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Abstract

Existing models of video summarization have problems such as too much calculation, large nega-
tive impact caused by redundant frames and unstable model effects. To deal with these problems,
model of video summarization integrating GRU and non-maximum suppression is proposed. In the
module of getting frame-level importance score, this paper proposes a kind of Seq2Seq model in-
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corporating GRU and attention mechanism, which enhances the influence of the time-domain fea-
ture relationship between frames and effectively reduces the amount of model calculations, im-
proving convergence speed during back propagation. In the module of summarizing video, this
paper proposes a key sequence generation algorithm based on non-maximum suppression, which
effectively removes redundant frames. By comparing with the current mainstream models of vid-
eo summarization on multiple datasets, it is shown that the proposed model has different degrees
of improvement in the two evaluation indicators of F-score and KFRR, indicating that the generat-
ed video summarization has stronger content generalization ability, and the model has high sta-
bility under various data conditions.

Keywords

Video Summarization, Convolutional Neural Networks, GRU Network, Attention Mechanism,
Non-Maximum Suppression

Copyright © 2021 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. ik

R, KERBCT AN T8E . &5 Wl B ARSI, B iliica s
MNTRLBEAE B e EERPRZ — o REAIEE I 7 AT T He U b G e A7 Ak 10 IS 77
WIEAEGE 7795, FP R BEE s AR i AR2E S5 BRI MR BE RS S 14 T AR N 2%, X
MUIAS B 1R A B0 — A BB o AILAIUAR 2 2 R AR 5 v T R A 2 R BRI L 4 1 R
FHER], SEORIERL 73— KB AAUIEEE 5 R A v, ARG AL s h e R A AR TR
AR, FENTLSER 7 A & R4 SR R 1 F AT R 4 me St , o FH 7 78 SE A RIS ] A PR
PR EALL] o

R A i ZL AR A
B AT k. TEE

o AR, A R AT S (I T RT DA 43 TG M B A S I AR T VR AN
B 1A T iR IE IS E s SCEDW bR AR PR S O R Sk, RS

LIRS B A B S A SOTE NN TRIE R b 22 S RHEE R, A NS NS AT 5 25
(77 ESEBRRI A, XS R I AR I RCR, (R E A IR AL — LA T] AL [ j . — it
FAEN T HREBRERE, B IBR R E R EE, AS R R TH SR ORI N, R SREEE A R 1
T e DU B FAR PUSCSIORER s F HLK 2 BB UK 0 Ao 14 ) i R A 2R 1) R SR AN AR

BEXF FIRAAAE R I, AR SCHE LG GRU FHAERR B 1) PRy RS04 B2 A e 2Ry o P BRABE TR A AR A
P I AN B R P BB . 8 56 ) GoogleNet 945 B BUAE — i i B oA e, L VOB R AE 2 B4 N
4 GRU Ay S| K 7 51 21 41 (Sequence-to-Sequence, Seq2Seq) i Zid i, $REUMIZ, B 24157y, &
J i 3 3T AR KB 4] (Non-Maximum Suppression, NMS) #5325 25 B TU A AR B S Bt 3 471 A S 4
BEk ¥4

AR F AT = otk H—, $EH—FREN GRU A= JIHLH1 1) Seq2Seq #5244, fdifsiAl
T A B AL AT 7 51 I R 5 R R B il S5 it R KB S S PR R, RIS B R R 24, 3 e ml A%
PRI USSR BE s L =, SRR T AEMOCME MR S, A A 3 TR W, R A5 58 HARR AL AL S
W, H=, 7F SumMe. TVSum H1 VSUMM =8t S sh g6 7 RE7Y A 2tk

DOI: 10.12677/csa.2021.113062 605 H LR 15


https://doi.org/10.12677/csa.2021.113062
http://creativecommons.org/licenses/by/4.0/

W oo

Pars

48

ASCJE W HTHRGN g 5 1 B S U ZEA OB S A, 56 2 AR A& GRU Ak
AR R AR AR R AIL A A P R e S S B, 5 3 AT SR LU A A, 36 4 1 bAT TAR s 5 R .

2. XTI 1E

SR AT B K 2 T MR 2 21 JvE[2] [3] [4] [5] [6], I AN EkiZ ShARE SR JE (S
SRS, Hh RRFIEM RN 2. W TET IR RN, AR DR @A
ATl Sk R AR AE — S, SR FE AR TR 2R rp ol RO B B (Rl Sk AT 2 G AR i . 10T VR
SUTE T B 55 B £ ] LA WU A RRAE (B a0, B A, 520, 188hRE), 3 anml BT AE
AR A IR . SRS RE AR B 8 7 BEAE S B),  SCHR[6] R4 2, i i SRR i BT
16 5% (P [B) K 20 2 SR AR AT K i B fr o BRutbz b, f T SRR Bdad o RO 1) B RR R, %
Sy 2O AR AT P B 38045 ST 478 22 A B PR 5

BEE TR FE RN 28 AN BT R RS, A M 2 ) A B R IR A3 20500 . A B AR 27 %
REAER A SR R BEAR e, % -5 N A0 P9 25 75 SRR SE I — i 748 . 756 B2
217718 b, SCER[7] [8] [9] [10139A 9 [F) R A Amicdhs oA ARACA b T4y, ORI AH SG I B
B JE TR e A0 ORI P 2 S REAE, S 25845 B0 8 U A RAEME IO 22 SCR[11] [12)80H J5
AN G ot R AT AR HE S, 8 25 T hRic B0 i BB TAE

ILAESR, JET Seq2Seq AR AT 2L AR AR AU [13]-[18] 52 BB e 3 (1] 2 ik o SCHR[L4144 F AN
KFE #1012 (Long Short-Term Memory, LSTM)#.JCH] Seq2Seq #5745 34 s i gl B B 55, Fril s X
S F4T 41 3K sk #2 (Determinantal Point Process, DPP) it S8, SCHR[15]17E Lk Seq2Seq A4 A1 5] AR
SRR IR, B SR BRI, IS G EE IR SN, 5 ERITEAR, ARHE
Seq2Seq FA A ] GRU 0B LSTM #0, $EmillgeilcR, MRy gk 2 i e S R, A4 F AR
AR AEL ] 5 36 SRR ML, 3k B BB (1) £ TU AR AR

3. & GRU MARRAIEHIHIRIR SRR 4 RARE

ASOFTHAE R AR RAAE PRI . B BEVRAG 70 AR RS R B A o, HLREAR S I IA] 1 P
AL SRS ER A7 SO N AR SR GBI T SR AN AL SR, R AS AU 510 1) — i, sk
0 A BB A ST A AT S ) RSB R R LA s AR B R 4
VAR A, A ARROAB A0 L BRTT AW, A R B R S S MU 51 OGBSk 81

LA AR

I

D% (GRUD TH5EAF— i ¥ S ZE AT 5

I

Gl 3% (BIiGRU) HHEUHLSMIR 5 L R 0fs
] IG5 R

RFAE SR HUASEER

I

PS5

S

JR RS

Figure 1. Model structure diagram of video summarization integrating GRU and non-maximum suppression
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Figure 2. Structure diagram of inception
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Figure 3. The structure of GRU (© represents the dot product operation, @ represents the addition operation)
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X' = tanh (W *.concat (xt ht. r)) (3)
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KA R AAE (-1, D2l e, RPN TER u 55 t A RUE Ry
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Figure 4. The process of obtaining the importance score of video frames combined with the GRU network and the attention
mechanlsm
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TEAE BRI FE B (R0 B e, R 1, ) b — AR i g A 8, R TR
R RAE A B BE L BRTUR ML, A2 S BEMF 51 .

S L RIER 2 AT EEAEAS 4 P A1 P TR, (TR 5 PGSR TRE A o B . AE R
P 5 P AR, 5~7 47 BREIDCHEMT 1 K KR, SRAE K B BEA KT m; 9~14 47 1HE 4TI curframe
RS K Wi [ R 5 B o BB 55 10 47t sim(Z [curframe], Z [kframe]) Fon il
¥ curframe F1 kframe FIRFAE [A) K AR SZEE B vF EARBLEE . 25 b —0h 5 K g — AN B i A AL BE 3
KT o, WK curframe I K s 20 474 K 40T (RIS S8 HES, 1E BT As 2 i) as AT 22

G, R4 LS B ST 51 K R AR S P, f R ETL 2, ik s DGR
PR DB Sk, AR BT OSB3 A1 (1 S AR L, Yo IR ERd 7R B Sk I K o 5 SBR[ 141 A0 SCHR[15]
AHTE], 230K F 3L T A% s 73 1] (kernel temporal segmentation, KTS) [9]45 S A6 B3 3R B L 41 P,
I HH B 2B ) S B Sk e A1 K n PR SE E SRR B 1) 15% 75 45 o

% 2 1) 5~10 AT P oSS WU 51 K, K A SR BEMONT IE FR) B Sk I\ R B Sk 7 41 S s 12~23
AT e KA DGR ) Sk DA KB K s 25~35 A7l 720 B b 7e B Sk DA U K
B KAS R IIE DL, Forh s 26 17 iBe Sk g i BEMEAT 2 el B Sk b T A W4T 2 A NSRS

Algorithm 1. Algorithm for getting key frame sequence
Bk 1 REUCHEMIR I E

BN IR ENER 5 P AR 51 Z
W SCENUT S K
begin
BN B0 F 5 P E R
HIGHALGEEWT 51 Ko K [FERCRA R m FAHUEBE o
for (each curframe in P) do

if K 4H7KE >=m then

break;
end if
tag < 0;

© 00 N O O b~ W DN

for (each kframe in K) do

=
o

if sim(Z[curframe],Z [kframe])>a then

11: tag « 1;

12: break;

13: end if

14. end for

15: if tag == 1 then

16: break;

17: end if

18: F# curframe (1] key BRI K A5
19: end for

20: HEWUT S TR K EHHET
21: return K;

22: end
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Algorithm 2. Algorithm for getting key shot sequence
B2 SREUEBELFIEE

BN WIREIEIEGSF 5] P AT H K
Wil BT S

1: begin
2: ffH KTS bric S0 Bk o B, 73 20155k 7 51 P
3: fREINMARS PR P A EHTHET
4: WIRHREEE SR 51 S A S (KR K n:
5: for (each kframe in K) do
6: HRH% 751 P'#EE kframe (% 4% 3k kshot;
7: if kshot N7E S # then
8: # kshot A S H;
9: end if
10: end for
11: if P (I >=nthen
12: IR AR H AU overtime:
13: while overtime > 0 do
14. for(each curp in P) do
15: AR5 i 5 4 21 24 i) S SR Mot o2 7 5
16: 08k curp B x AW, BTk curp SFYIAN R x+1 ANk, IMBRAS B OGN BTk, KRR AR B LA HUE
HIEE KRB 25 curp, 4B BRI KC3d 4 deltime:
17: if deltime > overtime then
18: break;
19: else
20: overtime « overtime - deltime;
21: end if
22: end for
23: end while
24 else
25: HIHEHA R BB K lefttime;
26: Wi P AR R Sk G AR T P,
27: {e R E NGB B XS P, EHHET
28: for (each curpin P, )do
29: H# curp IIA S;
30: if curp FIEFH& > lefttime then
31: break;
32: else
33: lefttime « lefttime - curp AT K:;
34: end if
35: end for
36: end if
37: AEISTRIGT XS S EHHET
38: return'S;
39: end
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AT ) 3 AN ATFEIESE, 202 TVSum [22]. SumMe [23]. F1 VSUMM [5].

TVSum AL 50 MM, A& EBHL., IR RS BWRREREMNZ . SumMe Fdi4E
A5 25 AN, BERE IR T HRHAE T, HAIY 2 AR UG AR B 3R, VSUMM £
AL 100 N JE AL EE AT, BTIITE 10 08P AR, Jd 50 MR | YouTube MG, A& R
W, OEE, ARE, Bk, AT B AR EAINX 6 MR, 541 50 MK H open video project [
s, FEDIAFA AT TVSUm Fl SumMe FIFRZE 2 i 20 4R #E AN TARE I EEEE 7, VSUMM 1
FRAEA2E 5 44 M N T3 ) B .

N ER BN GARRL, A SO X SRR A PR 2 AT 4. o TVSum F SumMe [ bR%E 75 ik
FEIX 20 NN TARE R E B 5 00 FIME, FHAEIX R0, 512 Ms 1 VSUMM 725 I 75 ZEAEAH B
(OB MU A o BBV 7y, KA 9 (R 5 A4 A AR I 3E 1z M Sesdmi), e/ ME 0 (RP 5 &
WA B ARE X o

N AR T AR R A F A, AR SR FH R 2 B R IR R R s S 4l o O vk, BN BIT A s AR 3 14 i 6:2:2
HILE BRI 3 N SREE « BUESEFIINAAE s [F) B4 m R s i A A B o 1 BB (0 R JB AT 25 B, BRI VSUMM
H 11 AN RIEIURE R EORE S, TRE IR 89 ML,

4.2. {REHAIERR

AR PE 8 bR 145 F-score. i 7L 4% KFRR.
F-score FH T WA 28 By A= RS A0 A0 47 222 1) B8 AR R AE BE 77 - F-score HH RS Hf 26 pre A1 [91 2 rec 11575

pre = Ssﬂ (16)
rec = Ssﬂ 17
t
F-score = M (18)
pre+rec

e S, AR R i 2B R B AL AU 225 DA BdE RO ZE R g R, BI2E R 2 5 Il DL RS
. S, R R PTE BRAMUH ZE A B, S ol it (MU 22 1 S o R R A AR P
A PSR R RS R o R A IR T A A A T R v R I, 7 I R R P A
T EAE A B A L, RS AR AN B R AR AT P8, TR i BAOKCr, R R B
A AN AR AR

N T VAT SR R X TURICR, ASSCIRH — R P R b —— SR B U TR R, 5 EAE A AR
SEUE T, BRI ESR . ARSOR TR BT S K BRI R ARADLEE A 9 R B O B ot

TUARZ
sim(x, y):tanh( i(xi—yi )2] (19)
> isim(curi,curj)
il =t
Rcur - (m—l)' (20)
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Z(Ri *T;)
KFRR=1Z 1)
A(19)H sim(x, y) Fas KM x 5y KU, x Ay, RoR KLy n i B R R4 7 b 1 B AME .
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Figure 5. Process diagram of summarizing video
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Table 1. Comparison of F-score of different models under small dataset
= L NBIEETAREEER F-score JTELEER

pAETES FE A F-score
dppLSTM 54.7
TVSum SUM-attDecoder 52.9
AR A 54.9
VSUMM 33.7
dppLSTM 38.6
SumMe
SUM-attDecoder 38.2
ARSCHERY 39.2

% 1 J&7R T4E SumMe F1 TVSum PR R AR, A SO 5 2% Fb S AN ZEA AL 1Y) F-score BT
Fbgi ., MW 1A LLEH, A CHIAZE SumMe A1 TVSum H#8 B4 5 =1 F-score {fi. #HELT dppLSTM
Fl SUM-attDecoder, ASCHERFTR AN GRU S48 /b, FULTERIEEB D MBI T, ALK &1
o), AFRERY PRSI 2 B AT IR

B0, ASCEIE B R, OB AR TR MR RS, 5 SCHR[ 141N SCRR[LS1AEAL, 453 Sl B
HLIZEHL SumMe F1 TVSum o 20%£ 85 1 il e, K41 AR (1) 80%HHEF1 7 4b 2 Tl 48 & - 1E Ml R4
AIGUESE, HHm IG5 S 45 R ik 2 frw .

Table 2. Comparison of F-score of different models under large dataset

2. KBBETARIEEA F-score XTELLER

IR A RN S0 IE H 42 MIRERAE/ TS i) F-score
dppLSTM 59.6
SumMe + VSUMM + 80%TVSum 20% TVSum SUM-attDecoder 58.9
AR 59.7
dppLSTM 42.9
TVSum + VSUMM + 80%SumMe 20% SumMe SUM-attDecoder 44.0
AR SRS 44.3

M2 ATBVE Y, MR/ NSRS, A SO KR 4R (1) F-score #2117 5 21 6 s, UEWIA SR
RUPEAT 76 AL AN ZRECE AR B AR 0L T, REMSCSR B TEAL A4S o [RIINET BUFC A AR 7 0 1 o 11
4R, FUGEMIA ORI BAT B I BE

4.32. EE& KFRR
BT KFRR PPA% 8 b 75 ZEAR R AR Y SRR (1) S B MindE A7 v 45, (Rt 5236 i 4% VSUMM A dppLSTM
VENEEXHRER, S E g SR anse 3 fioR.

Table 3. Comparison of KFRR
%% 3. KFRR X}EEER

V€T S it KFRR
VSUMM 0.71
TVSum dppLSTM 0.59
AR 0.53
VSUMM 0.78
SumMe dppLSTM 0.56
ARSI 0.45
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