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Video Summarization Method Based on Spatiotemporal Slice and
Dual Attention Mechanism

ZHANG Yunzuo, GUO Yaning, LI Wenbo
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Abstract: In order to solve the problems of insufficient extraction of video frame feature
information and excessive dependence on a single feature in the existing summarization methods,
a video summarization method based on spatiotemporal slice and dual attention mechanism is
proposed. Firstly, a kernel temporal segmentation algorithm based on the spatiotemporal slice
(STS-KTS) is proposed for the accurate segmentation of the original video. The algorithm
reflects the video scene information as spatiotemporal slice texture information, and uses the
horizontal mapping method to project the preprocessed spatiotemporal slice into a one-dimensional
array as the input feature of KTS. At the same time, taking the dual attention mechanism and
grouping convolution as the basic components, combined with BiLSTM, the spatiotemporal
feature extraction network is constructed to quickly extract rich spatiotemporal feature
information, so as to eliminate the excessive dependence of the existing summarization model on a
single feature with the texture feature information. Then, the frame parameter prediction module

is used to obtain the best video frame contribution score, center score and frame sequence
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position. Finally, the frame scores are converted into shot scores to select content-rich segments

and generate dynamic video summarization. Experimental results on SumMe and TVSum datasets

demonstrate that the proposed method can improve the accuracy of generating summarization and

achieve better performance than the existing methods, in particular the accuracy of generating

summarization on SumMe dataset is improved by 0. 58% compared to the existing methods.

Keywords: video summarization; spatiotemporal slice; dual attention mechanism; spatiotemporal

feature extraction; deep learning

Wt 5 % 2 i TG KL L M R Sk 45 L 45 A
B AEE D RE A A 12 U B R
R S K R g L AT DA UL L A O A
Ve AL RS B8 5 BT AR A P 2 1 KB T AR L R
THEE MR BE S50 00 BT 9 48 A . AR 4 2 R A 0 7 1
T 20 5 A AR AP A A (PN 25 L O T R R A AT
g A RIEIE T AR T £ .

LS A G B AR kT R B R TR
VIR 6 00 2 ) 5 A S DA AR L 3 Bl R AE 25 )i 2
P A5 R M A B 2 . 5540 T IR R A
UGS A 0L - 48 T — i 3 T 5 S I 458 1) A0
BT R R i ) S Ay e e A R A )
1, Cong %" SR I 5 L2 ) XA A7 A 4. 3
4F3% . Anuradha 254 T — b HE 45 256 10 045 Bk
L5 38 AL %) 4 WA TS AR B S 7 T AR
AR 2. Yaliniz 5557 % B AR iU 200 — Btk . 2
FEPE RN B T — A A il 2 R 1 R AR 42
T ) R 5 Ak 2 20 5 0k S 3 U e 44 I 4% 58 TG
AR AT I 2 00 7 T . AR EC A W O kL TC M e
TR R AR

Wt % VR B 2 20 75 T BN B 9 #4032
XA W B AR O IR T AR AR 5N TR
S 30 5 v KL RE A Ak 4 SR T A7 3 R RO Y
FORL A0 2 A0 B0 R O k. I BAR R
Zhang 2576 K 13042 9 4% 1 R 20 904 $% 2 AT
%IRRT vsLSTM R, % 7 vk 3 1 % i) K J
I A2 T 28 0000 A0 A ot %) B 2 PEAR A, Rl BT R T
dppL.STM 52780 L 41 155 A A4 25 10 2 e OF 2k 4%
AL R 58 3 7E DL AR Al b 4 o ekt )
. Zhao % 2 H 43 )22 LSTM HE 48 D Ab 3 4 B[]
M 31 s Huang 455 (i F 2D & BUM 4 N 4% . 1D
GRUM LSTM # B 9050 i ity ief 25 {5 B %, W
HLH Bl 7 12 Hb 7 76 AR89 AT 55 op L IR IR T
FESM . . Lin 200 ] 3D CNN 42 BOL 4
WIVR B R AE, R R T AR T ER NS E
LSTM 55 B Sk Jili 35 00 451 ot =22 [1] 14 B 5 A 96 1 5 Ji

http: // zkxb. xjtu. edu. cn

O BILSTM AE Sk i i 2% B 3% F 14 7 S AL
LSTM % 2% {5 S fife fth i #4) FaE J0 400 47 BEASCA 5 Li 260
PR T — Tl R kT 4 SR 22 00 T ) I A AR A
BRI P 2% 25 7 SUM-GDA, )\ 42 Jsj £y BE ] 8% 1
TEE I HLH S 25 581 AU AS L[] 19 0% B ] G 2%

H R 35 R 28 R 4% CCNIND AR 6 3993812 ) 4%
(LSTMOAT) & 45 4% 2 b fie 8 I PRl FoR . H
LR Z DAl ) CNN (41 Googlenet 5% VGG-
Net) $2 UL AT TR BE e AIE , B BE AT 503 312 400 401 i 25
()45 5, o JEL e /X H A3 ot Jeg 748 45 8 S R R 2 il & 15
SIS BURRAE R IA BB T AN L o I Z8 B R R 50
ST RE A Rrdt . B AN U B Ay E £
3 F # W) 7 43 #) (kernel temporal segmentation,
KTS) B 3L il B LA R AE A e — 4 M5 01
FHEOSR A B BT

B 2% W 28 A Ry 2 ML 1) R I o 2] BB L BE 78 43
FHALAT T Y R J2 18 S0 2 U B T BHR O 26
H AR I S5 AT 55 th S R S . Ak 22 W 246 P ik A
TE B AL BE A8 %) LA It b iz gl H bR X AT A A%
WEBF HE— 2 B g O Sk B UE . IS U0 R AR
SR — e R AR I 23 0 BT 7 vk o R S ] R
JEE LA S5 A5 R, AT IR 52 % i P 58 JC R At
Boor®l. BT UL B b AR SCHR B T A U0 R Y
43 0 55 (STS-KTS) L 52 R ARG HE 43 B
LIS B Iy L Aoy G B AR A 25 G
BiLSTM""* ) g i 25 R AF $5 B0 45 , B 32 B 3
8 I 23 R AR A5 R 5 R FH T2 50 T 0 A e 55 AR 43 gt
18 BT AR BE 0 K 0 B O3 B LA K W B A L E— 2
e AR SR
L ATk

ARSI ARG R AN 1 PN s 3 A )
B I s R AR 4 IORSE B i 25 B o S 0 A B
FOC T S PR PR AT A B . AT 4y BB B R FH B 28
IR 52 AR R B 43 1 5 B 25 5 iE 5 JRORSE e ) O 42
SECARL AT P A0 T ) % 85 AR AT 5 T 2% 45 R P 0 A




%1z

A A A S U0 R R B DD WL i AR R R ik 129

.
o s |
.

FC— &) sgroup— ) A B CA— 30 18 5 B Iy BB s SA— 25 (B 93 Ry BBk s NMS— AR AR 0 ]
B1 TR By B R A

Fig. 1 Overall structure of the proposed video summarization method
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Fig. 4 Segmentation result (EE-bNr36nyA-TVSum)
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