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Abstract

Nowadays, images are generated at an explosive pace, which yields the urgent

need for an efficient annotation method to assist people to understand them. By

assigning multiple labels to an image, we can transfer the visual information to

keywords, which are more convenient to index.

The key issue behind this topic is bridging the semantic gap existing between

the image visual content and multiple semantic labels. Given a training set of im-

ages with manually annotated expert labels, there are two main factors to establish

an efficient annotation model, namely the visual relevance between the image and

labels, and the semantic dependency between the label pairs. Moreover, images

often carry abundant metadata, these metadata can be as informative as the pixel

contents and exploring the relevance between the image and metadata also plays

an important role in the image annotation. This thesis summarises the works that

have conducted on utilising these factors for the image annotation.

In Chapter 3, a Regional Latent Semantic Dependencies model is introduced

for the generic image annotation, which effectively captures the latent semantic

dependencies at the regional level. In Chapter 4, the weakly supervised annotation

and tag refinement for social images are studied. User-provided tags are the most

common metadata on the social network, even though they reveal the semantic

meaning of the image visual content, it is well-known that they can be incom-

plete and imprecise to a certain extent. We propose to learn an image annotation

model and refine the user-provided tags simultaneously in a weakly-supervised

manner. In Chapter 5, the representation learning and image annotation for the

diverse image set are studied. We uncover relationships between the image and
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its neighbours by measuring similarities among their metadata and conduct the

metric learning to obtain the representations of image contents; we also gener-

ate semantic representations for images given the collective semantic information

from their neighbours. In Chapter 6, the image annotation problem is addressed by

routinely checking its neighbours in a graph, which is constructed by the equipped

meta information of the image. We propose a graph network to model the corre-

lations between each target image and its neighbours. To accurately capture the

visual clues from the neighbourhood, a co-attention mechanism is introduced to

embed the target image and its neighbours as graph nodes. Chapter 7 concludes

the thesis and outlines the scope of future work.
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