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Abstract: To address severe video degradation caused by high-energy particle radiation in real underwater
environments of nuclear power plants, this study proposed a zero-shot underwater video denoising method
that reduced the dependence on paired clean samples and task-specific training data, and improved the us-
ability of visual information for underwater inspection. A pre-trained image restoration diffusion model was
used as the backbone. LLow-quality noisy videos were processed in batches, and key frames were selected
as reference inputs. In the early denoising stage, hierarchical latent deformation and optical-flow alignment
were used to impose global structural constraints and local motion constraints. In the middle and later stag-
es, a hybrid flow-guided spatial-aware token merging strategy was introduced. Optical-flow matching was

used in the downsampling stage to maintain motion consistency, spatially constrained similarity was used
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in the upsampling stage to preserve structural details, and a merging-ratio annealing mechanism was adopt-
ed to dynamically balance temporal consistency and detail fidelity. On the collected underwater noisy video
dataset from a nuclear power plant, the proposed method achieved MaxVQA , CLIPVQA, and Ewarp val-
ues of 34.2, 0.97, and 1. 2, respectively, outperforming the compared video restoration and denoising
methods. The proposed method enables effective video denoising in underwater nuclear power plant sce-
narios where annotated training data and clean reference videos are difficult to obtain, and provides techni-
cal support for underwater optical imaging enhancement, intelligent image analysis, and equipment defect
detection.
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Fig.1 Block diagram of the zero-shot learning underwater video denoising method
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Fig.2 Schematic diagram of hierarchical latent deformation

PHRETS M, F1 GMF low' ™ WA i 2, 31 5 2 4%
L, AR R . A R R TERRE S
T — SC B ML i) 7228 JE R AE BEAT R, O o 2 4 HE A
Sl AR Rl G AT, LARE AR G 4 Dl 5 28 T A mf
HE DI 2 I 45 SR 1 52 0

S8 LA RN S I5 L AR SOR ST IS B0 9 TR R
1% 4 22 21 WL U i A, DA R — Bk
S AR B WiAE TR 19 T B AR L, BT B SR AR SR
W 7T A 2 W A 3004 08 17 R A 4 Jmy R Jeg 7S B ) R
JE bR AR T A 9 R R AR R AT 3R T2 ks
Y T LR EE R 1 B

B0 7 R AR DI AT BE A AR T IR 2 R
ST ) — S0 R A I P M R E A 5 AL
il o XV AT AE G AL T R R kA R
AR 1R A% 7 DX, i 52 ek e 5 o R AR O T 1%
B, AR R, %2 KA
AE 8% W AR I 1) Dh 52, O A7 2000 B 52 st 93t b ) 4
U,
2.4 RARSISHZEEBRMIFIEEH

J2 WA T TE 72 TP BB 05 7 25 M B 40 ) 5 i
Fh A 235 K 0 ot Bif AL A S (EL A A v s D
Xof W A e AR R AT 0 ) A% 1 L n] BB S AR BT
ORI A5 BOR o Shat , AS SCHR TR B T 5 S i S
IR 06 0T T vk 7R TR SR B 4 i 4Rk
Bz ] b o i ) — Bove S Ay R e . oD
SRR - AR AN [R] 25 W i B A AS ] 19 20 R 2 v, R
FH 55 AR T P D TR A X6 17 O R AR T 2K

5 25 W T 30, 95 A e A1 52 W P R i O A%
B8 4% 5% R ARLBE BE 4 U HAE U-Net T SR AR He b
BWH KRB W, B TR BT A ARG T A6 AT
MR E MBS T, BEE LI R, L
TtV E 5 R0 DG e 2 80 AR OG &R, PR AR SR
PR REWE o an & 37 BE X R SRAEAL R, A SC
S5G LU T 1T RS I 5 FR AT ) — BrE A A,
DA e e E AT S 3 A =X (5) B

o— eFH Pt (X (T e o (X (T o .l,‘(X(’II,()))Hj)’ (5)
Hop o Rm BFERT, X (T, )RR BRI To
8 25 T2 B fre e frae = see 23 VSR TE 1) D' 3 1 2
[T A ©/% C F=E- S 33  A  R[= B /S T ] SR U
mAC6)

Terge = M ( Ty Taes feremrars G5 7). (6)
BEXS bR AR B, AR S S 1 5 s ) SR AL



2528 err K TR

34 %

B TORARC A

0 |
.!fV. . -

— > FRid

P N el

K2 — Bk

WYRASE T M EERIFRC & fjé

], =

» Ny @ .. %y

. . ” . ‘ VERH
B > a#. l

B3 =S WSS bRiC & o PR AE

Fig. 3 Spatial-aware token merging operation

il 8 A 4 52K B BE DEIC , DA DS /b S0 3 14 571X 4l 114
BRURVEHC . HAR T, R I3 T 2 6] 48 3 )
K7 B AV AR BT 53 -

sh=syre " oo =| [ X ()= X (D[ 1/R],

(7)

Hr X (4 ) R AR S B E R N

&?"HIHMIO S ke S TR KSR 5] A D, AR SC

FEFFAE B4 51 77 50 Bk 38 5 X 8, O 7 8 5 0T J5 K

SEMIN T o A K M AR v e A R R e

TR AR M AR Sk — 25 R A I B kR
W, B2 2B B AR B T E B

r=r-cos<72r-max(min(é‘-ij_lb;:,1),0)),
(8)
o s S8 0o T 4o 53 900 3R 705 3R KR 1 S 0 B
BORMEERBB, 280 TR JOGE B . xR
W TIT AE 25 W B SO0 1 5 N (] — B 2 o, JFAE SR
B AL RETICA 1T R IA BE 7, DA RE A o -, O
A 0 T A B g O G e A R T ) A R B
2.5 BAE
A ST VR AR 50 R A W R v X 4% Al R AT
P[] 8 B 530 B B 3 ek O B i R] AR AT AR B RN
LR N AR AL 5 F T2 AT AR AR T ST 4 )
5 Ry &R — Bk 5 324 2 M By B AR A1 B 2T
FHIR & 25 AR 10 G I, T ML 0 26 TR 5 1
N7 A DE P Oy 2 R R LD 51 5 E
FoRAERLH DAL VE L S L TR IR R
AP GIF L), AR i — B Se B 2P
i) 240 75 Of B8 A 0 o 2 o o B TG B AT o B
TRV, SOHG R T i I i B

3 %5 H i

3.1 HIENARERWEE

H R, BF X5 7K T A2 5 S e 75 A0 1Y) 28 T B 5
VB G RD o R IR UEA SCRE , L 00 B9
R T A A1 BATE [ N A% e R 18 B3 R B oF
T 6 A H AR L SR 4R 1 L S K T A S M P R AR
2 e RERL - 52 ), SR B A0 AT r P T [ 450 ) S Y e
7oA AN 4 TR .

LS A L KT VR BRHE B R AR AR R 2
B MR RS IR 25 5 A RV T 2 25 WX L [m] 25 3R
(CE A8 o 5 ol Nk B R (S
T BRI, AR SO AR R B GT i BT R A R el
I 2R A T2 4% ) B 5208 0 R AT Al 2
ARG IR ST o i BT A R K R A
B S B W e R, ST TR R A ISR T

(a) o1

(a) Frame 1

(b) w12
(b) Frame 2

P4 oK 4 S5 e P LA A A B o
Fig.4 Two arbitrary frames from an underwater radiated

noise video

AR T Py Torch AE 42 52 9 48 % #F 48 7K
RS s My vk, SE 8 7E 5k NVIDIA RTX
4090 GPU I 5¢ 1%, , Jf 3 F CUDA 11. 3 3 355 &8



5516 M X1

A, A5 BT R AR 2] (A% L K A R T 2529

F . YBORLELR ) DIffBIR 444, H i Bl A
il 4 M W R R SR W o R R MR R SR N
0.000 85, 45 o M 7 5 JE 3 4 0. 012 0, 24 A
] 2640k 1000,

R ARUE XS S R S A A
J5 ¥ 35 A6 AH [ BE 1 2R 455 F0AH [ i A G B R
T EAT IR 5 X B B R R T S R B S A
SR AE AR SRR AN GBS . th TE
S5 3 S il /> [) 5% 4 T W 2 2 AL, AR SR TGS
2 JEA T PE A 5 TR — SO P A 25 A
A4 & JRACR
3.2 EMREETEMIER

2 I8 B A% H 3 KR SR R AR HE DL R A
T W HE (9 3 B2 5 KR, AR SCR I AN & W48
s DA 52 TS A AR A Je% A e R B ) — O DAk
B — F b T 1k (W) B s B A B B R AR
A B 7] A

(1) B g0 it i 48 b5 R H MaxVQA'™ Hl
CLIPVQA"™', MaxVQA i i It & 3 fF 4055 i)
25 L dEJE M AR AR AT R Y B R OE M 45 R
CLIPVQA F| HI R AW 3 -1 75 70 )11 25 A 251 1)
S RN, % T 2 2 A I R A LA BT
Yy sz A Re 1. W AT AT B e i A A
ML B8 SR R R R BT B

(2) B 8] — 35 P 48 A5 ok B 28 3R 22 Epe
AR AR T R A A2 Bl A T B R T 4 A
WA B S S bR AL B AR 22, W T T

(a) [k AR 1 (b) VRT
(a) Original video frame 1

() TAP

() RViDeformer

B iz Bl #h £ S F R SRS B o EL, BUE BRI
Ul B &R e WA 7E B i is B — BOME Oy R
e .
3.3 EMXTWLERL

R VEAR T O i A MR R RE L AR SCHE R
L I | I S U R el i M A 11
VRT"  TURTLE"™ , RViDeformer™"' , TAP"™"
A Shift-Net'™' . H i, VRT, TURTLE Al Shift-
Net & % 0 [ 38 A4 & 5 AT % , TAP Ml
RViDeformer &£ i o] 045 25 M AT 45 . LRy
W % T 5T Transformer B0 & 5 TG Wi
PRATT 2 M L 25 RS 2 R 2% T A8 S AN R B R
B, AT TR 0 AR SO IR T R AT KR
L 2e7E e RV SR ST o = /A N T €1
T 15 B TE 58— B 5T g 256 X 256 By 4G e |- k4T
M

S FIIEL 6 45 th T A SCT7 % 55 0T L 5 vk 1 i
S A% MR R AR T L RS SR RS B . AT LR
TE K T % 48 I M S 3R B b, VRT, TURTLE #il
Shift-Net X 5 BE B W 75 (14 37 i 58 7178 FR , 154 B 3
FH A2 TR 0w L 42 38 I A% S S I 7S 1 S R D)
IBALHHE ; TAP Fl RViDeformer B BE /b 3 43 1
P EZE B o L 22 W TE) X LR R B e ST A DR,
SR AR —F M AR SO AR
) MR 7 ) R B b AR R T T P 2 — SOt A
JRITR AR A, B A R 55 TS 22K T R R TR )

S5AREHNATES
() TURTLE

() Shift-Net

[ 2

(&) RLTTH:
(g) Proposed method

P 5 KT A S R P A T 1 A 52 A RE X [

Fig. 5 Restoration performance comparison on Frame 1 of the underwater nuclear radiation noise video
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Fig. 6 Restoration performance comparison on Frame 2 of the underwater nuclear radiation noise video
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Tab.1 Performance comparison of different methods

PORE RS MaxVQA CLIP-VQA  E,,,

TURTLE 30.1 0.88 2.8
TAP 31.2 0.91 2.5
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Fig. 7 Objective performance comparison of different video restoration and denoising methods
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Tab.2 Performance comparison of different consistency
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Tab.3 Quantitative comparison across various denoising phases
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- - - — — — 32.5 0.97 2.9
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N N — N N N/ 26.3 0.81 2.2
N J N N N/ N/ 29.2 0.87 2.0
J — — N/ N/ N/ 32.8 0.95 1.8
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Fig. 10 Restoration performance comparison on Frame 1 under cross-scenario noise
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Fig. 11 Restoration performance comparison on Frame 2 under cross-scenario noise
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Tab.5 Performance comparison of different methods on the Set8 denoising dataset
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PSNR SSIM PSNR SSIM PSNR SSIM
TURTLE 32.22 0.900 31.17 0. 880 30. 29 0.855
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