EEETEF S

TREALI R S R 2024, 32(8)

Computer Measurement & Control

« 201

XEHS:1671 -4598(2024)08 - 0201 - 08

DOI:10. 16526/j. cnki. 11-4762/tp. 2024. 08. 029

FESES: TP391.4 XEkARIRAD A

E T 3175 Transformer B N5 3= {150
BERSKIZT
AR, B D

GBI R W LR Be . VLI8 58 214000)

WE: WSS RS R M EENHE AR TFB, TR 24 0 W s U0 4R O HEE B 28 4 5 JUR 3 14: 43 A7 2
BEAT SRR Bl W4 A (1 3 B 0 M A TSN 1 DR SR B L AR SR 0 T 3l 2 1 & T Tk T A R Ak R o R 4R T A R
MIFE R, BARIER B 2 S kB AT B R R E R . SBENRE; G5t — M8, &8 7 —F % F 3548 Translormer 14 1 #
MUAT 5 BEASERY 5 8 Bl o B9 A i A LA I B 55 4 00 1 token, JE AT UK £ A4 Transformer 1AL, I 28 848 I 2E B token 0,
PASZ PR OE B BSOS O s — B A S B M T L MEFE S AR S & k. IR SR T RRAE I A RE B O I BOR DO A I
B MR R S A O A T B, B, MR TSGR, %3 Transformer 58T 78 i 5y 3 1 47 Fr 4
Th TEX A ATFRARE B F B bR BIRE T 3. 7% M 0. 9% . [ HF44052 2R 3 W AR T 40 %6, T LA 2 0 8 SR A s 4 R
TIE BRI EL AT R AT 17 et

KW W ERE AR A& Transformer; TWWHEE; FEEH; B AEH

Design of Surveillance Video Summarization System Based on
Dynamic Transformer

RUAN Zhijian, PENG Li
(School of Internet of Things Engineering. Jiangnan University, Wuxi 214000, China)

Abstract: A surveillance video summarization system is an important technical tool, it is used to extract key information from
large and complex surveillance videos, and provides an effective support for security management and event analysis. With the popu-
larization of surveillance devices and rapid growth of surveillance video data, traditional manual summarization methods cannot meet
the demands of fast processing and accurate extraction of required information. Modern deep learning methods widely have the shorta-
ges of high computational complexity and large parameters. To address this issue, a dynamic Transformer-based surveillance video
summarization model is proposed. The model automatically assigns appropriate tokens to each input video frame, cascades multiple
Transformer models, and gradually increases the number of generated tokens to achieve the adaptive activation order. Once, it gener-
ates the sufficient confident predictions, the inference process will terminate. The model adopts the feature reuse and attention reuse
techniques to reduce the redundant computations. It makes a significant progress in reducing the computational complexity. Experi-
mental tests show that compared with traditional models. the dynamic Transformer model increases the accuracy. the F score indica-
tors by 3. 7% and 0. 9% on two publicly available datasets, respectively. At the same time, the computational complexity is reduced
by 40%. This model can meet the requirements of precision and surveillance, demonstrating a good generalization performance.

Keywords: video summarization techniques; dynamic Transformer; computational complexity; feature reuse; attention reuse
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F 4 HVERET SumMe Fl TVSum H4idE L SE#H 1
MR B TR0 F A8 (o) MISH (T B

Transformer fizJ5 — )2 i th A9 FFAEC . 28 MLP 24 7 |
K+ (Upsample) J&, fEN FETF 3Lk A (Context Embed-
ding) LA Concat [y A& A F iRl £ — )2 1) MLP
., FIH U Transformer & 5 — )2 H % H ) token (z,,)
S22 F i A b Y layer-wise Embedding (ED . #U7E X —
WAy 2Bk IG . 2 B Transformer Y AN B8RS i I fee . 5
BT AR B RHE

£ 6 LBRFFAL T HIBOE 4 LR %

Module F on SumMe | F on TVSum | FLOPs/G
Ours-feature reuse 41.4 57.6 1.78
Ours 63.0 64.0 1.1

Method F on SumMe F on TvSum Params/M
Video MMR 26.6
LiveLight 46.0
ERSUM 43.1 59.4
MSDS-CC 40. 6 52.3
vsLSTM 37.6 54.2 2.63
dppL.STM 38.6 54.7 2.63
SUM-GANdpp 39.1 51.7 295. 86
SUM-GANsup 41.7 56.3 295. 86
A-AVS 43.9 59.4 4. 40
M-AVS 44,4 61.0 4. 40
SASUM 40. 6 53.9 44,07
SASUMsup 45.3 58.2 44,07
DR-DSN 41.4 57.6 2.63
DR-DSNsup 42.1 58.1 2.63
TS-STN 46.1 60.0 16.18
FCSN 48.8 58.4 152.07
VASNet 49.7 61.4 7.35
DSNet 50.2 61.2 8.53
Ours 53.9 63.0 1.53

5 OTEMIE P RAER AT TVSum i LM
F o8 (000 5 Bt i U 2207 16 10 LU

Method Canonical Augmented Transfer
vsLSTM 54.2 57.9 56.9
dppLSTM 54.7 59. 6 58.7
SUM-GANsup 56.3 61.2
A-AVS 59.4 60.8
M-AVS 61.0 61.8
FCSN 58.4 59.1 57.4
DSNet 62.1 63.9 59.4
Ours 63.0 64.0 59.4

3.5 HmIZI
SR A WB G 7 200 A SR B B B 0 AT T A S
DIBGUEHA v, gk 6 Bros . 44T B AR R 6 by

MFE 6 R LIEN, EREBEIEERE. ZEFITEAR
[l Transformer H AR . SXRE B AR CRARMG . 17 L& 2
BEEFA. ANL1G EFF .78 G, | {fEm s 8K 5L T4
B ri ASRIe . HUOHEFE R B PR EEIT ISR, R T 5

AL 55 A B E R fE R
AR S X B AT I RS g DL A R
W7 PR, TR I B O AR R B U R Y A

ERETIE L logits (BT E A, 4 MLP 2248 E R A
Ja s MATRENERIEN logits o XAE, TR &3
— JZ B T R R AT R4 S b A Y AN [ R B Y 4
EBENEE, HiX—RANME B 5 B nT DU 8o MLP i
ZRA S AR TE R RS X B AT R
e BN HAT B8 HE AT EE AL o B e DL fR LA 6 &R
FOROPIVA e
KT ORI TR LA

Module F on SumMe | F on TVSum | FLOPs/G
Ours-attention reuse 41.4 57.6 1.83
Ours 63.0 64.0 1.1
Tk
FLLAR RSBk
400 AL OGBSk
200
ﬁ |
=
€ ol |._ I I|..||||
X mn 'II I
8
-200
-400 L 1 1 1 1 1 1 1
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8 BERILE TVSum $di 4R b % #0551 i 22 ] B 1k

M 3~5 g, BUEER I EA S, B R R E
WIS BTk PO el T T A I A N A S AT

BB MU www. jsjclykz. com



+ 208 -

LI i 5 4

%32 %

5, DILTE R B R AR AT 2 AT BT o, Xl
PRI ) T R AT i A AR AR R

T SR A R R TR M SR AT A (. Ok
—BUE RN 9 Bt )RR T AT R A AR 2 AT B
B e bR O B AR A A AR 65 . 22 R AR 2 JaL IR P AAR
130 Wi, A T AR 0 SR BT A9 55 191 W, A b A O R 49 A
(957 65 WU A7 3 1912 3 X G 5 R A PLARA ] . DA I ool
LA S E, KRB 65 Wif P izsh His, ZEil iz s)
bt BUTE S o 00 A9 26 130 Wi, A 301 3z 3l H A i BLAE
JE UG B AR A 191 it AT RUAR 3 BT 3t A5 R T 5 K LAl 2
i JE ZESR AN M 1 20K

191
9 M JEUAR ALABUR ok 4R AN LR B

4 HRIE

AW T —M I F 31 E Transformer Y4045 5 Z AR
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