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Summary:

In this thesis, we propose an inertial HAR system to recognize complex human
activities using motion primitives. Inertial sensor readings are segmented into set of
finite motion primitives, then recognized motion primitives are used to classify the
complex activity. Complex activities are classified using 2-level hierarchical HMM
classifier. We introduce a motion primitive generation algorithm that extracts most
distinct time-series segments from a set of complex activities. We also apply three
different features selection approaches to reduce the processing time. SBHAR and
PAMAP2 public datasets are used to evaluate the system's performance, where we
show that our approach achieves 93.77% and 86.84% accuracies respectively. A
comparison with related researches which used the same datasets is conducted to
compare our results regarding methodology, features, accuracy, time complexity and
classification rate.
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Abstract

Learning by Demonstration (LbD) first appeared in computer engineering in 1980s.
LbD gained much of interest in robotics, due to the complexity of designing and developing
a robot program to perform a specific task. LbD paradigm is to create robotic framework
that is capable of learning to perform a specific behavior by recording an instructors
performance and repeating it. In this thesis, we propose the implementation of motion
recognition, the first part of LbD paradigm. Where we build an inertial Human Activity
Recognition (HAR) system to recognize complex human activities using motion primitives.

HAR goal is to recognize the activities and behaviors performed by the user given the
environment and user’s sensed attributes. HAR applications increased in the past decades,
in order to improve the human’s quality of life. However, inertial research flourished in
the last few years due to the technological improvement in sensors industry. Inertial HAR
approaches use IMU to capture linear and angular accelerations at certain points as chest,
waist, hand and foot.

In this thesis, we investigate the capabilities of Hidden Markov Model (HMM) as a
learning model to capture inertial motion sequences with high accuracy. HMM has the
capability to capture time series data as in speech recognition, and has a low cost in terms
of time and memory complexity. In our approach, 2-level hierarchical HMM classifier
is developed to recognize the required complex activities. Inertial sensor readings are
segmented into set of finite motion primitives, then recognized motion primitives are used
to classify the complex activity.

We also introduce a motion primitive generation algorithm that extracts most distinct
time-series segments from a set of complex activities using Pearson correlation. Where,
primitive set should be unique and atomic to be differentiable from each other. Additionally,
they should represent almost all atomic motions that defines the complex motion set.

We applied three different features selection approaches to reduce the processing time.
SBHAR and PAMAP2 public datasets are used to evaluate the system’s performance,
where we show that our approach achieves 93.77% and 86.84% accuracies respectively. A
comparison with related researches which used the same datasets is conducted to compare
our results regarding methodology, features, accuracy, time complexity and classification
rate.
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