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Abstract: Classification of special videos is significant for intelligent surveillance of internet content.
Existing algorithms that fuse multimodal features forclassification of special videoscannot measure
multimodal audio-visual semantic correspondence. An algorithm for recognizing special videos based on
multimodal audio-visual feature fusion was proposed herein over the framework of multitask learning.
First, audio semantic features and spatial-temporal visual semantic cues, including appearance and
motion, were extracted. A latent subspace to fuse audio and visual features whilst preserving their se-
mantic information was learned and developed through jointly learning audio-visual semantic corre-
spondence and special video classification. Subsequently, a multitask learning loss function was pres-

ented viacombination of the correspondence loss, obtained based on the measured audio-visual seman-
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tic information,and the cross-entropy loss of special video classification. Finally, an end-to-end intelli-
gent system for special video recognition was implemented. Experimental results demonstrate that the
accuracy of the proposed algorithm is 97. 97 % with respect to the Violent Flow dataset, and the aver-
age accuracy is 39. 76 % with respect to the Media Eval VSD 2015 dataset, where by the algorithm
outperforms the other existing methods. These results show that the proposed algorithm is effective
for improving the intelligence of network content surveillance.

Key words: special video recognition; feature extraction; multimodal feature fusion; semantic corre-

spondence measurement; multitask learning
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Fig. 1 Framework of violent video classification
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Tab. 2 Comparison based on different modalities on MediaEval VSD 2015 dataset

B AP/ %
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ST -+ A T LA 2 31. 41

RGB Mt + & 47 1) i il 5 285 21 29. 46

Z R (RGBT 43 D LT RA 1 5 ) a3 26 38.12
RN S — Btk BE 12 (0 B A 0 5 ) LA 4y 2K 38. 65

AT SC— S0Pk BE 04 R A A 1 2 T AR 43 2 39. 76

BRI, (1) 76 56T BB 1 2 1 WAL 43 2%
Fh AN T T G R AE LA RGB D) (1) 5% 1
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LA AURRAIE 14 2 I 43 2 D7 TR 1 AP B
&R 14. 16 % . X Ut B #E MediaEval VSD 2015
T SIS TV E w1 2 A 4y FE AT 55 ok
W, 7 AIE DTk 6 S5 K 11h 2 WU i T T ) 3R O SRR
fiE s H R R 32 Bl i SCRRAE L e /DN BTk Y 2 5 A5 R
fiE . XA R AT DL B 1 AR M A R
FE DA R 2 T 0 0 L B A AR A R ORI AR
MY 7 B 0 AT BE SR T H IR, X B A 04
PR A7 I B B LA 8% 43 AT A AT e Ak T o Y
FIWT . (2)F F T BURE A 11T fl & 19 2 07 A0 43 2
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AR % SVM 43 888 2= 2] i R S8 ik
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Tab.3 Comparison based on different methods on Medi-

aEval VSD 2015 dataset

J5 ik AP/ %
Fudan-Huawei'" 29.59
Esra et al. " 29. 47
MIC-TJU ! 28.48
ART5 39.76

% 3 45 T 1FE MediaEval VSD 2015 % 1 #i
IO TF P L ©AT 8 FF 7 36 VAR SCH 1 5 T 1Y
XL IR EE R . NFR 3 W LLFE AR SOy ik b At
T APAE R 17 100 17 %, 540 Ut W] 1 A 7 1
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Fig.3 Video sequences from MediaEval VSD 2015 dataset
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