T %%
FAE, ARAE T (0 DX R 2 g S A 7 A T O
BRSO T RER AL EE S s AR
JE BN, HE DL 48 2R SR X 38 . AT v R
iz B IE P4 T A (b B, 256 2 ROBE 4 ()
R B BRI 4, AU T NG RSN . 2
A 2 M 8, ARG IE AU A 45 4 4 - e 3
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Table 2 Objective evaluation indicators for reasoning on Set8 dataset

MhFiKS-/dB 8% ToFlow™  VNLnet® DVDnet'! FastDVDnet™ ReMoNet™  PaCNet” EDVDnet(4<30)

0 PSNR/AB 3434 36.54 36.20 36.25 36.29 37.06 36.78
SSIM 0.9241 0.9486 0.9510 0.9501 0.9528 0.9606 0.9529

" PSNR/AB  31.44 33.43 33.45 33.23 33.34 33.94 33.83
SSIM 0.8675 0.9143 0.9129 0.9112 0.9179 0.9247 0.9186

20 PSNR/AB 2833 30.35 30.43 30.46 30.37 30.70 31.03
SSIM 0.7644 0.8374 0.8412 0.8454 0.8570 0.8623 0.8764

PSNR/AB  27.26 28.52 28.87 29.15 29.44 29.66 29.87

SSIM 0.7183 0.7938 0.8111 0.8154 0.8308 0.8349 0.8456

TE ML R AR, RIS

(b) ToFlow

(e) FastDVDNet (f) PaCNet

(c) VNLNet

NG o

(d) DVDNet

b e

(h) J5 A

(g) EDVDNet(/<X0)

8 7ESet8 HIEE EFHMRERR (6=20)
Fig. 8 Subjective visual effect on Set8 dataset (6=20)
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Set8 1 I FLHE, 57 5114 B 20 Wi,

1) 8 1E X S5 AR B

EDVDnet #3145 1 X 7545 B 1 0 # 4f B B
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5 Y5 ARNY R el 51 S R A= e AT s
HALFE DG BB B R R R 2 . M
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BEWD, G MBI . X — 45 R IHE
T 6T R S AR B AR TIAL BE B b i A b, A

Jo SR SN PR S5 ROE SR At TR

2) 2 R Ak e

R 22 ROZ AR B (MRM) B PERE, AT
DL SCHR [14] A2 B (denoising block) 1 Ay 5 i,
DL SE 3 MR R A, 06X 57 5 18 AL,
B EE v TR T 2 MR 8 2R, 0 St 4ol 2 g B R
M2 REAERE (AR SCHR ) 19 2 Mgty . 4o
3 PR, A D R 3RS # ARV 15 PSNR $5 b5
Yy T LM SRR PR 2 1.2 dB, R Z RUE
AR i 5 | A 5 Sk BRAIL ) 0 5% 22 A Ak 25
F BE U8 B 4f M Pk 527 SRR AE , RN A P e A
Fri Tt

3) I il R R 2 5

R B Bt 22 ROBE AR (MRM), 4 H i
ZE A B (STEM) By 24, 55 1 B Be M 45 A
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Fig. 9 Comparison before and after using FAM

R3 SREMBUERERMTETE
Table 3 Comparison of MRM ablation experiments  dB

U] . DAVIS- T
. Jik Set8
K¥Fo 10 PSNR
Denoising Block 32.10 31.05 31.58
=20
MRM 33.32 3196  32.64

Denoising Block 30.68 29.16  29.92
MRM 31.44 30.15  30.79

0=40

TE: LR R AL .

P4 BB R, B A A B 1R S )
25 1Y I 25 WAL B B, P2 PSNR 2T+ 149 0.5
dB, X £ W 7E MRM 15| A NRFB i#17ek i 2 H
B o HE— 25 1R 22 MR AR SR 43 Bl ok a5 B U4 op
1) “skate-jump” J7 51 HEA T AT A4k, 52 1 i 5 T 7 o
535 WP 10(d) A1 10(a) BT/ . MRM Ak B (1) 25
(I 10(b)) 78 YK & T 4 AF B 25 2% 1 A7 R A 41y

(c) [ HISTFM

5 ., I HTH #8206 0w 1 5 T STEM &b 2 (1) 25
(1] 10(c)) 342230 J5 i 515, IXHIESE T NRFB 7E 38
T b SCEASRTARR AR A B 4 B2 K R B A T 1Y
T, A TFEERGY R Y . 583X
AT LA BE, SR STFM AR A4S 2 By BN 45 B, -
YIPSNR T T2 2 dB. X — i a5 BB UL,
By B IO 2% 25 K4 7 TR (8] 48 B e AiE O T LA
PeFs, DI B0AIE T AR J7 4 R AL (1) 5 R

x4 HEMEGERIEMIEST L
Table 4 Comparison of STFM ablation experiments dB

ek ¥e ik DAVIS-10  Set§  “FHPSNR

MRM 35.30 33.10 34.20
STRM 35.72 33.83 34.77

=20

MRM 31.69 30.73 31.21
STRM 32.27 31.03 31.65

=40

T MR R AR

(d) JatA

B 10 H=pEERMAMAITET
Fig. 10 STRM optimization comparison
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4~10 1%, 19 25 T H G 2 RO 2809 AL AL i 1
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Table 5 Comparison of average running time for processing video sequences

bR ssiil ToFlow VNLnet DVDnet FastDVDnet ReMoNet PaCNet EDVDnet(430)
B1THTTE]/s 1.25 1.45 2.90 0.24 — 79.27 0.35
B0 1 440 1420 1330 2 480 804 — 3120

s AR A -

4 % ;E i% [5] GUO Shi, YAN Zifei, ZHANG Kai, et al. Toward convo-
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