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Video deblurring algorithm based on pyramid pooling and attention mechanism
ZOU Shigi, LIU Hong

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract: The video is often blurred caused by camera shake or object motions during the exposure time, which interferes with
subsequent information acquisition and video processing. In order to make better use of the global context information of video
frame, a video deblurring algorithm based on pyramid pooling and attention mechanism is proposed. Pyramid pool is introduced in
the video deblurring reconstruction networks to obtain more comprehensive global context information by different scales pooling.
Then the attention mechanism is used to enhance the use of global context information to improve the effect of video deblurring. The
experimental results on DVD dataset show that the algorithm can effectively improve the video restoration effect.
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Fig. 1 The framework of the proposed video deblurring algorithm
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Fig. 2 The structure of restoration network.
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Fig. 3 The structure of pyramid pooling module
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Fig. 4 The structure of convolutional block attention module



78

CHL 5 W

ERRES

2 BHERKNSH

2.1 RGHESF
2.1.1  HdEsE

ASCR A DVD B4l 42 R AT YN R AIEAL . 1%
BHRER 71 AU, B4 0 - Y328 17 1 RN
3-5s,61 DYIZAATRT 10 A MERPI, A< SC3E ot
XN R B AL 3 BT LAY Fe 800 42 | BEAILER 39 1Y)
XA K /NF 256%256
2.1.2 LM NSHRE

ARSI A% PWC W 45400 0h Ak, il
I Adam fEALES , B SEB, =0.9,8, = 0.999, VI 2%
HER N 8, WA 2T % 550.000 001, 5 J5 ¥ 2% (4] 44
2 2J 3% 40.000 1, Yl ki S5 154 300, HAEHT 200
MGG R 2 )5, 2% ) F R L, E N
0.000 001 A 4 31 3% 4 . PG500-216 GPU Al E5 -
2678 v3 CPU,
22 EWERHSW

AR HIEE 5 M L (Peak Signal —to — Noise
Ratio, PSNR) Fil 4% #4 A {2) & ( Structural Similarity
Index Measurement, SSIM) %45 JR2h Bt 1T % WA

B WE(EARME ORI T XN R 2 [ 2, B3
TR ZE ORI BUS TS PEA , 20 8 B2 AT X i
SERRAT Y, (R {1 L an =X (8) iR .
[ 255°N
PSNR(X,Y) = 10lg|

(8)
> (x, - y,l)Q]

Hrp ) N FRREG B SRR v, Fom X 5 n
MERM 5y, T Y 15 n MEEME,
SERARAME ST NS BE X PO B4 = T
s EEARINE, 2L(9) .
2up, +C) (20, +C,)
+:“)»2 + Cl)(a-xz + 0'}»2 +C,)
(9)
Hh w, MO O T Ayl X SR BE,Y
FEI0E, X bR IEZS Y BIARIERS LK X FY () Hh
J25C,,C, BT IR R E AL
ARSCTFESH5 T SCHR[ 9 ] W g tidh s i e ik 22
X2 BT LR SCHER[ 9 ] TR A SRN 5AR SO it A7 1
X, AT R & AR RS R
Y B A 2, B T I RS, SRS
R 1,

SSIM(X,Y) =

2

(e,

F1 HEEDVD BiRE LB
Table 1 Validity comparison of the algorithm on DVD dataset

Ik SRN Jc PPM .CBAM HinA PPM HHnA CBAM ¥ NSRS
PSNR 29.42 30.42 30.51 30.54 30.61
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Table 2 Quantitative evaluations on the DVD dataset for different algorithms
Tk JE R L STRCNN+DTB EDVR DBN+FLOW AT
PSNR 27.20 29.95 28.51 30.01 30.61
SSIM 0.812 3 0.869 2 0.863 7 0.887 7 0.900 5
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Fig. 5 Deblurred results on the DVD dataset
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