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Abstract

Selective attentional processing involves suitable processing of visual stimuli to local-
ize the key objects and hence is an important research area. Due to the sophisticated
human visual capabilities, it is quite trivial to distinguish the salient object from any
kind of complex background, or amongst a number of salient objects while it remains
challenging in case of machines. Such a task of being able to recognize and segregate
the salient objects is known as salient object segmentation. Although a multitude
of prevailing salient object detection algorithms solve various aspects of object lo-
calization and segmentation wherein they require abundant training data and rely
on utilization of sophisticated resource engines. It is still difficult to capture many
interesting patterns such as convexity and smoothness of region boundaries locally.
Further, saliency alone cannot serve as a single cue to efficient segmentation as var-
ious attentional models identify different regions as being salient. Mostly intelligent
scribbles or markers are used to improve the segmentation accuracy, thus require
manual intervention. We however design and develop segmentation and localization
algorithms around the central idea of object characterization which is based on the
premise that objects are characterized by a well defined boundary and unique con-
trasting regions. Unsupervised segmentation when implemented with great deal of
precision and computational efficacy eliminates the need for extensive training over-
head as observed in most of the deep learning algorithms. In this thesis, we present

four works: saliency guided segmentation, object characterization, holistic segmenta-
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tion framework using saliency and features, and ordered salient object proposals.

As a first contribution of the thesis, we congregate the features at different gran-
ularity levels: local, global and rarity cues to construct a saliency map as a prior for
segmentation. Further, to increase the discriminability of the proposed saliency map,
we apply a non-linear scale space preprocessor unit to the image. The technique is
applied successfully to perform multi-object segmentation.

Next, we first characterize objects by developing a novel set of features: SIKA
features which is a careful combination of Scale Invariant Feature Transform (SIFT)
and KAZE features as opposed to just a compendium of interest points to repre-
sent the object characteristics. We also develop a salient keypoint selection strategy
based on the discriminability, detectability and repeatability of keypoints and show
its effectiveness in object representation.

Thereafter, we extend the performance analysis of the abovementioned paradigms
in unsupervised segmentation. We provide an end-to-end architecture for unsuper-
vised salient object segmentation by augmenting the saliency map with an edge-aware
region prior map. We also propose a novel technique for selecting an appropriate
threshold for binarization of the saliency map. To this end, we make use of salient
keypoints to provide the foreground seeds for leveraging the strength in object rep-
resentation.

Most of the existing generic object localization algorithms usually give the plau-
sible object locations without taking into consideration the saliency ordering of the
proposal set. We present a graph-based novel object proposal generation which ranks
the key objects according to their saliency score in the proposal pool. It utilizes aggre-
gated edge cues with relative spatial layout of the edge nodes thus employing multiple
Gestault principles to facilitate structured prediction. Additionally, we demonstrate

the applicability of the generated proposal set for content aware image retargeting.
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