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Abstract

Object detection along with pose estimation remains a quintessential computer vision problem.
By pose estimation, we imply inferring the orientation by taking a 2D image and 3D point
cloud of the object. This problem is motivated by the use of vision-based robotic manipulators.
These are the robotic arms which rely at least in part, on cameras to obtain images of their
surroundings. The thesis aims to provide an automated solution to the pick-and-place problem.
Along with this, we have attempted subproblems of this broad scope objective, such as general-
ized object detection and pose estimation for different geometrical shapes using deep learning

techniques.

Regarding the methodology, the first contribution proposes an autonomous machine vision
system which grasps a texture-less object from a single layer of cluttered featureless objects
of varied sizes, rearranges it for proper placement and then places it at a proper position using
computer vision. It contributes to a unique vision-based pose estimation algorithm, collision-
free path planning and a dynamic changeover algorithm for final placement. This framework
has a well-defined application for the assembly task in industries. The second contribution of
this thesis is the use of a low-resolution 3-D scan to guide a localized image search, to opti-
mally utilize information from multiple sensors. This information guides segmentation of the
image for better object pose estimation, for a pick-and-drop. We apply this algorithm for emp-
tying a bin where cylindrical texture-less objects are lying in multi-layered clutter. The third
contribution models uncertainty of the autonomous system proposed in the previous contribu-
tion. Application of the pick-and-place task using a 5-DOF Kuka YouBot is demonstrated in

the thesis. The fourth contribution widens the scope of the thesis by working on benchmarked

vii



datasets and moving more towards a robust system, by taking into account different viewpoints
and refining the search process. We formulate a novel object classification algorithm with the
assistance of viewpoint using an SVM. The fifth part extends the previous task using a deep neu-
ral architecture. We show encouraging results for object recognition, object instance prediction
and object pose estimation, with the help of an Inception-based convolution neural networks.
This architecture requires only RGB images instead of RGB-D required by previous models.
We show an improvement with respect to state-of-the-art object detection models: we achieve
an accuracy of 89.8%. This is the first work to use an Inception architecture along with 1 x 1
filters, for object pose estimation.

The thesis presents architectural features, training procedures and shares futuristic recom-
mendations. The proposed algorithms and their extensions, and techniques have been tested
on publicly available de facto ‘standard’ datasets, such as CIFAR and SVHN. We show en-
couraging results of the same, indicating that the hybrid architecture can culminate in a very

competitive and robust model for pose determination of generalized objects.
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