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Video Advertisement Classification Method Based on Shot Segmentation and Spatial Attention Model
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Abstract As video advertisement is increasingly used in some areas such as search and user recommendation,advertise-
ment video classification becomes an important issue and poses a significant challenge for computer vision. Different
from the existing video classification task,there are two challenges of advertisement video classification. First.advertised
products appear in advertisement video aperiodically and sparsely. This means that most of frames are irrelevant to ad-
vertisement category. which can potentially cause interference with classification models. Second. there are complex
background in advertisement video which makes it hard to extract useful information of product. To solve these prob-
lems., this paper proposed an advertisement video classification method based on shot segmentation and spatial attention
model (SSSA). To address interference of irrelevant frames. a shot based partitioning method was used to sample
frames. To solve the influence of complex background on feature extraction, the attention mechanism was embedded into
SSSA to locate products and extract discriminative feature from the attention area which is mostly related to the adver-
tised products. An attention predictionnetwork (APN) was trained to predict the attention map. To verify the proposed
model, this paper introduced a new thousand-level dataset for advertisement video classification named TAV, and the
gaze data were also collected to train the APN. Experiments evaluated on the TAV dataset demonstrate that the per-
formance of the proposed model improves about 10% compared with the state-of-the-art video classification methods.

Keywords Classification, Video advertisement, Attention, Annotation
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Fig. 1 Advertisement frames

R TR LR )R, AR SCHR T 3 T Sk i A o R
TRV 23 3 T 0 I 45 5 A (R B SSSA) B F R T
B oA 55 o 1St 7= o ek G i o R A R 300 e ) o A, AR S
T 36 45 Sk U0 48 19 43 1) O 1 SR R A 0T s A U 2 SR A i
R 2 T ) B 5 [l s S T MR AR 42 BOA 8005 8L A SO
23T 2k B AR, FRATTDILEE B L AE )T L T A A —
FE B Sk U4 . 7R X SR Sk b, 55 28 M O I B Sk 1 L
5 B 0 g 5 28 000 G 1 A AR AR B b L . )
B TR — 45 Sk rv A A0 it Py 25 A ] SRR AL R LA el — A 0 A5 it
R R WA AT, 8 R WEE  FR AT A b B A A
i JEAE S R AT 438 I SRR AT L AR AU AR AR S A3 Ml 76 SR A A AR
TP L ) AT 98020 AN A G ikt 43 284 55 1 T4

OGB4 B A 2R T S R A AR ORI AT B
B IFTHL B T 2 7 B X O A A A
R X I, Sl A 5 A BE R ML AR A RE % 4 k) R A
KAF BT AT G AH 6 X B B P R AR . IR 2 R
JRT 3 ASATE T A A B X R A S . AR AT LB
B, B A A A2 2 5 5T A AR T Hpr L A A S 3 AR T L
I JE O X 5 OV 55 00 A0 28 50 A G 11X

B2 3 A Wi i

Fig. 2 Visual attention maps for three advertisement frames
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Fig.5 Performance of different segmentation methods
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2 B E/ %
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