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Abstract

This thesis presents robust and efficient approaches of visual object tracking with
ambiguous targets handling such as partial occlusion, split region or mixed state
between the partial occlusion and the split regions. This thesis proposes a hybrid
tracking process with ambiguous target handling by combining advantages of the
particle filter (PF) and the nearest neighbor data association (NNDA) together. Firstly,
we use a compact object models for handling the ambiguous targets that consume low
computation. At the first glance, we propose using only a bounding box model and an
expected object region as the object models. The experimental results showed that it was
sufficient for ambiguous target handling in some circumstances such as failing in color
features representation etc. Next, other features were integrated in the preliminary
object models to improve the accuracy of tracking through the particle filter-based
object tracking called the hierarchical particle filter embedded non-stationary Gaussian
object model (HPF-NSGM). Finally, we defined new distance function for the NNDA
called as a state classifier for robust determining target state by using a single threshold.
The single threshold was defined for classifying target states into three states by
considering interaction with the expected object region that consist of fully, partial and
no overlap ones. The experimental results showed that a larger threshold for the state
classifier increased the number of partial occlusion that can be solved by using the
proposed NNDA and HPF-NSGM while the smaller threshold increased the number of
faulty new targets which are considered as redundancy. We might lose many existing
target histories from the redundancy of the new targets that were not good for event
interpretation.

Keywords: Visual Object Tracking / Ambiguous Target Handling / State Classifier /
Hierarchical Particle Filter / Non-stationary Gaussian Object Model.
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