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Abstract

In this thesis, we address the challenges in typical motion profiles of ego-cameras and
design systems that utilize the camera motion to robustly estimate the location of a
wearer or a vehicle and map its environment for navigation. In an ego-centric video,
the camera views the same scene multiple times as the wearer’s head sweeps back and
forth. We use this specific motion profile to perform short visual loop closures aligned
with the wearer’s footsteps and use it to correct the pose inaccuracies arising out of
wild camera motions [Patra et al., WACV’17]. Accordingly, we first propose a frame-
work for robust camera pose estimation and use this framework successfully for solving
different ego applications such as EgoSampling, Hyperlapse, Gaze Fixation, Temporal
Segmentation and Activity Classification where state-of-the-art (SOTA) visual odome-
try (VO) methods have been reported to fail [1, 2, 3, 4]. This pose estimation framework
estimates camera poses relative to their adjacent keyframes and lacks the sense of abso-
luteness in position and depth necessary for autonomous navigation. We thus improve
our pose estimation method to propose a robust structure and pose estimation method

for solving both the absolute positions and the environment map of the wearer.

We observe that incremental structure from motion (SfM) algorithms employed in
most current VO methods in the presence of unreliable pose and 3D estimates from ego-
centric videos often generate drift and eventually lead to failures. We address this issue

by stabilizing the camera poses first using 2D techniques such as motion averaging



and then compute 3D structure using bundle adjustment [Patra et al., WACV’19].
Additionally, the use of domain knowledge from camera motion profile (e.g., local loop
closures) aids the robustness of the proposed algorithm. We validate the accuracy of the
estimated poses on different publicly available VO datasets. Further, visual navigation
requires reliable estimates of camera position and structure, and hence we use our
algorithm to aid visual navigation using ego-cameras mounted on cars.

The existing free space detection methods for autonomous navigation either involve
2D road segmentation techniques or 3D structure estimation techniques for identifying
navigable spaces in front of the vehicle. We initially propose an improved 2D road seg-
mentation method for providing strong road detection priors for unmarked roads, under
varying illumination conditions [Yadav and Patra et al., ICIP’17]. The proposed con-
ditional random field (CRF) based method uses SegNet [5] for modelling road texture
and color lines model [6] for modeling illumination variations. This method can gen-
eralize across datasets and provide better road segmentation when compared to SOTA
2D road segmentation methods. However, 2D road segmentation methods do not pro-
vide the depth estimates for detecting navigable free space and fail on cases of uneven
textures due to shadows, potholes, road restoration, etc. The use of 3D information
becomes necessary to overcome these texture based classification failures. We propose
an improved method for free space detection that uses a joint 3D/2D based CRF for-
mulation using the generated higher level 3D road priors from our proposed structure
and pose estimation algorithm and 2D priors from SegNet [Patra et al., WACV’18].
Both of these cues complement each other along with illumination invariance from the
color lines model to create a comprehensive model for free space detection on roads.
Experiments show the superiority of the proposed approach over SOTA. This work con-
tributes to an extensive study on ego-cameras and provides insights for further research

on camera pose and structure estimation using challenging motion profiles.
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