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Abstract

How humans perceive a certain image can vary greatly and depends on specific image or video
characteristics. Our brains do not register everything that is presented to our visual field. Al-
though a number of objects could be visible to the human eye at any point in time, the attention
gets focused on a particular object or a group of objects which are more conspicuous by virtue
of their contrast with the surrounding. The human brain perceives a region to be salient based
on a number of attributes like color contrast with the boundary colors, relative intensity, relative
size with respect to other color patches, its location within an image. However since these fea-
tures vary widely across range of images, no crisp thresholds can be specified for an automatic
salient region detector. In this thesis we address this issue by using soft computing approaches.

Such regions of the image or a video are referred to as salient regions.

We start with developing a fuzzy rule based approach which makes use of fuzzy attributes
mentioned above for salient region detection in images. As a first step, the boundary colors are
quantified into four main categories. The rest of the image is divided in rectangular patches,
and each patch is marked to be salient or non-salient. Salient patches are clubbed together to
form the salient region. The fuzzy rules themselves are learned from a large diverse collection of
images with marked salient regions, using Genetic Algorithm based evolutionary model. A case
based reasoning approach has also proposed on similar lines. The second approach for saliency
detection in images is based on information sets which utilize the information content of the
images in terms of texture and color. The entropy of image patches are used to create saliency
maps. We then integrate this information with color contrast maps for the detection of salient
regions. We establish the effectiveness of both of our approaches by extensive comparisons
with the state-of-the-art methods in terms of precision, recall and F- Measure on three publicly

available datasets.

Next we consider the problem of saliency detection in videos. Human attention is directed to



any significant change in content in specific frames (termed salient frames or key frames). For
detection of salient frames we propose two models. The first model is a fuzzy rule based one,
based on fuzzified histogram distances and pixel intensity distances between selected frames.
For the second model we make use of the fact that instead of scanning the whole of the frame,
content change may be noticed even in specified strips along various directions. We create
artificial images by collating strips from successive frames, and look for sharp changes in color
components. We establish the effectiveness of these models using fidelity and compression
ratio measures and comparing with other reported algorithms.

On a similar vein, any human activity which is in variance from the usual set attracts human
attention. We have explored this aspect in our thesis, by proposing a Markov Logic Network
based framework. Given a large set of activities we train the system so that it is able to rec-
ognize normal pattern of activities. The system automatically assigns low weights for action
patterns that are significantly in variance with the usual ones. We test these models on our
own created database. We have additionally performed experiments on action recognition and
unusual activity detection for the THUMOS 2014 challenge.

Finally we present some applications of our saliency methods in images and videos through
object discovery in videos, image retargeting, non-photorealistic rendering and image compres-

sion.
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