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Abstract

In this dissertation, we develop compact, robust and efficient local descriptors to represent 3D models
captured from devices such as Kinect, LIDAR etc. Among many possible input data representations
for 3D data, we choose 3D point clouds as the preferred form of data representation for the work in
this dissertation. 3D point clouds have been chosen as they are the raw output of many 3D scanning
devices and hence provide the closest representation of the captured scenes or objects. Our first
contribution towards developing compact and robust local descriptor is developing a technique for
extracting a binary descriptor directly from 3D point clouds. For construction of the descriptor, we
introduce an angular criterion for finding the points representing the geometry around a keypoint.
The information from these points is encoded in a pairwise manner by comparing the projection of
normals. As a second contribution, we propose a more robust and fast to compute binary descriptor.
It involves partitioning the space around keypoints into sectors and performing hierarchical pairwise
comparison of projection of normals. Additionally, to reduce the false positives we propose fitting a
B-Spline surface to the neighbourhood of keypoints and matching keypoints with similar B-Spline
surfaces. The similar surfaces are obtained by comparing residual error between possible cubic sur-
faces and constructing a look-up table in an offline manner. While with handcrafted descriptors we
were able to encode the geometry, we observed that the progress in deep networks for tasks such as
3D object classification began providing better than state-of-the-art results. However, such methods
do not compare their performance against techniques which involve handcrafted descriptors, and
also do not always provide results on standard benchmarks. To fill this gap, the third contribution
is a comprehensive evaluation of such networks on common benchmarks and studying the impact
of binarization on the descriptors obtained from such networks. Our study indicates that the de-
scriptors constructed using deep networks provide strong feature representation. However, these
descriptors are global in nature and further mostly work on voxels or projections obtained from
3D point clouds. Moreover, such networks strongly rely on availability of large amount of data.
On the contrary, handcrafted descriptors may even be used for unconventional tasks by adjusting
parameters. Therefore, to analyze the applicability of deep networks to such tasks, we apply them
for drought stress classification using 3D plant models. As plants usually have very sharp structural

variations, this task also puts to test the capability of deep networks to discriminately represent
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complex object structures. The experiments indicate that deep networks perform better when local
information is infused within the descriptors derived from them. Motivated by these experiments,
as a fourth contribution we develop a local descriptor based on deep networks and propose a multi-
margin loss function to exploit the complexity in training data. The proposed descriptor is evaluated
for various tasks on standard benchmarks against competing methods. In summary, this disserta-
tion proposes state-of-the-art handcrafted and deep network based 3D point cloud descriptors. The

dissertation also contains a comparison of various methods against standard baselines.
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