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Abstract Qin Opera, as a treasure of Chinese traditional theatre art, has a profound historical heritage.
However, the early video materials of Qin Opera are often affected by noise and distortion, resulting in poor
picture quality, which seriously hampers the preservation quality of Qin Opera digital archives. Currently ap-
plied video denoising techniques often do not make full use of the temporal coherence of the video frame se-
quence when dealing with the colorful and complex texture of Qin Opera’s costumes, which makes the denois-
ing effect unsatisfactory and makes it difficult to effectively retain the core features of the video frames. In this

paper, we carry out research on the Qin Opera video denoising algorithm based on the attention mechanism,
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and the main research contents are as follows: Aiming at the existing video denoising algorithms ignoring the
temporal correlation between frames which leads to the problem of poor effect, we propose a new video denois-
ing algorithm, which makes use of the double gating attention mechanism for the fusion of the temporal se-
quence information. The algorithm firstly integrates the timing information of consecutive video frames effec-
tively through the timing fusion module; then accurately identifies and eliminates the timing noise using the
dual-gated attention denoising network ; finally, the features are further refined through the multi-head interac-
tive attention refining module to eliminate the artifacts that may be generated during the denoising process and
recover the lost details, to enhance the quality of the denoised image. The experimental results demonstrate
that compared with existing methods such as DVDNet, ViDeNN, and FastDVDNet, this method can make bet-
ter use of the timing information of the video to achieve clean and efficient denoising of Qin Opera videos.
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555 %
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3.3 HpERIE

KT SR UEAS SO A R AN AT T
THRRSEIR, 30 TR B A A OBUT T3 2
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FE T RN AN A3 Se S0 55 DL S SR A5 R
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MR 28 FILLBRR 3 % 3 5 R by 3 A e ) 2 1
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JEAHSCH NS, DT S 30 B A ) 25 R M RE
3.3.2 TGAM #97§ 8k 5= 5

N T BGAIE TCGAM A 851, 76 DAVIS £dfs 4
BB T o =50 By IR HEAT T AR Y 52
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x CHiF o, UL SR SRR fEA R
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AR— YA OC Z A LE, TEAH R 2 8080 T PSNR
i 4R R 1 0.46 dB, B XUHE AR B.AE I 7E4
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RIS, kg I T RSO PR RE Y S 0], X P4~
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Tab.1 Experimental results of different fusion methods

N o=10 o =20 o =30 o =40 o =50
Rl A LR
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
TFM 39.00/0.966 8  35.93/0.940 0  34.23/0.9147  32.97/0.8932  31.94/0.874 9
HAJZ 3 x3conv 8.67/0.957 6 35.53/0.932 4 33.97/0.902 3 32.59/0.882 1 31.67/0.862 7

2 AT A LS

Tab.2 Experimental results of different capture methods

#=3 ﬁ%ﬁ r 5 r FY S B 245 S

Tab.3 Experimental results of hyperparameters r, and r,

EHEIN —K PR Time
Bk W mE o /ms
Conv - V 31.09 169
® vV - 31.38 103
» - vV 31.94 143

T T, PSNR Time/ms
0.5 0.5 31.68 121
0.5 1 31.94 143

1 1 31.43 179
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3.3.3 MIAM &9} @k 5256

AT 25 M B TR AT Al A Ak B, nT LUK
S PR 2 MR T 0 25 BR B RS A 20 1 NSO Ry T SR IE
MIAM A ZNE, 7E DAVIS Biltk LRI T o =
50 f g TR JEREAT T AR A SE R . SEER AN AR
Mz 4 i~ ,7E5] A MIAM J5,PSNR A\ 31. 66 dB
P %) 31.94 dB, SSIM M 0.866 1 4 25| T
0.874 9,

4 MIAM [7H SR 4
Tab.4  Ablation experimental results of MIAM

MIAM PSNR/dB SSIM
el 31.94 0.874 9
g 31.66 0.866 1

3.4 FFLEEIE
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PR J) £ M 4% (TGADNet) F1 22 3k 52 B &
JIRERFEE (MIAM) 4, 415 % 3X 3 AF8 53 19
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TFNet J5 75 1948 80Pk, A5 %F TGA-TFNet J5 5 7E
DAVIS i 5 F 2% i 4 it B s 4 i A7 1 52w
XFLG o SEE 45 R W], TGA-TFNet 7 1% S8 45 4R
FBUGT AR AR TERE. AN, AT I T T
FlSE B IR E T TFM ik ' TGADNet 53l MIAM
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AT T BURIG SR BRI & H AR
TEALHRZ2 A I AT BE ™ A2 I 50R 3% SR B
SRTESR TR e 8CR Jr  HA W 1 Helils
FEMRSEE ) B X AE T, B AT SN T s A
BT PR B 2 IR s A6 2 B AT, TGS SR B R S
TEALHRZ2 AR I, 33X SE G R Ty B2 5 L MR T
[F] TAE , AR DR AE SR R0 5T i 1) (Rl B, AR R 2
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Tab.5 Results of different methods on the DAVIS dataset

MR o 1 PR RS DVDNet'” ViDeNN'*'/ FastDVDNet "’ Ours

" PSNR 38.45 37.27 38.85 39.00
SSIM 0.965 7 0.956 7 0.966 4 0. 966 8

0 PSNR 35.89 34.73 35.76 35.93
SSIM 0.937 2 0.9257 0.9389 0.940 0

20 PSNR 34.20 33.07 33.99 34.23
SSIM 0.914 1 0.896 4 0.914 2 0.914 7

0 PSNR 32.94 31.86 32.74 32.97
SSIM 0.892 7 0.869 7 0.8919 0.893 2

" PSNR 31.92 30.90 31.78 31.94
SSIM 0.874'5 0.845 3 0.8715 0.874 9
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Fig.5 Denoising results of different denoising methods on the Carousel and Chameleon video sequences
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Fig.6 Denoising results of different denoising methods on the Qin Opera video sequence
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