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Abstract

The machine learning approach is explored in this thesis for depth estimation of two dimen-
sional images involving various features and concepts. The depths are generated for stereo
pairs using fixed point model which is obtained by learning ground truth depths of training
data. For the combination of multiple cues, the depths from stereo and monocular cues are
used as input features for the generation of prediction function which is the specialty of our
approach for depth estimation. The accurate and reliable depths are predicted from proposed
learning framework for new stereo pairs.

A novel approach of manifold learning is proposed for reliable depth estimation of single
images. The deep learning process is applied which extracts CNN features from Caffe model
which is available online. The features generated from this process are more authentic as com-
pared to hand crafted features such as direct intensities of the image pixels. The complete model
is trained using initial depths obtained from manifold and ground truth depths of the training
data in a fixed point learning framework which gives refined and dense depth maps. The results
are evaluated using various quantitative and visual measures and compared with ground truth
depths of test images, if available.

For the test images of different feature distributions than training images, transfer learning
is used in our work which is novel approach in the field of depth estimation. For this, manifold
alignment is applied in which manifolds of source and target domains are projected to new
space so that the difference in structures of both domains is reduced. After manifold mapping,
the depths are generated from manifold learning and finally fixed point supervised learning

process is used for prediction of refined depth maps.
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