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Abstract

An autonomous robot must map its environment and estimate its egomotion to perform

effectively. Monocular simultaneous localization and mapping (SLAM) can generate maps

of the robot’s environment, except for the absolute scale. Alternatives based on stereo or

RGB-D camera based SLAM systems can obtain the metric scale but have disadvantages in

terms of the cost, size and power requirements. This thesis is focused on the development

of an absolute metric scale monocular SLAM system for autonomous robots. A depth

from defocus (DfD) technique that relies on image blur is used to estimate the metric

scale. However, existing methods for DfD suffer from ambiguities caused by texture,

motion blur, and the location of the focal plane. The novelty of this research is combining

DfD with camera motion to resolve estimation errors caused by these ambiguities and

compute a reliable measure of metric scale. Monocular SLAM algorithms are also prone

to scale drift, where the scale gradually changes while mapping. It is demonstrated that

integrating DfD into monocular SLAM eliminates scale drift and results in accurate metric

scale maps.
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φ� Calibration parameters for Depth-Defocus function

�+ First-step constrained � in the two-step projection method

Q Covariance matrix of the process noise

R Gradient ratio of input image and reblurred image

R Covariance matrix of the observation noise

r Index to evaluate the constancy of λ

Rc Covariance matrix of the noise or the extent of constraint

violations
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rthl, rthh Threshold values to select features with constant λ

S Innovation covariance matrix

Sc Constrained innovation covariance matrix

σ Standard deviation of Gaussian-shaped PSF

σb σ for motion blur

σm Measured σ for defocus blur

σmb Composite σ of σm and σb

σr Standard deviation of reblurred Gaussian-shaped PSF

smg Index to evaluate edge strength

t Time (continuous)

θ Edge direction angle

u (·) Step function

u = [fu fv]
T Optical flow vector

v Image velocity

W Filter gain vector

Wc Constrained filter gain vector

xe X-axis on an image where the edge is placed at xe = 0

xk = [Λk λi
k σi

m,k]
T State vector of EKF

ye Y-axis on an image where the edge is placed at ye = 0

z Non-scaled distance from the lens center to a point along the

optical axis

Zk = [zik]
T Observation vector of EKF

zth Threshold value to select features nearby camera

ζk = [ζik]
T Noise vector for the extent of constraint violations

Operations

� ∗� Convolution operator

| · | Absolute value
√· Square root

exp(·) Exponential

�2 Square of �
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� Gradient operator

|| · || Norm

�̇ First derivative of �

E[·] Expectation

Σ(·) Summation

argmin[·] Argument of the minimum

State Transitions

�k−1|k−1 Previous state

�k|k−1 Predicted current state

�k|k Updated current state

Transforms

�T Transpose

�−1 Inverse

r Rotation matrix of keyframe pose

t Translation vector of keyframe pose

tt Ground truth of t

T = [r|t] Transformation matrix of keyframe pose
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