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Abstract

Video Annotation with Spatial and Temporal Context
Yuanning Li (Computer Application)
Supervised by Professor Wen Gao

With the development of capturing, storage, and delivering abilities, large amounts
of video data have become available. However, due to the well-known semantic gap
between low-level features and high-level concepts, our capabilities of interpret and
index such rich corpora have lagged behind. Hence, how to develop effective video
annotation techniques is challenging yet important problem for content-based video
indexing and retrieval. Video annotation needs to solve two basic problems: the first is
how to extract informative video content representation; the second is how to mine
the intrinsic correlations of video data and build effective mappings from low-level
features to high-level concepts.

Video is by nature informative in spatial and temporal context. In this dissertation,
we focus on two basic problems and aim to develop effective video annotation
techniques by discovering the intrinsic patterns and their context within video data.
The main contributions of this dissertation are summarized as follows:

Firstly, a correlated latent topic model (i.e., Spatial Pachinko Allocation Model,
SPAM) is proposed for video content analysis. SPAM models video content in a three
level topic model: the first level consists of visual words corresponding to the
low-level features and their spatial context; the second level consists of sub-topics to
discover the importance and the correlation of visual words in different sub-topics; the
third level consists of super-topics which are utilized to model the spatial correlation
of sub-topics explicitly. Compared with existing topic models, SPAM discovers the
intrinsic patterns of video content in topic space by jointly considering the spatial
context of visual words and the spatial correlation of topics. Experiments on video
content analysis show the effectiveness of the proposed method.

Secondly, a hybrid learning method of SPAM and Multiple Kernel Learning (MKL)
is proposed for semantic concept learning. Hybrid method fuses multiple topic spaces
which are inferred by SPAMs in a multiple kernel combination. Via multiple kernel
learning, the optimal kernel weights of the topic spaces are learnt together with the
MKL-based classifier, effectively depressing the noise information. Accordingly, the
advantages of SPAM in video content analysis and MKL in classification accuracy
can be integrated within the same supervised learning process. Extensive experiments
on TRECVID’05 dataset demonstrate the effectiveness of such hybrid method, which
yields comparable performance to the state-of-the-art.
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Thirdly, a novel formulation (i.e., Sequence Multi-Labeling, SML) is proposed for
video annotation. Different from existing video annotation schemes working on
individual shots or adjacent shots, SML predicts a multi-label sequence for a shot
sequence. Different types of spatial and temporal context, such as spatial correlation
of concepts, temporal consistency of individual concept and temporal dependency of
different concepts, can be integrated within the SML framework. For SML, a multiple
kernel based discriminative model (i.e. Sequence Multi-Label Support Vector
Machine, SVM*MY) is proposed. In SVM3M', a joint kernel is employed to measure
the dependency of semantic concept over low-level features, spatial and temporal
context within the shot sequence jointly. Accordingly, a multiple kernel learning
method over shot sequences is proposed to learn the joint kernel as well as the
SVM3M- score function. To make search more efficient over the large-scale output
space of multi-label sequence, an approximate method which maximizes the energy of
a Binary Markov Random Field (BMRF) is presented. Extensive experiments on
TRECVID’05 and TRECVID’07 datasets show that the proposed SVM®M: gains
superior performance over the state-of-the-art.

Finally, a video retrieval system (i.e., VDroid) is implemented for website videos.
In VDroid, “Bag-of-Words” representation is employed and a reverted index of visual
words with spatial context is created for efficient content-based search over large
video corpus. For concept-based retrieval, VVDroid utilizes video content analysis and
video annotation methods presented in this dissertation for semantic concept
annotation and video genre classification. Experiments over 400 hour’s website
videos demonstrate the effectiveness of VVDroid.

Keywords: video content analysis, spatial and temporal context, video annotation,
video retrieval



