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Abstract

Current physiotherapy practice relies on visual observain of the patient for diagnosis
and assessment. The assessment process can potentially b®raated to improve ac-
curacy and reliability. This thesis proposes a method to reger patient joint angles and
automatically extract movement pro les utilizing small ard lightweight body-worn sensors.

Joint angles are estimated from sensor measurements via teended Kalman Iter
(EKF). Constant-acceleration kinematics is employed as #hstate evolution model. The
forward kinematics of the body is utilized as the measurememodel. The state and mea-
surement models are used to estimate the position, velocéynd acceleration of each joint,
updated based on the sensor inputs from inertial measurenmamits (IMUs). Additional
joint limit constraints are imposed to reduce drift, and an atomated approach is developed
for estimating and adapting the process noise during on-gnestimation.

Once joint angles are determined, the exercise data is segmeel to identify each of
the repetitions. This process of identifying when a partidar repetition begins and ends
allows the physiotherapist to obtain useful metrics such ake number of repetitions per-
formed, or the time required to complete each repetition. Aeature-guided hidden Markov
model (HMM) based algorithm is developed for performing theegmentation. In a se-
quence of unlabelled data, motion segment candidates areuid by scanning the data
for velocity-based features, such as velocity peaks and @esrossings, which match the
pre-determined motion templates. These segment potentsahre passed into the HMM for
template matching. This two-tier approach combines the sgel of a velocity feature based
approach, which only requires the data to be di erentiatedyith the accuracy of the more
computationally-heavy HMM, allowing for fast and accurate egmentation.

The proposed algorithms were veri ed experimentally on a daset consisting of 20
healthy subjects performing rehabilitation exercises. Tdimovement data was collected by
IMUs strapped onto the hip, thigh and calf. The joint angle estation system achieves
an overall average RMS error of 4.2ém, when compared against motion capture data.
The segmentation algorithm reports 78% accuracy when thernplate training data comes
from the same participant, and 74% for a generic template.
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Chapter 1

Introduction

Physiotherapy, a component of modern healthcare, is conoed with the development,
maintenance and restoration of body movement and functiotiées after illness or injury.

Through a regimen of physiotherapist-prescribed exercgestrength, range of motion and
balance are restored, to the greatest possible extent.

Long wait-lines are a major concern in Canadian physiothgog. A survey of 3000
Ontario family physicians in 2004 found that physicians id@i ed long wait times as one
of the most common barriers to referring patients to rehabthtion [21].

Over the next decade, the Canadian demand for total joint rdacements (TJR) is
predicted to grow annually by 8.7%%8]. TJR is a type of orthopedic operation where both
of the surfaces of the joint pair are removed and replaced bytiecial ones. These surgeries
are usually performed on elderly patients who have su ered ajor falls and damaged
their joints, or experienced joint degradation due to ostewthritis or rheumatoid arthritis
[16]. Post-TJR patients typically require 1-2 weeks of physitterapy to recover from the
operation.

Given the expected increase in demand for services, waitds for physiotherapy con-
stitute an increasingly growing concern. Technological movation and policy attention are
needed to address this eld. One potential approach for impwing services is through
improved measurement and assessment via the use of human imotmeasurement tools.

During the rehabilitation process, the therapist typicaly initiates each session by per-
forming an assessment of the patient's current status, ugirvisual observation of the pa-
tient's movement as well as questionnaires, such as the Conmmity Balance and Mobility
Scale fi0] and the Falls E cacy Scale [L0§. Following assessment, movement exercises



are prescribed by a physiotherapist to help improve or recew muscle strength, endurance
and range of motion. To ensure that such exercises are penfiad correctly and safely, the
physiotherapist typically observes the patients while the perform the exercises. However,
with the exception of goniometry, most of the exercise assesent tools available to the
physiotherapist tend to be subjective in nature. Goniomeyr [75 is a human joint an-
gle measurement technique that isolates a single body joimmt order to assess a subject's
range of motion. However, goniometrics cannot be employedcacately when the subject
is moving, thus reducing its usefulness during exercise anttional rehabilitation.

Research from kinesiology suggests that, when participanare requested to reproduce
a speci ¢ motion, they tend to focus on the motion of the end-qnt in Cartesian space
(the end-e ector) and not on joint trajectory, potentially leading to improper form R9.
For example, hip replacement patients asked to perform higoduction while standing may
focus only on their foot position and bend their torso sidewa to achieve the requested
foot position, leading to improper form. These incorrect estcises, often too subtle to be
easily noticeable, can lead to additional injury. An electnoic measurement system could
catch these joint angle errors and report them to the physiberapists.

Thus, the development of a rehabilitation exercise monitorg and assessment system
can serve to improve the rehabilitation process and reduceit+lines by freeing up physio-
therapists during exercise supervision, providing more t@ded joint angle measurements
over a wider range of situations, and automatically trackig the patient's progress over
each rehabilitation session.

1.1 Thesis Contributions

This thesis proposes a method to measure a patent's joint dag and identify each exercise
repetition during a physiotherapy session via lightweighsensors. An overview of the
system components is shown in Figuré. 1l

On-line pose estimation from body-worn sensors. Joint angles are computed using
state estimation tools and articulated rigid body chain modling. The proposed
method is an improvement compared to goniometrics as it alls joint angle estima-
tion throughout the patient's exercise routine and not onlyduring static postures.

On-line exercise segmentation and identi cation. Relevant motion segments are iso-
lated and identi ed via multi-tier pattern matching and data analysis algorithms.
Segmented motion sequences provide additional informatiosuch as the number of

2
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Figure 1.1: Components of an automatic rehabilitation supervision sysem. This thesis
proposes algorithms for pose estimation and segmentation.

repetitions of a given exercise performed, and the time takeéo complete these repe-
titions. This information allows physiotherapists to ass&s the patient's performance
quantitatively, to assess the patient's progress and the ectiveness of treatment.

Experimental validation. The proposed system was veri ed on rehabilitation exercise
data from 20 healthy subjects. Five rehabilitation exerces, typically assigned during
TRJ rehabilitation, were performed by each subject: leg eghsion while seated, sit-
to-stand, squats, knee/hip exion while supine and straighleg raise while supine.
Both the pose estimation and segmentation and identi catio algorithms were veri ed
on the collected dataset.

1.2 Thesis Outline

Chapter 2 provides an overview of existing research into automated habilitation and
related techniques. First, an overall survey of automatedehabilitation and monitoring
systems is provided. Specic elds examined are roboticsabed rehabilitation, telereha-
bilitation and wearable solutions. Secondly, various jotrangle estimation algorithms that
employ inertial measurement units are examined. These afgbms include algorithms that
rely on accelerometers for incline, algorithms that utilie gyroscope for when a participant
is moving rapidly, and algorithms that employ magnetometer to determine orientation.
Lastly, existing work on motion segmentation and identi cdéion is considered. The pri-
mary algorithms examined are zero-velocity crossing, dymac time warping and the hidden
Markov model.



Chapter 3 provides conceptual and algorithmic background informatn on the math-
ematical tools employed in this thesis. A robotic modelingrdmework, the Denavit-
Hartenberg convention, is introduced. Using this conventigna sequence of articulated
rigid bodies can be modeled with forward kinematics. A geraroverview on data collec-
tion via inertial measurement units, as well as data procesg via Kalman Iter and the
extended Kalman lter, is given. Segmentation techniquesush as zero-velocity crossings
and the hidden Markov model are also introduced.

Chapter 4 details the proposed joint angle estimation algorithm. Th®enavit-Hartenberg
convention and forward kinematics are utilized in the extested Kalman Iter as the ob-
servation equations. Noise covariance adaption and potediti elds are applied to the
extended Kalman Iter to increase the robustness of the jotnestimation algorithm and
reduce drift, especially in the joints that do not experiene large changes. Sample results
are provided as examples of the algorithm in action.

Chapter 5 details the proposed segmentation and identi cation alga@hm. During the
training phase, the algorithm requires a series of exemplarotions, extracts key velocity
features and generates a hidden Markov model for each temela During the on-line
execution phase, a sliding window searches the observatiata for velocity features that
match the template and identi es them as possible segment famtials. These segment
potentials are veri ed by the hidden Markov model for closegss of match. Sample results
are provided as examples of the algorithm in action.

Chapter 6 describes the veri cation experiments. A dataset consistg of 20 healthy
subjects performing 5 rehabilitation exercises was colted, using both inertial measure-
ment units and motion capture. A detailed analysis of the péormance of both the pose
estimation and the segmentation algorithms is performedpgether with a comparison to
competing algorithms.

Chapter 7 summarizes the ndings and conclusions of this research andtlines direc-
tions for future work.



Chapter 2

Related Work

Many groups have proposed physiotherapy assistive systemmsan attempt to address
long wait-lines, as well as provide physiotherapists withdalitional patient data. This
chapter reviews common approaches to rehabilitation techlogy, including robotics, tele-
rehabilitation, home-based solutions and body-worn senso Research groups have pro-
posed a wide variety of grip-based and exoskeleton robotfos rehabilitation. Telepresence
solutions, which allow patients to consult physiotherapts and perform supervised reha-
bilitation at a distance, have also been proposed. Di erenvearable sensing solutions have
been devised, to determine patient posture and joint angletastly, motion segmentation
and identi cation algorithms that crop and label observed dta are reviewed.

2.1 Automated Rehabilitation

2.1.1 Rehabilitation Robotics

One approach for automating the rehabilitation process ide use of robotics16]. Garciaet
al. [32) provides an overview of robotics used in rehabilitation. &abilitation robotics have
been used in a wide range of applications, such as arti ciafrbs, physiotherapist assistants,
or providing personal care for patients in hospitals and rekential sites. However, many
assistive robotic systems tended to use industrial robot s for economic and availability
reasons. Industrial robots, designed for speed, accuracigidness and power, are not
suitable for human interactions. Within a factory setting,no human operators are allowed
near the robots while they are in operation. Rehabilitatiomobots must incorporate some
degree of compliance control to minimize the risk of injurya patients.

5



Surveys p6] of physiotherapists and occupational therapists from Ausdlia, Canada
and the United States 6 = 233) revealed that, for a rehabilitation robot to be useful it
must be able to facilitate a variety of movements, be usablehile the subject is seated,
provide biofeedback to patients, be able to facilitate actities speci c to daily living, be
useful inside the home, have adjustable resistances to meéhical needs, and cost under
$6000 USD. A comprehensive robotic system that achieves dietstated criteria does not
appear to currently exist, or is not well known, as only 6% ohie medical providers surveyed
have used robot-facilitated rehabilitation.

Despite the di culties, many prototype systems have been desloped. An early attempt
to develop rehabilitation robotics examined utilizing cotinuous passive motion (CPM),
where an actuated brace moves the injured joint through a syfe degree of freedom (DOF)
motion, similar to how a physiotherapist would manually stnulate leg motion B9. How-
ever, because CPM devices only actuate in one DOF, they do netercise certain muscle
groups, and do not account for patient motion, thus potentidy causing injury [86].

The MIT-MANUS [56] are a series of modular planar haptic robotic arms that have
been applied to stroke rehabilitation with success. Theselotic arms were designed
to address the safety issues posed by industrial robots byclnding backdrivability and
compliance, and target upper-body rehabilitation by guidig the participants in a series
of goal-directed tasks. If the user of the robot was not abletperform these tasks at the
expected speed, the robot applied an assistive force thatdsaled according to how close
the user's movements are to the desired trajectoryLP. Clinical trials show that patients
that received robot-facilitated rehabilitation performeal comparably or better than control
groups when assessed by functional metrics.

Certain exercises, such as stroke recovery hand exercises,di cult for a single phys-
iotherapist to perform, since the patients tend to clinch teir hands in a st-like posture.
Systems such as the Hand Exoskeleton Rehabilitation Robot (K®ORR) [91] can help the
patients perform hand exercises, leaving the physiotherigp free to perform other tasks.
Patients with weakness in lower limbs can utilize devices & as the ZeroG 37] to alle-
viate a portion of the patient's body weight, by using elast straps and actuators. This
safeguards them from falling. The goals of such devices acedssist the therapist so that
they may safely train patients in standing, walking, and pdorming balance activities early
after injuries. These tasks are di cult for therapists alore, but are facilitated with robotic
support. However, even with such systems already developedinician attendance for
conferences relating to rehabilitation robotics tends todpoor, suggesting poor exposure.
Clinicians cite the following reasons why robots are not crgntly being used: nancial
cost, long set up time, and the system is too complicated foné patient or physiotherapist
to run without engineering help B§].



Cyberdynée' developed the Hybrid Assistive Limb (HAL) exoskeletond0], designed to
physically support the user's rehabilitation movements. fie HAL detects muscle biosignals
to estimate the user's intended torque, and supports the mioihs correspondingly. When
biosignals are not reaching the lower-body due to spinal umes, the HAL can also check
joint angles, centre of gravity and ground reaction forcesotpredict the user's conditions
and assist when possible. The HAL has been tested with a spinaka injury patient and
has shown that the patient was able to walk at a normal pace.

Other rehabilitation or assistive exoskeletons have als@én developed or are commer-
cially available [70]. Ekso Bionicg developed the Ekso exoskeleton walkeé¥ for paraplegic
users. Farriset al. [26] developed the gait-assist Vanderbilt exoskeleton for syl cord
injury patients. The University of Washington UL-EXO7 7 DOF exoskeleton arms 9
have been developed and tested in a clinical trial on strokehabilitation [52] and showed
comparable results in joint angle range recovery to typicakhabilitation techniques.

However, there are still outstanding questions involving rabilitation robotics and
exoskeletons. Although the desired patient range of motiorac be achieved with the
robots, the motion performed tends to be passive and not aei. With the robot exerting
the bulk of the energy required to perform the motion, the pa¢nts do not exert themselves
and thus are not bene ting from the rehabilitation process @ the fullest extent. This is
because it is di cult to automatically determine the extent of assistance the robot should
provide during rehabilitation. Itis also di cult to determ ine if the robot-facilitated motions
generalize to all functional movements required for dailyving.

2.1.2 Telerehabilitation

Telerehabilitation is the process of delivering rehabilittion over the telephone or other
communicative channels, allowing rehabilitation to be delered to patients who cannot
travel to a physiotherapy clinic for in-person sessions due severity of disease or disability,
or due to distance and travel time.

Tousignant et al. [95 developed an Internet-based videoconferencing solutjonhere
patients perform rehabilitation exercises at home with plsiotherapist supervision over
the Internet, reducing patient travel time and costs. Assessents showed that patient
improvements were observed. This proof-of-concept studyted several limitations. In
particular, the need for someone to be on-site to ensure thab falls occur. Also, the

1Cyberdyne Inc., www.cyberdyne.jp
2Ekso Bionics, www.eksobionics.com



exercise activities chosen did not require any additionafjgipment. The study noted that

it can be dicult to assess certain conditions, such as funabnal autonomy, strength,
walking and balance, via cameras. Concerns about maintangi a high-speed streaming
videoconferencing connection for over an hour were alsoetitas some disconnections and
pixel loss were noted. A follow-up pilot study 96] with the same setup showed high
clinician and participant satisfaction with the system, sggesting that videoconferencing
rehabilitation is feasible for total knee replacement pagnts. However, in both the proof-
of-concept and the pilot study, no control groups were usethaking it di cult to compare
telerehabilitation with in-person clinical visits. In addtion, only a small sample population
was assessed = 4 for the proof-of-concept study, andn = 5 for the pilot.

A similar system, developed by Russe#t al. [85), did include a control group ( =
34), along with the test group @ = 31), and is designed to be usable with low-bandwidth
or dial-up Internet connections. The study was carried outni the hospital, with the
control group in a physiotherapy clinic and the telerehahiiation group in rooms designed
to look like a typical home environment without special rehailitation equipment. The
telerehabilitation group showed no signi cant di erencem improvements using the Western
Ontario and McMaster Universities Osteoarthritis Index (WQMAC) when compared to
the control group (p = 0.08) after six weeks. Both groups showed signi cant impr@ment
from the baseline. Similar to other cited studies, high lel® of satisfaction were reported
by the patients. Some complaints were made about the video ajity, but it did not seem
to impact the rehabilitation e ectiveness. A commentary onthe article [35] suggests that
telerehabilitation will be well received by the orthopedicommunity and that it will reduce
the cost of physiotherapy, o er patients greater conveniaxe, and reduce wait-lines.

Fook et al. [31], citing problems with contemporary usability of videocoferencing
rehabilitation packages, the necessity of expensive camgr and automatic assessment
of exercise performed, developed a system based on existiideoconferencing tools and
additional body-worn sensors. For exercise assessmeng\thutilized accelerometers, and
examined features such as peak detection and root-mean-aqu(RMS) values. The motion
data was presented to the patient and/or physiotherapist irreal-time via 3D Studio Max
model, allowing the patient to correct improperly performd exercises as soon as the system
detects them.

2.1.3 Home-based Rehabilitation

Home-based rehabilitation has also been examined. Baskett al. [7] suggested that
patients may not take ownership of their own rehabilitatiorand may feel that rehabilitation



only happens during o cial therapy sessions. In their studyhome rehabilitation was used
in an e ort to change patient attitudes. Stroke patients wee randomly assigned to a
rehabilitation clinic as control (n = 50) or were given an information session and sent
home for home rehabilitation with physiotherapist checkup at regular intervals f = 50).
Both methods showed similar recovery rates after three mdm.

Other groups tried to remove the need for physiotherapist pervision altogether by
employing systems that can analyze the various home rehatation situations that the
patients are in and provide an appropriate feedback. To aakhe this aim, Cavalloet al.
[17] developed the Pervasive Intelligent System for Rehabiition and Assistance (PISRA).
PISRA employed software packages, wearable wireless sensond robotics to assist the
patients and their home-based caregivers. Although the sgsh implemented features such
as fall detection and location tracking, it did not perform mstural detection and thus
cannot be used for direct home rehabilitation exercise supesion.

2.1.4 Wearable Sensors for Rehabilitation

Lymberis [69], Bergmann and McGregor §] examined the requirements of patients and
healthcare providers for wearable sensors by looking atleattions of published work. Wear-
able sensors should be lightweight, compact, and simple tperate and maintain. They

should not a ect daily behaviour but should provide reliabé and constant monitoring of

the patient's status, as well as provide feedback to the patnt. They should be designed
to work along side, not replace, a healthcare professional.

Developing Sensing Packages and Communication Protocols

Various inertial measurement unit (IMU) and wireless sensg packages have been pro-
posed. Van Achtet al. [10q introduced the Philips® wireless inertial sensor node (Pl-node),
an IMU magnetic, angular rate and gravitational (MARG) sensoarray, which consists of
an accelerometer, a gyroscope and a magnetometer. It trantsrdata wirelessly via IEEE
802.15.4, a wireless protocol designed for a wireless prat@rea network (PAN).

Burns et al. [14] developed the Shimmér wireless sensory system, which transmits
accelerometer data over IEEE 802.15.4 and Bluetooth, withptions to extend the system
to accommodate for a gyroscope, magnetometer or electrorgyaph (EMG).

3Royal Philips Electronics, www.research.philips.com
4Shimmer Research, www.shimmer-research.com



Afonsoet al. [1] concluded that the IEEE 802.15.4 was insu cient for real tme applica-
tions and su ered from too many packet losses. They develap#heir own wireless protocol,
and implemented it onto CrossBow MICAz [22] transmitters. The system tracked heart
rate, respiratory rate, and posture. The paper focused on nfying that their setup was
feasible from a power usage and data transmission rate pooftview, and was not used to
measure patient status. No comparisons were made to existisgstems, making it di cult
to assess the merits of the system.

Hadjidji et al. [36] created a new communication protocol to optimize battery se,
also based on the IEEE 802.15.4. They tested their system wi8 Shimmer sensors and
showed that it could run for 10 hours per charge. They have alshown that, with 5 nodes
transmitting at 400 Hz, they achieved less than 5% of packetds.

Ferguset al. [27] proposed a more immersive solution. In a home setting, patits
were given wireless sensors to wear as a PAN. In the home, a largetwork was also
installed, which the PAN could interface with, and included ®isting networked devices
such as computers. This allowed patients to interact with a i\de variety of tools in their
own home without having to purchase additional equipment. ¥ercise motions can then
be monitored by the physiotherapist and played back later fahe patient.

Using Sensor Packages for Rehabilitation

Salarianet al. [88 used IMUs to record the Timed Up and Go (TUG) test, a standard
assessment of balance of mobility. The TUG requires a subjeot stand up from a chair,
walk 3 meters, turn around, and return to the chair. The IMU sgynals were used to
determine how long it takes for the motions to occur, and repted a TUG assessment
based on time of walking.

Varkey et al. [10]] emphasized the distinction between activity recognitionwvhich only
determines the type of activity a given subject is performig, against movement recogni-
tion, which involves breaking down the motions and analyzaqmthem. They used support
vector machines (SVMs) and feature extraction on accelerotees and gyroscopes in order
to identify motions. The features examined were mean, staadd deviation, maximum,
peak-to-peak, RMS, and correlation between acceleromet@nd gyroscope values. They
employed a two-level windowing, where the larger window idg ed the general activity,
and the small window, moving only within the larger window, denti es the motion in-
tervals. For this, they employed Shimmer motes, and achieyeover 80% accuracy with
exercise motions such as walking, standing and writing.

SCrossbow Technology, www.xbow.com
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The above works use wireless sensing for gross movementsctividy recognition. Pre-
vious work focusing on pose recovery and joint angle estin@t are reviewed in detail in
Section2.2

A survey [107] on wireless sensing for clinical use concluded that wealalsensing
must be made as simple as possible in order to be utilized bynatians. This survey
identi ed three major barriers to the widespread acceptare of wearable sensing in the
clinic: nancial challenges, lack of technical standardsra usability guidelines, and lack of
education for end-users. The latter two were cited to be espelly signi cant. The lack of
standards leads to increased implementation costs for thénicians. Clinicians sometimes
feel overloaded with information, so collected data shoul@utomatically be inserted into
electronic healthcare records for later review. Many of theurrent barriers are not related
to technology, but to the question of whether patients and olicians will nd the developed
systems convenient and easy to use. The development of staras and a tighter integration
with existing systems would help with this problem.

Also, measurements generated by current sensors are not pafttraditional measures
of health. The assessment of angular velocity and force etxen is not currently used in
physiotherapy practice and thus technology developed to sess these is not easily applied
in current practice. Some e orts need to be diverted into makg these measures relevant
to the healthcare professionall07.

2.2 Pose Estimation

This section focuses on joint angle recovery methods utitig lightweight IMU packages
that can be mounted non-invasively onto the patient via Vel® straps. Source-less IMUs
are favored over camera, acoustic or mechanical based motitetection due to size, cost
and environment concerns1[1(. The use of ambulatory sensors also enables applications
in outdoor settings, such as for sports training. However, gy IMUs to obtain an accurate
estimate of the joint angles is a challenging problem. Grayicontamination, sensor noise
and integrational drift degrade the accuracy of the joint agle estimation, and must be
accounted for in any joint angle estimation solution.

2.2.1 Inclinometers

Many of the existing works in joint angle determination utilze accelerometers as incli-
nometers to measure knee angles. Often, the operational spas simpli ed, and motions
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are only examined in a 2D sagittal plane. For slow motions, éhacceleration contributed
by the subject's motion is assumed to be negligible comparéal gravity. Trigonometry is
applied to the acceleration signal to obtain the incline oftte accelerometer.

Bergmannet al. [8] used accelerometers in this manner to obtain the incline tife knee
and ankle. The ankle incline angle was subtracted from the &g incline angle to obtain
the knee joint angle for healthy subjects performing a staiclimbing task, and produced
comparable accuracy to joint angles determined by a motiorapture system. However,
there are numerous applications where the slow motion assption does not hold. When
the motion is fast, it is di cult to determine which component of the acceleration is caused
by motion, and which is caused by gravity.

Donget al. [23] considered the leg sagittal acceleration in gait movementhey utilized
two accelerometers per link segment and combined them intovatual accelerometer at a
common location in order to use the di erence in the accelareters' readings to mathe-
matically remove the link velocity. The incline angle was dained from the accelerometers,
and inter-frame subtraction was applied to determine jointangles. This approach requires
two sensors per joint, making it cumbersome to use.

Low et al. [65 developed an accelerometer sensing suite, calculatedentation by
trigonometry, and showed that going through a 180motion at 160 /sec results in less
than 1 error when compared to a rotary encoder. In a later works{)], they showed that
their system performs well for sagittal arm motion, but havenot demonstrated that the
system can be generalized to 3D motion.

In general, using accelerometers alone to estimate jointglas is a limited solution, since
this approach can only determine the link incline for jointsnoving in a plane perpendicular
to gravity.

2.2.2 IMU Systems

Gyroscopes can be added to accelerometers to improve accyrand handle fast and non-
sagittal motions. However, gyroscopes can also introducedaibnal di culties. The most
well-known issue is the gyroscopic drift. Gyroscope calddion is often imperfect, and a
non-zero DC bias is introduced into the sensor reading, prodng a non-zero angular ve-
locity measurement when no motion is actually occurring. WWn integrated, the estimated
position diverges.
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Complementary lter

Boonstraet al. [11] determined the incline of the thorax, thigh and calf by takng the arct-
angent of the accelerometer, integrating the gyroscope @s&nd combining the two results.
The acceleration signal was low-pass ltered to reduce semsnoise, while the gyroscope
signal was high-pass lItered to reduce the impact of the DC ®et. This arrangement,
also known as thecomplementary lter [39], is common in mobile robotics, vehicular and
aviation navigation applications due to its computationaland mathematical simplicity.
Boonstra's implementation does not recover joint angles,ub sagittal incline. Although
the above approaches showed good accuracy in 2D motion as@yin the sagittal plane, it
is not trivial to generalize these algorithms to handle 3D ntmn, as all of these algorithms
rely on the assumption that the motion is constrained in the vity-acting plane, so that
the accelerometer can be used as an inclinometer.

Ayoade et al. [3] used pre-built SparkFun MARG arrays, attached to each majolimb
segment to determine the orientation. The data was processby a complementary lter.
Since they employed a large number of sensors, they were nbteato run the system at
a speed higher than 50 Hz, which may have contributed to driftssues. Their system
included an automatic drift correction mechanism, which mguired an initial time period
before the motions started. The paper noted that data with dft was discarded, but did
not state the e ectiveness of the drift correction mechanims.

Strapdown integration

Williamson and Andrews [LOG employed accelerometers during stationary or slow-mogn
situations to obtain the knee joint angle after applying inér-frame incline angle subtraction
to the accelerometer signals. When the variance of the aa@meters reached a threshold,
the angle was calculated by the integration of the gyroscopastead. This allows the
gyroscope to be employed in fast-moving situations, and algesets the drift error by
switching to the accelerometer signal on a regular basis. iBlprocess of directly integrating
the gyroscope signal is commonly known agrapdown integration[53]. Williamson's system
was used to recover sagittal knee angle in a sit-to-stand tgsand showed improvements
over accelerometer-only setups. However, this approach wewnly work with rhythmic
motions, where stops are frequent. For a long motion, the egrator would not have a
chance to reset, increasing the impact of drift on the jointstimates.

Luinge and Veltink [67] utilized strapdown integration in a Kalman Iter framework.
A set of IMUs were placed on the pelvis, trunk and forearm. Gyszope data was used
to generate the rotational matrices for the motions of eachdaly segment, and allowed
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the direction of gravity in the sensor frame to be identi ed.This allowed the acceleration
contributed by the motion to be disambiguated from the accefation due to gravity, to
obtain the inclination of the link. A gyroscope DC bias term \&s also included as a state
in the Kalman lter, to control the gyroscopic drift. Althoug h Luinge's implementation is
capable of generating estimates of the full 3D rotation of ea body segment with respect
to the world frame, only the body segment incline and headingiere evaluated in the
paper. Luinge's algorithm treats each body segment as an gglendent rigid body, without
considering any kinematic relationships or mobility consaints between body segments.
This means that position and orientation estimates for adgent body segments may drift
and move with respect to each other in ways that are not physdly realizable.

Zhou et al. [11( also utilized strapdown integration to obtain the joint raation of each
link, to develop a home-based stroke rehabilitation systemUnlike previous works, they
subtracted out the gravity vector, as opposed to relying ort ito obtain the link incline.
They obtained joint end-e ector location by double-integating the gravity-subtracted ac-
celeration signal to estimate the position. To reduce the ipact of integration drift on the
end-e ector calculation, Lagrangian optimization was apleed with kinematic constraints.
Although this algorithm has a mechanism for dealing with acéerometer integrational drift,
it does not have an explicit method for handling gyroscopiaiegrational drift.

Zhu and Zhou [L11] removed inertial acceleration by strapdown integrationthen com-
bined the gravity vector from the accelerometer with the magetometer to obtain incline
and orientation. Inter-frame subtraction was used to obta joint angles. This was fa-
cilitated within a Kalman lter framework. It was shown that this produced a more
accurate joint angle recovery than using only strapdown iegration or only accelerometer
and magnetometer. This arrangement was veri ed with two plaar elbow exion/extension
motions. One drawback of using magnetometers is that the magtometer is sensitive to
local uctuations of the Earth's magnetic eld that occur when ferromagnetic materials
are nearby.

Roentenberg, Baten and Veltink 2] attempted to counter this issue by mounting a
set of magnetic coils on the subject. At regular intervals,he magnetic coils generated a
magnetic eld which was detected by the magnetometers, pramling relative distance and
orientation information to supplement the existing IMU signals. Strapdown integration
was applied to obtain the joint angle and remove the gravity ector. Dead reckoning was
applied to obtain position. The magnetometer sampling ratevas lower than that of the
IMU, so the magnetometer information was only used to corredor drift. These sensors
were combined via Kalman Iter. This system was veri ed on seeral upper body motions,
arm motions and walking. It is possible that ambient ferromgnetic materials or magnetic
elds could still interfere with this system. This system a$o requires additional equipment
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to be mounted on the patient, which is undesirable.

2.2.3 Commercial Packages

In a follow-up work, Roentenberg, Luinge and Slycke3f] created the Xsens MVN suft
for kinematic measurements. The MVN suit consists of 17 MARG ndailes integrated into
a wearable suit. Orientation of the sensors is obtained by &rses of calibration motions.
Link lengths are measured manually and inserted into the kématic model for accuracy.
The Kalman lter is applied to combine the sensor data to detenine segment positions.

Similar commercial packages, such as the Animazoo IGS sefjas the Biosyn FABS,
are widely used in academic research. However, these comnaégolutions may not be well
suited for physiotherapy applications. These solutions tel to be expensive, and require
a long calibration routine, which may not be possible for p#&nts who have di culty
moving. Suit size and t is also a concern, especially as olitgds a risk factor for many
musculoskeletal injuries. Furthermore, equipment upkeepuch as cleaning, is nontrivial,
especially for the suit-based products.

2.2.4 Summary

Most of the existing works implement body segment orientain estimation without the
use of kinematic constraints (e.g. 1[1], [67]). This allows these algorithms to be applied
on any arbitrary object and determine its orientation with respect to the world frame.
However, human kinematics constrains the possible movemerthat can be physically
realized. These constraints should be considered to impeojoint angle estimates, such as
the knee joint's inability to perform abduction motion. Without a kinematic model, the
knee joint would be modeled as a 3 DOF joint, which it is not, &wing drift to occur
in this direction. By utilizing a kinematic model in the proposed algorithm, the space of
possible motions is realistically constrained, providing more accurate estimate of joint
angles.

Without a kinematic model, these algorithms also cannot prade joint angle estimates.
Instead, they provide orientation estimates relative to tke world frame, such as incline an-
gle from ground or heading angle from the vertical. To prod@cmore clinically relevant

6Xsens Technologies, www.xsens.com
’Animazoo Ltd., www.animazoo.com
8Biosyn Systems, www.biosynsystems.net
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information, the estimated orientations must be convertetb joint angles by incorporating
kinematic information in a post-processing step. By incorating the kinematic informa-
tion directly into the estimation process, the proposed atgithm produces the joint angle
data of interest directly and improves robustness againstrid.

In this thesis, an algorithm (Chapter 4) to estimate arbitrary 3D human motion is
proposed. Small and light-weight IMU sensor packages attaed to the thigh and calf are
used to wirelessly transmit the patient's acceleration andyroscope pro le during motion.
A minimal number of sensors are employed to minimize the ermmobrance on the patients.
IMU sensors are una ected by environment factors, which gbés them an advantage over
magnetometer-based methods. Using a kinematic model, thenser information is fused
with an extended Kalman lter. Kinematic constraints and |ter noise adaptation are
employed to reconstruct the joint angles of the subject. Thproposed system is capable
of recovering the leg pose in terms of joint angles during attary 3D motion. This is a
signi cant improvement over existing works based on inclé angles in the sagittal plane,
which are incapable of providing 3D angle recovery.

2.3 Segmentation and ldenti cation

Technology to measure and analyze human motion has the potiah to provide physio-
therapists with more accurate tools for assessment and pregs measurement, as well as
to provide patients with real-time feedback.

To enable automated measurement and analysis, the system shmeasure the human
movement and identify exercise movement segments from thiene-series data. Human
movement can be measured via either motion capture system&3[ 68 or ambulatory
sensors such as IMUS, 84, 109. Given the measured time-series dataegmentationis
the process of identifying the starting and ending locatianof each movement of interest,
breaking a continuous sequence of motion data into smalleoraponents, termedmaotion
primitives. If the patient is performing more than one type of exercis@ia given recording
sessionjdenti cation (i.e., labeling) of each segment with the appropriate exase type is
also required.

One major application eld of segmentation is imitation leaning for robotics applica-
tions. The most intuitive way for humans to teach any given awn is by demonstration,
which would make robotics more accessible to non-specitsiflO, 15, 42, 44]. This is par-
ticularly useful in potentially dangerous environments wére robots can replace humans,
such as in manufacturing plants or search and rescu&’].
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Another major application eld is gesture recognition. Gesire recognition allows users
to interact with computer systems in a more intuitive fashia, such as through handwriting
and touchpads {1, 105, or camera-based system3]]. It is also useful for sifting through
large libraries of motions, such as in cinematography,[59], or to ensure a given motion
is correct, in elds such as signature veri cation 47] or sports training and other medical
applications P5, 99.

The large number of DOFs in the movement data makes scalabjlian important issue.
Simple models like singular limb studies contain 4-6 DOFs,hile full body human models
can have 20-30 DOFs7][7]. Some algorithms scale poorly to higher dimensions, andncet
be used in an on-line setting. For rehabilitation, on-line cessing is essential to allow the
system to inform the patient if a motion is being performed icorrectly.

Both segmentation and identi cation are also made more di alt due to the variability
observed in human movement. Motion can vary between indiwils due to di ering kine-
matic or dynamic characteristics, and also within a singlendividual over time, due to short
term factors such as fatigue, or long term factors such as oeery or disease progression.
Moreover, these factors can introduce both spatial and tenopal variability, which a good
segmentation algorithm must be able to handle.

2.3.1 Template-free Approaches
Zero-velocity Crossings

If the motions to be observed are not knowa priori, then non-template based methods are
required. Pomplun and Matarc [79 employed zero-velocity crossings (ZVCs) to identify
points where the velocity value changes sign, denoting whenjoint segment direction
change, as segment points. If multiple joints are examinedrsiltaneously, segment points
can be declared by thresholding the sum of squares of the \@tes. A minimum threshold
for segments was included, to prevent spurious ZVCs from ateng large numbers of false
positives. Although a fast algorithm, ZVC tends to over-segent, particularly with noisy
data or with increasing number of DOFs. Since ZVC does not ceider motion templates,
it is di cult to determine which crossing points can be safey ignored. In addition, the
Z\VC algorithm does not provide a method for motion identi cdion. Pomplun suggests
that a distance metric can be used, but these metrics are sén to spatial and temporal
variations, and may not provide reliable movement labels. Ae algorithm was used to assess
a 11-subject study on human imitation learning, where videaglips of arm motions were
shown to the participants. The participants were either insucted to practice the observed
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motion before data collection, or not. The collected data veasegmented and compared
against the demonstrator's motions. Since the study was omé impact of rehearsing on

the ability to accurately reproduce a motion, segmentatiomaccuracy of the algorithm was

not explicitly reported.

Fod et al. [3(] expanded on the basic ZVC approach, considering both Poropls
velocity thresholds, as well as declaring a segment point @t multiple DOFs exhibit
Z\VCs within a short timespan. This method works only with ceiain types of movements,
since not all motions would be characterized by multiple ZVE For example, a circular
motion would not cause ZVCs in joint-based DOFs. Slow movemieat the start or end of
segments would also prevent a ZVC declaration at the correfdication, even though the
movement has e ectively ceased.

Lieberman and Breazeald1] also expanded on the ZVC, demonstrating that the velocity
threshold method can be complemented by other signal typesjch as tactile contact. The
segmenting velocity threshold was also modi ed so that it idynamically determined as a
function of the velocity as opposed to being a static value. his allows the threshold to
account for speed changes in the motion. However, using a $engelocity threshold means
that DOFs that have large velocity valleys and peaks would daoinate the auto-threshold
determinations, thus hiding the segmentation points that wuld be best characterized by
DOFs with small valleys and peaks. Also, at high dimensiona}j the algorithm would
likely report weaker performance since most of the DOFs ari&dly to be stationary, thus
underreporting the velocity value and leading to false pdsies. Lieberman applied this
algorithm to a human demonstrator in a motion capture suit, ® generate and segment
motions for imitation learning purposes, so explicit segmeation metrics were not provided.

Techniques that rely purely on ZVC tend to be di cult to use, as spurious crossings
can often occur. Noises and vibrations can cause excess ZM@ading to oversegmenta-
tion. Smooth transition sequences of motions can also leaadl the velocities to approach
ZVC, but not actually cross zero. Although it may be possibled combine oversegmented
components, it is di cult to determine which segment pointsmay be ignored without ad-
ditional algorithmic guidance. In addition, ZVC performs ggmentation only and does not
identify the underlying motion. It is possible to use distane metrics and thresholding,
such as mean-square-error, to label the movements, but tragpproach does not provide
any mechanism to account for temporal variations. For comgkx motions, multiple DOFs
may exhibit ZVCs simultaneously, but slightly o set from eah other. In these cases, it
may be di cult to determine which ZVC marks the actual segmen point. Although ZVC
provides a fast and intuitive segmentation method, its vadus shortfalls make it di cult
to use.
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Variance

Koenig and Matarc [54] proposed considering changes in signal variance as segatéem
points. A moving window is used to examine the input data. Whethe windowed variance
is high for several DOFs, it implies that the current windowd data is in the progress of
changing into another primitive, and thus is an appropriatdocation to segment. This al-
lows for a quick and systematic method for segment point dechtion. However, examining
only variance may not provide su cient information. A parti cipant may perform a motion
that inherently has a large variance value, or perform sewardi erent motions that involve
the same DOFs but is a di erent motion. For example, an arm eion and extension mo-
tion may be considered as two di erent motions, but since vance calculations ignore the
direction of the movement, the variance may not have changesigni cantly between the
exion and the extension. Keonig applied this method to nagational robotic imitation
learning, but it may not be as suitable for movement segmertian.

A similar work from Kohlmorgen and Lemm $5] applied the same principles, using
the observational probability distribution as the segmerdtion cost function. The data is
windowed and the probability density function (PDF) of the wndowed data is calculated,
for each adjacent window, over the length of the observatiomThe PDFs are used to train a
hidden Markov model (HMM), which is traversed by the Viterbi agorithm [80] to generate
the most likely state sequences from the PDFs. These stateafrsitions mark the segment
points. Janus and Nakamura46] applied Kohlmorgen's algorithm $5] to human movement
data. HMM state changes occurred when the signal's distribain function is su ciently
di erent from the previous state, suggesting possible se@mtation points at these state
changes.

2.3.2 Deterministic Template Approaches

If the motions to be observed are known, motion templates cdme used to assist in the
identi cation of motions. However, temporal and spatial vaiability of motion makes direct

comparison of the template with the observation data di cuk. Any segmentation and

identi cation should provide some mechanism to account fahese variabilities.

Dynamic time warping (DTW) is one example of a template-basemethod. Originally
a popular technique in the eld of speech recognitior7f], DTW found application in mo-
tion segmentation as well. DTW 87, 49 identi es the temporal variations between the
observed motion and the motion template by selectively wanpg the time scale of the ob-
served sequence to the template. The warping is done by empig dynamic programming
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(DP). Speci cally, DTW calculates the distance from each d@ point of the template to
each data point of the observation, creating a distance mat The warping path that
leads to the minimum distance is selected, creating a mappirbetween the template and
the observation. The distance metric utilized is typicallythe Euclidean distance, but al-
ternative distance metrics, such as the autocorrelatiod§] have been proposed. Therefore,
segments can be accurately segmented and identi ed even hwisigni cant spatial and
temporal variations between the observation and the temple. However, DP-based algo-
rithms become very computationally expensive at higher diemsionality, preventing them
from being utilized on-line.

Poor warping can also lead to singularity issues, where la&gortions of one motion are
warped to small portions of the other. The severity of the sgularity issue can be mitigated
by constraining the warping path. However, generating an apppriate constraining band
requires the algorithm to be tuned, so a xed band is typicayl used B7]. Ratanamahatana
and Keogh B1] proposed an algorithm that calculates an optimal band dymaically. This
algorithm starts by performing DTW between two data series ih a constraint band
width of zero, and increases the band width until the distarebetween the two data series
is minimized, or a threshold is reached. The algorithm thenigects the data, and performs
the same iteration individually, on each half of the data ses. I;J'he algorithm continues
to iterate with smaller data lengths, until a minimum lengthof © m=2 is reached, where
m is the length of the data series, as anything smaller incress the risk of over tting.
This creates a band that varies in width as a function of timeThe algorithm was veri ed
on human arm motion performing gun-draws, synthetic data siulating nuclear power
plant instrumentation failure and a handwritting dataset; it was found that the dynamic
band method reported better identi cation rates then the eisting xed-band method.
Although this algorithm produces a more customized warpingamd, it su ers from several
drawbacks. This iterative search adds more computation tiemto an algorithm that is
already known to be computationally expensive. A new constint band needs to be
generated for di erent situations, since a constraint banaptimized for the mapping of a
given participant performing a speci ¢ motion may not be opimal for another participant
performing the same motion. Although this method addressebké singularity issue, it does
so by increasing the calculation time.

Keogh and Pazzani %0 noted that classic DTW considers only the position data and
does not account for higher level features. They proposedetiberivative DTW (DDTW),
and examined the derivative of the data streams instead by ing) the square of the di erence
of the derivatives of the two signals instead of the Euclideadistance. This allows the
algorithm to negate global e ects such as signal bias. The keative also allows more
of the latent features to be emphasized. Using only the Euckdn distance, DTW will
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map two points of identical value together, even if one poins part of a falling trend and
the other is part of a rising trend. Using the derivate will albw the larger pattern to be
captured. This algorithm was veri ed on a set of space shuttlsensor readings, the currency
exchange rate between the German Deutschmark and ve othemuEbpean currencies over
the span of six months, as well as a set of electroencephlqdra EEG) measurements.
All sets of data show similar trends but are non-identical. GQoparison between DTW and
DDTW shows that DTW tends to be overaggressive in the warpingvhile DDTW provides

a more accurate mapping. Although the DDTW algorithm outperdrms standard DTW,
they have similar runtime, meaning that it does not scale weto higher dimensions.

llg et al. [43 employed DTW in a multi-tier fashion. The observation sigal is dimen-
sionally reduced by removing all data points that are not at avelocity zero, as velocity
zeros denote turning points in the motion, and thus can be cesidered as key features of the
motion. DTW is performed on this reduced dataset to align thee key features. A tolerance
is included to allow for missed key features, as the templatand the observation may not
have the same velocity zeros, to reduce the number of mappisiggularities. Each window
in these high-level segments is resampled to have the samenber of data points. A ner
alignment is performed in each of these windows. Assuming ththe observed motion can
be warped to the template with the proper temporal and spatiawarping, the algorithm
uses DTW to calculate an optimal temporal mapping path betwen the template and the
observation, and applies some interpolated shifting arodrthe suggested mapping path to
minimize the temporal di erence between the two signals. Que the optimal time warping
is found, the spatial distance o set can be calculated. Theetnporal and spatial warping
variables are also constrained to minimize the amount of waing required to obtain the
best t [ 33. The algorithm was implemented as part of a motion generatn algorithm,
and not speci cally for segmentation, so segmentation andleénti cation accuracy were
not reported. Similar to previous DTW algorithms, this algeithm does not address the
computational costs of using DP, and thus may not scale welb thigher dimensions.

2.3.3 Probabilistic Template Approaches

An alternative method is to employ non-deterministic algothms, such as HMMs. Tem-
plates encoded as HMMs can be used as to assess the similargyween a template and
an observation sequence.

Bashir et al. [6] crops observation data based on zero-crossing occurrenae the
curvature data. The Cartesian curvature was used as it is arfigtion of the observation data
and its rst and second derivative, and therefore incorpottas high-level features inherently.
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The cropped data is reduced using principal component analg (PCA). Motions that have
similar PCA coe cients are clustered together via k-meanspectral clustering, and are used
to train HMMs. Observation segmentation was performed by redting the observation
data to PCA coe cient vectors, and comparing them to the HMMs to calculate likelihood.
However, utilizing PCA coe cients instead of the original daa can be di cult, as similar
motions may have similar PCA pro les, making them dicult to dierentiate. Using
curvature to segment may also lead to oversegmentation i€susuch as those found in the
Z\V/C algorithms.

Other researchers used HMM to both segment and identify. Lv dnNevatia [68] used
HMM templates as classi ers in an AdaBoost algorithm. Featur® such as joint angles
and joint Cartesian coordinates were used. HMM templates agenerated forM action
types andN features, resulting inM N number of classi ers. Multi-class AdaBoost was
employed to weigh the discriminative powers of each of the HMBlassi ers. Segmentation
was determined by dynamic programming. The observation dais split into two, with the
rst window starting at some minimum length |, , and increased per iteration. Both ends
of the data are ran through the AdaBoost classi ers, and the wdow con guration that
resulted in the highest likelihood was selected. The algthim is run multiple times, with
the starting point of the rst window advancing at each run. The algorithm was veri ed
on various upper-body motions, and was shown to be robust eveshen a large number of
features are examined. However, this method requires a largemputational cost for both
training and segmenting, due to the usage of dynamic prograning, and thus cannot be
used on-line.

An alternative approach is to assume that the observed data elves according to an
underlying deterministic model, but has been contaminatedith time warping and addi-
tive noise. Probabilistic methods can be used to approximatboth the parameters of the
underlying model and nd the segmentation locations. For exmple, Chiappa and Peters
[2Q] derived the underlying signal using the Bayesian likeliloml that a sequence of observa-
tion data is from some underlying action model, as well as thlvearping needed to transform
the observation sequence to the action. This is estimated lay expectation-maximization
routine. They showed that a routine that provided maximum a psteriori estimates for the
template provided the best segmentation match. This algdhim was tested on table tennis
motions, and was found to be in strong agreement with manuaisual segmentation. How-
ever, this approach requires that the entire sequence is #dahle for action tting, making
it unsuitable for on-line applications.

Keoghet al. [48] proposed a 2-tier on-line segmentation algorithm. They gutoy a slid-
ing window and mean square error (MSE) for coarse segmentigstion. Following coarse
segmentation, a second window and additional distance mess were used to determine the
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actual segment. Amftet al. [2] extended this to a 3-tier system, by adding HMMs as an
identi cation tool for 4 DOF arm motion identi cation. They report an average accuracy
of 72% (94%, ignoring false positives and negatives) for 4 tiom primitives.

2.3.4 On-line Template Generation

On-line template construction has also been proposed. Kukt al. [57] extended Kohlmor-
gen's algorithm B5] by clustering together previously segmented sequencegtnerate new
templates in real-time. Once a segment window has been ideatl, the segment is mod-
eled as a HMM. The Kullback-Leibler distance between the obsed HMM and existing
models is calculated. If the distance is small, then the olrsation HMM is merged into
the corresponding existing HMM. If not, it is added to the temfate collection, and used to
improve the segmentation. The algorithm was veri ed on an &inute full-body motion
sequence, and shows good segmentation accuracy, but alsersurom false positives due
to the algorithm oversegmenting motion sequences into sri@l subsequences that were
considered to be a single segment by the manual segmentation

Baby and Krager [4] proposed a similar learning technique. To generate a pritive
template, a HMM is generated from the observations. When nevibservation data becomes
available, the probability of generating this new observatin data, given existing HMMs,
is calculated. If this value is low, implying that the newly d@served motion is not similar
to existing models, a new HMM is generated. The Viterbi algofitm is used to determine
the underlying states from the HMMs.

2.3.5 Summary

Numerous algorithms have been proposed to date to address fireblem of segmentation
and identi cation. Focusing on techniques which can be empyed on line, as required
by the rehabilitation application, ZVC provides an intuitive template-free segmentation
method with low runtime, but tends to oversegment. DTW acconts for both spatial and
temporal variations between motions, but is also prohibiely expensive to perform on-
line. HMM serves as a computationally lighter alternative taDTW, but can also become
computationally expensive if the likelihood function is utized repeatedly.

Chapter 5 proposes a template-based on-line technique based on bo#toeity features
and probabilistic templates. The system consists of a traimg phase, where exemplar data
are used to create feature and HMM motion templates, and a segntation phase, where
the observed data is swept for characteristic features thahatch the feature templates.
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When a segment candidate is found, the HMM templates are used identify the motion
and con rm the exact segment point locations.

Unlike many of the existing approaches to temporal segmentan, the proposed algo-
rithm is capable of running on-line during motion executiorand provides accurate seg-
ments that reject false positives, with the assistance ofriglate information. It is suitable
for high dimensionality signals from full body motion, and xplicitly models both spatial
and temporal variability to provide accurate segmentatiomesults without the use of data
warping or the need for a subject-speci ¢ template.
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Chapter 3

Background

This chapter overviews the existing concepts, algorithmand techniques employed in this
thesis. It provides an overview of several robotic modelingpncepts employed in subse-
quent chapters, such as the Denavit-Hartenberg frame assigant convention and forward
kinematics for chains of articulated rigid bodies. Generabperating principles of iner-
tial measurement units are reviewed. The Kalman lIter, a sesor fusion algorithm for
linear systems, is presented, along with its non-linear extsion, the extended Kalman I-
ter. Lastly, the mathematical framework for modeling timeseries human-motion data, the
hidden Markov model, is overviewed.

3.1 Robotic Modeling

3.1.1 Denavit-Hartenberg Convention

The Denavit-Hartenberg (DH) frame convention 98] is commonly utilized to model ar-
ticulated chains of rigid body links by modeling the system whbility as a series of single
DOF joints. The DH convention attaches a frame to each rigid ady link, and de nes
the transformation from one link frame to the next as a set of 4ransformations: link
length, link twist, link o set and joint angle. The de nitio ns of these variables can be
found in Table 3.1 To fully represent the 6 DOF transformation between two frenes in
four variables, the DH convention constrains the frames agament by two rules: The axis
X; is perpendicular to the axisz; 1, and the axisx; intersects to the axisz; ;. Since the
equations for the DH formulation are de ned recursively, jmt i is always rigidly attached
to framei 1, and actuates frama. See Figure3.1for an illustration.
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(b) 3D model of the DH convention. Image adapted from 84].

Figure 3.1: Coordinate frames satisfying the DH convention.

Table 3.1: DH convention parameter de nitions.

Joint angle | ; | angle between thex; ; and the x; axes, about thez; ; axis

o

Link o set distance from frame origini 1 to the x; axis, along thez; ; axis

Link length | & | distance between thez; ; and the z; axes, along thex; axis

Link twist i | angle fromz ; to the z axis, about thex; axis
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These four variables generate an overall transformation rmx from the i 1" frame
to the it" frame:

cos( ) sin( ;) cos( ;) sin( j)sin( i) & cos(i)3
_@sin(i) cos(j)cos( ;) cos(i)sin( i) asin(;)
Tiai = g 0 sin( ;) cos( i) OliZ (3:1)

0 0 0 1

The transformation matrix from base frame to thei™ frame can be found by:

TO;i = T01T12T23 . :Ti 1 (32)
Roi = Toi(1:3;1:3) (3.3)
x? = Toi(4;1:3) (3.4)

whereRy; is the rotation matrix from the base frame to framed, and x? is the end-e ector
position. Ry, is generated from the rst three columns and rows ofy;. x? is generated
from the rst three rows of the last column of Ty, .

If a tool is o set from the end e ector frame, and additional ool transform can be
added to nd the position of the tool:

Tot = Toi T (3.5)

where Ty is a tool transform matrix that relates the end e ector frameto the tool frame.

3.1.2 Forward Velocity and Acceleration Kinematics

The following section derives the forward velocity and aclsation equations for revolute
joints only, but the concepts presented can be easily extezd to prismatic joints as well.
Several scalar variables introduced here, such as the jowglocity g, are vectorized so
that the matrix multiplications and cross products can be pdgormed properly, as per the
following: q; =[0;0; g¢]. This convention holds for all of Sectior8.1.2

Given the total angular velocity of the preceding frame ,' } and the joint velocity q,
generated by revolute jointi, the total angular velocity ! | of the next frame is:

L =Rl ! 1+ R (3.6)
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This formulation allows the angular velocity of each segmeto be determined recur-
sively based on the motion of the current link (thei" frame) and the link immediately
previous to it (thei 1" frame). The angular velocityq, describing the velocity between
framesi 1 andi, is included by rotating g _into the current frame with a rotation matrix
Ri 1i. Ri 1 Is obtained directly from the DH frame de nition.

The angular velocity is di erentiated to obtain the angularacceleration !:

SRy IR (R 0) @7)

The linear velocity of the current framex; is obtained by computing the cross-product
of the angular velocity and the displacement vector from therigin of the current frame
to the origin of the previous framey;:

i =Rl xi 1+!] 1 (3.8)

Di erentiation is carried out again to obtain the linear aceleration, x;:

X = RiT 1iXei 1t ri (3.9)

ri + Roig (3.10)

i

i
T i
Xei = Ry 1iXei 1+

In Equation 3.9, the rst term represents the acceleration transmitted fron the previous
frame, while the second and third terms represent the tangeal and radial acceleration,
respectively. An extra term,Rg.g, is added to Equation3.10 (describing the end e ector
acceleration) in order to model the gravity termg = [9:81; 0; 0], and to rotate it into the
local frame.

3.2 Sensor Fusion

3.2.1 Inertial Measurement Units

IMUs refer to electronic devices that measure an object's moh. They typically consist
of some or all of the following components:

accelerometer measures linear acceleration
gyroscope measures angular velocity
magnetometer measures heading via Earth's magnetic eld
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These systems were initially developed for vehicular naation. Until the development
of micro-electro-mechanical systems (MEMS), these sengipackages tended to be large
and thus unsuitable for human tracking. Advancements in seewnductor fabrication have
allowed for the miniaturization of these systems and made &m very cost-e ective, allowing
for their widespread usage.

Accelerometer

An accelerometer determines linear acceleration with testasses. It can be conceptualized
as a known test mass suspended in a chamber by three springsunted perpendicularly to
each other. When acceleration is applied to the test mass glength of spring displacement
can be measured, and thus force acting on the test mass can letedmined.

A MEMS accelerometer follows this principle. A suspended s (seismic mass) is
allowed to move according to accelerations it experience$he seismic mass has ngers
that extend into sets of parallel plates, forming a di erenial capacitor. When the ngers
move due to acceleration on the seismic mass, the capacitarahanges proportionally to
the acceleration felt.

Gyroscope

A gyroscope determines angular velocity with a heavy spimrg disk ( ywheel) mounted
within a series of free-rotating rings (gimbals). Externalorques to the ywheel changes the
ywheel's angular momentum. In order to conserve the angutanomentum'’s direction, the
ywheel rotates towards the direction of the torque. The anglar velocity of this rotation,
known as the precession, can be used to determine the extérmocity.

A MEMS gyroscope operates under a similar principle, but deenot rely on gimbals.
Also known as the vibrating structure gyroscope, the common BMS gyroscope relies on
two vibrating masses that oscillate in opposite directionss a di erential capacitor. When
an angular velocity is applied to the gyroscope, the Corigliforces on the vibrating masses
push them apart, resulting in a capacitance change. When adar acceleration is applied,
the two masses move in the same direction, so no capacitanbarge is experienced.

Magnetometer

A magnetometer, which operates similarly to a magnetic comaps, utilizes a suspended
object sensitive to magnetic elds that aligns its orientaibn to the eld to provide an
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orientation reading.

A MEMS magnetometer can use a variety of di erent physical pbnomena for sensing.
The most common is the Hall e ect sensor. Electric current rumng through a conductor
is de ected transversely to the current direction due to theLorentz force e ect. The
current de ection results in a voltage potential di erenceacross the wire in proportion to
an external magnetic eld.

3.2.2 Kalman Filter

The Kalman lIter [ 104 is a sensor fusion technique that estimates system staterin noisy
observations, assuming that the linear state and observati model are known, and that
both of the process and measurement noise are zero-mean Gaus functions. For the
standard Kalman lter, the state estimate s; and observation updatez, are de ned as:

St = ASt 1+ Wi 1 (311)
Zy = CSt + Vi (312)

Equation 3.11is the process update equation that relates the previous $taof the
systems; ; to the current state s;. The process noisev; ; is assumed to be zero-mean
and Gaussian, with a covariance d;. Equation 3.12is the measurement update equation,
relating the current state s; to the measurement vectorz;. v; is the measurement noise,
and is also assumed to be zero-mean and white, with a covagarofR;.

At each time step, ana priori state estimate$, can be made using Equatior8.11
Then, this state estimate can be updated with the current olggvation information by:

& =8 +Kiz C8) (3.13)

The residual,z; CS$, , indicates the discrepancy between the predicted measuremt
C$; and the actual measurement;. If the residual term is zero, it implies that the
prediction and the measurement are equal. The Kalman galQ; is derived by minimizing
the error covarianceP, for the a posteriori state estimate$. Given a linear system and
white noise, a closed solution can be determined and is givieyt

Ki=P, CT(CP, CT+ Ry) * (3.14)
The Kalman equations can be separated into two sections. Aaeh time step, the state

prediction equations are performed, then updated upon witlthe measurement update
equations. These equations are summarized in FiguBe2

30



state prediction equations measurement update equations
8 = A4 Ki=P, C'(CP, CT+ Ry *?
P, = AP, ;AT + Q, & =8 +Ki(zt C%)
Pr=(1 K{C)P,

Figure 3.2: Kalman lter prediction and update equations.

3.2.3 Extended Kalman Filter

The Kalman lter is applicable only to systems with linear malels. The extended Kalman
lter (EKF) [ 104 extends the Kalman lIter to non-linear systems by lineariing the state
and observation equations with a rst-order Taylor seriesgansion, then utilizing the
results in the Kalman lter.

The state and measurement equations can be written in a geaeform: s; = f (s; 1; Wy 1),
wheref is the non-linear state evolution function andz; = h(s; V), where h is the non-
linear measurement equation. These equations are lineaizas follows:

St Sttt A(St 1 & 1)+t Wiwe g (3.15)
zy ZH+C(st s)+ Vv (3.16)

where A, = @f=@ is the Jacobian matrix of the partial derivatives of the sta¢ equation
f with respect to the states;, sy = f(s; 1;w = 0) is the noise-less state estimate, and
W, = @f=@; ; is the Jacobian matrix of partial derivatives off with respect to the
process noisev; 1. z¢ = h(s¢;v =0) is the measurement vector, whereas; is the noise-
less estimate of the measurementC; = @h=£ is the Jacobian matrix of the partial
derivatives of the measurement equations with respect to the states;, and V; = @h=@
is the Jacobian matrix of partial derivatives ofh with respect to the measurement noise
Vi.

The Kalman gain K is then computed as follows:

Py = CiP, C[ + RV, (3.17)
Ki=P, CT(Py) * (3.18)

where Py is an intermediate noise covariance matrix. The formulatio of the extended
Kalman lIter is shown in Figure 3.3[104.
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state prediction equations measurement update equations
f(st 1;w =0) Py = CP, C/ + IRV
AP 1AT + WiQp (W Ki= P, CT(Py) *
$t =8 + Ki(zy h(§ ;v=0)
Pe=(1 K(C)P,

S
P

Figure 3.3: Extended Kalman lter prediction and update equations.

These equations can be separated in& priori and a posteriori equations, indicating
operations before and after the incorporation of the measment update step. Thea
priori state §; and error covarianceP, are estimated by the state prediction equations,
and are based on the state of the previous timestey ;. The current measurementz;
is incorporated into the Kalman gainK calculation, allowing for the calculation of thea
posteriori state §; and error covarianceP; in the measurement update equationslp4.

3.3 Motion Modeling

3.3.1 Hidden Markov Model

The HMM [8(] is a stochastic model where the process or signal being medeis repre-
sented by an evolving unobservable state. The HMM can be coptealized as a set of
interconnected nodes. At each timestep, the system undegga state transition, which
may lead the system to remain in the current state or transitin to another state. The
state has the Markov property, i.e., the next state dependsty on the current state. The
transitions are represented by the state transition matrixdenoting the probabilities that
the system would shift into another state, given its currenstate. In an HMM, the state
itself is not directly observable, so the underlying statesiinferred by the probabilistic rela-
tionship between the hidden state and its corresponding afxvable output. This contrasts
with the Markov chain, where the state is directly observale. The HMM is commonly
used to model human motionJ03, as the model can capture both spatial and temporal
variability inherent in human motion.

The HMM stores its model information as a set of three variabée commonly referred
toas =(Anx;Bu; H):

32



The state transition probability matrix, Ay, represents the probability that a given
state will transition into another state, or remain in the curent state. If the proba-
bility that the state a;; will remain in itself is high, this implies that the motion is
slow-moving. In an ergodic (fully connected) HMM, where a gan state can tran-
sition into any other state, Ay will not have any zero values. In a HMM that is
non-ergodic, such as a left-right model, where a given statan transition only to
itself, or advance to the next state Ay will have zeros in some of its entries to denote
impossible state transitions.

The observation probability matrix, By, contains data on the observation model
for each state. This variable denotes the possible obseri@lmutputs for each state.
For discrete variables,By contains the possible output alphabet. For continuous
variables, Gaussian or mixture of Gaussian distribution ndels are typically used.
The mean 4 and covariance , of each state are stored. For human motion,
this represents key pose positions and the range of variatyilfor each pose over all
the motion exemplars, respectively.By is also commonly known as the emission
probability.

The initial state distribution, 4, represents the probability that an observation se-
quence begins in a given state. Since the HMM only considersetiprevious state
to calculate the next state, the initial state is in uential in determining the tran-
sition sequences. This parameter is important in a fully corected HMM, but in
a left-right HMM, this variable is less signi cant, as for theleft-right HMM, it is
typically assumed that each observation sequence beginstie initial state. | is
also commonly known as the prior.

Thus, at each timestep, the current state can be determined/lexamining the previous

state and Ay, and the emitted observation can be determined by examiningy .

Forward Algorithm

To assess the similarity between the trained model and an arsation sequence, the for-
ward algorithm [8(] is utilized. The forward algorithm calculates the likelilmod that the
observation dataO could have been generated by the model.

P(Qj )= 1d1p823 ar 17 (3.19)
P(OjQ; )= b (01)(02)  br(Or) (3.20)
P(Oj )= P(OjQ; )P(Qj ) (3.21)
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whereQ is a given state sequence, araland b are the probability of Q and O occurring,
given , respectively. Thus, the forward algorithm determines thg@robability of a given
state sequence given an HMNP (Qj ) and the probability of this state sequence emitting
a given observation sequence (OjQ; ) to determine the probability of that a given ob-
servation sequence could have been generated by a given HNNOj ). Typically, the
logarithm of P(Oj ) is reported, as the log-likelihood (LL) value is easier to evk with
than extremely small values that could be generated by (Oj ), i.e. LL =log P(Oj ). As
an application of dynamic programming, the forward algorlim can become computation-
ally heavy. It requiresO(N?2T) calculations, whereN is the number of states andr is the
observation length 80Q].

Baum-Welch Algorithm

The Baum-Welch algorithm B(] is an expectation-maximization algorithm utilized to tran
the model in a two-step iterative fashion. The expected vaduE is calculated by taking
the expectation of the log-likelihood of the observatio® and state sequenc€) given the
current model estimate ,, logP (O; Qj n):

E( nj n 1) = E[logP(0;Qj n)jO; n 4] (3.22)

The maximization step computes:

@ogP(Qj ) _

o 0 (3.23)

and solves for for the updated model parameters. These two steps are repeatuntil
convergence. The Baum-Welch algorithm only nds a local maxum, so the training
initialization ; is important.

Bayesian Information Criterion

A HMM's ability to represent, identify and reproduce a motionprimitive is dependent on
its model initialization and the number of states used. Althagh hidden, the state often
represents some physical signi cance to the model, such asykposes for motion capture,
or phonemes for speech analysis. A model with a small numbdrstates may not carry
enough resolution to fully model the primitive. A model witha large number of states
has heavy computational costs and may cause the HMM to becomeeptted [ 80]. The
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Bayesian Information Criterion (BIC) can be used to balanceetween model accuracy and
high state cost:

BIC = 2LL + Nglog(Toss) (3.24)

where Ng is the number of states used for this model, andl,,s is the number of observa-
tions used. Plotting the BIC againstNgs shows that the LL improvement per state added
decreases exponentially, so a large number of states willdad large computational cost,
but may yield only marginal improvement in the HMM's ability to model the template
data.
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Chapter 4

Pose Estimation

This chapter develops an algorithm for on-line joint estimi#on from on-body IMU sensors.
The joint angle estimation is achieved by estimating joint agles from linear acceleration
and angular velocity measurements via EKF and a kinematic nadel of the human body.

In order to minimize drift, angle constraints are applied tothe EKF state estimate. An

automated approach is also developed for estimating and gdeng the process noise during
on-line estimation'.

4.1 Kinematic Modeling

To derive a kinematic model of the lower body, the human leg imodeled as an articulated
chain of rigid bodies, where each rigid body corresponds tdeg limb. The rigid bodies are
connected through a set of joints (i.e., the hip, knee and al®). To construct the kinematic
model, a reference frame (denoted as th# frame) is attached to each DOF (denoted as
thei 1" joint) following the DH convention (Section3.1.1). The DH parameters utilized
are outlined in Table4.1

Using the DH convention shown in Figuret.1, Frames 0, 1 and 2 are located at the hip,
forming a 3 DOF spherical joint, and describe the motions ohe thigh. This allows for hip
exion/extension, internal/external rotation, as well as abduction/adduction. t.2.3, th:2:3
and &.,.; describe the joint angles, angular velocities and angulaceelerations of the 3
DOFs in the hip joint. The base frame is assumed to be stationa xeo = =13 =0,
and thus! 1 = Rl;q; and 1= R[,@:. X3 describes the linear acceleration of the knee,

1This work has been published inPhysiological Measurement[62].
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Table 4.1: DH parameters for the EKF kinematic model

Link d r
1 G+ =20 0 =2
2 G+ =20 0 =2
3 & =2|0 |luper | =2
4 u+ =210 0 =2
5 03 IIower 0 0
Y,
YO X] o YO
Zy Y, X, Zo/
X
Xo Z, = ’
N n
Z; Y, Y3
Z3
|
Ys XS
Y
Zg ° Zs

(@) The individual DH frames, with the subject (b) The DH frames on the leg, with the subject
in the standing position facing into the page. in the standing position facing right.

Figure 4.1: The DH frame assignment utilized in the EKF. The orange boxesrepresent the

sensor packages. The hip is modeled as a 3 DOF joint, and the ke is modeled as a 2 DOF
joint. Frame 0, 3 and 5 refer to the hip, knee and ankle startirg frames, respectively. Frame
1, 2 and 4 correspond to intermediate hip and knee DOF frames.
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and is measured by the knee accelerometér3 describes the angular velocity of the thigh,
and is measured by the knee gyroscope. Frames 0 and 1 sharesamme origin, and thus
have no link o set, x; = x, =0.

O set from the rst 3 frames by the length of the thigh, Frames3 and 4 form a 2 DOF
joint at the knee, allowing for knee exion/extension, as was internal/external rotation.
w5, Os and &5 describe the joint angles, angular velocities and acceleoms of the 2
DOFs in the knee joint. ! 2 and 2 describe the total angular velocities/accelerations of
the calf, including motion generated at the hip and knee jots. x..5 describes the linear
acceleration of the ankle, measured by the ankle accelerderewhereas! 2 describes the
angular velocity of the calf, and is measured by ankle gyrasue.

Frame 5 is o set from Frames 3 and 4 by the length of the calf, @his the last frame of
the kinematic chain. Homogeneous transformations are utigd to rotate between the DH
frames and the local sensor frames.

The full set of equations are as follows:

1= Ry (4.1)
1= R+ !1 (Ryu®) (4.2)
x 1 = 0 (due to no length between segment 1 and 2) 4.3)
13 = RD! 1+ Rl (4.4)
5= Rl 1+RL&+!7 (RL4) (4.5)
Xy = 0 (46)
! 3= Rig! 3+ R0 (4.7)
5T Rl 5+ Russ+ ! (Rids) (4.8)
X3 = g luen + ! §°’ ! % luLen (49)
X3s= 3 Tushim +!3 '3 TIushim (4.10)
I3 = R 3+ Ry, (4.11)
2= Ry 3+Ryem+! 7 (RyW) (4.12)
X4 = R3X3 (4.13)
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5= RI £+ Rlgs @14
2= Rus 2+ Ris¥s+! 2 (Risls) (4.15)

Xss = RgsXa+ 2 Tishim *!'2 2 Tishim (4.16)
Roze = Ro1R12R23Rt1 (4.17)
Rose = Ro1R12R23R34R45R 2 (4.18)
|35 = Riy! 3 (4.19)

X3g = Ri1Xas + Rz (4.20)

| ss = Ryo! 2 (4.21)

Xs5g = RiXss + Rosed (4.22)
Xg;upper = Rozel ushim (4.23)
Xejower = Roaluten *+ Rosel ishim (4.24)

wherexsq, Xsq, ! 35 and! 55 denote the accelerometer and gyroscope values for the thigh
and calf IMU sensorsxg. e andx3,.,. are the Cartesian coordinates of the knee and
ankle respectively.r yshim IS the vector from the hip origin to the location of the sensor
on the thigh. r e, is the vector from the hip to the knee.rshm is the vector from the

knee to the sensor on the calf.

For simplicity, Frame 0 is assumed to be stationary. For matins where the foot is not
moving, such as sit-to-stand, the kinematic chain is revezd, such that the ankle is the 3
DOF joint, and the knee remains as the 2 DOF joint. Although thecurrent formulation
requires a stationary base frame, the proposed algorithmrcée extended to motions that
do not have a xed base, by accounting for the base frame motian the state vector.
This is a common technique in the robotics eld, and has beerpplied to the analysis of
mobile manipulators. The motion of the base can be estimatesithin the same Kalman
Iter framework by incorporating data from a sensor that exgriences only the base frame
movement, such as a sensor located at the waist.

Modeling internal/external rotation at both joints, parti cularly since the knee does not
have signi cant range of motion in this direction, allows foincreased exibility for sensor
placements. It is expected that the sensors would be mounted the front of the subject,
but poorly placed sensors can be modeled by including a nogra initial internal/external

rotation (p, Gg).
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4.2 Extended Kalman Filtering

The goal of the proposed approach is to estimate the joint aleg q based on the mea-
surements obtained from the accelerometers and gyroscopesg;, Xsq, ! 35 and! ss using
the EKF. As described in Section3.2.2 the EKF formulation assumes that process and
measurement noise is Gaussian distributed with zero meart should be noted that hu-
man motion variability may not be Gaussian, particularly athigher velocities. However,
for motions performed at slow to normal velocities, such agmabilitation exercises, noise
characteristics can be approximated by the Gaussian didbtion.

The system state consists of the joint angles, velocities @maccelerations,q, g and @.
The following kinematic motion equations are used as the press (state) model:

Q=0 1+Q t+@g t°=2 (4.25)
=0 1+¢ t (4.26)
G = € 1 (4.27)

This system model includes the evolution of position and \atity, while acceleration
is modeled to remain constant. The unmodeled higher orderrtes (i.e., changes in accel-
eration) are accounted for through the process noise. Noteaththis modeling approach
requires that the process noise be modi ed proportional tdie motion speed, as the impact
of the unmodeled higher order values would become more sigant at higher speeds, and
thus Q; would need to be increased accordingly during the state estition. The initial Q;
matrix is obtained by hand-tuning, as described in Sectiof.2 Additional tuning of Q
is performed automatically during the EKF estimation, to agust the EKF to the motion
that is being estimated. The automatic tuning is describechi Section4.3.

Since all the equations are linear, thé matrix is:

2 3
1t t2=2

A=40 1 t S (4.28)
00 1

The process noise JacobiaW; is a diagonal matrix, with O for g, and 1 for g and @
This e ectively models the kinematic system as a constantelocity model, as noise is being
injected in both g and @ The constant-velocity model was adopted after experimeation
with a constant-acceleration model, where noise is only égted into @, yielded poor results.

20 0 03
W,=40 1 P (4.29)
001
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Equations 4.19 4.20 4.21and 4.22 are used as the measurement equations, which are
non-linear. They are linearized as described in Secti@2.3and utilized in the extended
Kalman lter, as the C; matrix.

The measurement noise Jacobiaw is a diagonal matrix, as all sensors contribute noise:

10

Vi= g1

(4.30)

4.3 Adapation of the Noise Parameters

Poor selection of the process noisg; can signi cantly impact the performance of the
Iter. If it is too small, the higher order terms that are not modeled in the A matrix
cause improper state estimation. If it is too high, too much @ise is injected into the
state estimate. Both of these situations could a ect the st@® and state variance estimates,
causing the EKF intermediate matrices to become poorly coiitbned. In particular, the
calculation of the Kalman gain in Equation3.18requires the inversion of the intermediate
noise covariance matrixPy (Equation 3.17). The measurement equatiorC; is a function of
the state. Thus, if a poorw; selection leads to poor state recover, can become poorly
conditioned. The matrix inversion of a poorly conditioned ratrix causes numerical errors,
and can cause the EKF algorithm to diverge.

Since the goal is to develop an on-line estimation algorithnan approach to automat-
ically detect poor conditioning in the covariance matrix ad prevent EKF divergence is
needed. WherPy is approaching a singularity, the lter state is reset to theinitial values,
since a near-singulaP, matrix can introduce erroneous results into the states. Aftethe
Iter has been reset, the process covariance is increased¢ouce the chances of future sin-
gularities. The initial process noise parameters can be seted to be low, and be increased
gradually by this tuning process until the proper process fige is found.

It is, however, dicult to set a threshold gythes fOr the poorly conditioned matrix.
The condition number of theP, matrix uctuates based on the state estimates, and can
naturally become high and low. Since it is undesirable to adentally reset the Iter or
change the noise pro le while the Iter is working as expectg a high value for gy rhres
was set, so that the auto-tuning code would only be triggeredght before P, becomes
singular. As a result, by the time the condition number oP, exceeds the threshold, the
recovered angles are likely to have been inaccurately estited for several timesteps. A
timestep rewind is applied so that the updated Iter will ovewrite these poorly estimated
states.
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1: if cond(Py) dvThres KQ 30 then
2:  Rewind timesteps

3:  Reset lter state

4: Increase process Noise

5. end if

Figure 4.2: Process noise auto-tune algorithm.

It may also be possible that the joint angles become exceegliyn large before the con-
dition numbers are overtly impacted. Therefore, if a givenojnt exceeds its corresponding
joint limit, @i, by a factor, the lIter is also reset. The factor is arbitraryset to 3 such that
this Iter reset will not activate prematurely. This process is summarized in Figuret.2

Poor selection of measurement noise can also impact Iter performance. Ifv; is too
small, the measurement equations cannot adequately accofor the amount of noise that
is in the sensor data, causing integrational drift. If; is too high, motion data may be lost
as it is being discarded by the EKF as noise. However, unlikedlprocess noise, where poor
selection could cause singularities, it is di cult to detemine if the signal is drifting or if
the movement is natural. However, natural motion is constraed by the human joint angle
ranges, and cannot exceed them, whereas a drifting signalulgrow without bound.

4.4 Kinematic Constraints

To incorporate knowledge of the range of motion constraints reduce drift, the estimated
state angles are checked at each timestep to ensure that thase within realistic bounds,
as illustrated in Figure 4.3, A potential eld [ 51] is applied to pushq away from joint
bounds. The potential eld generates a virtual acceleratio pushing the joint away from
the joint boundary whenever the joint is close to the joint imit. Given

=46 q (4.32)
70 G (4.32)
the potential eld acceleration ; is calculated by
8
1 1 1 H
% L 7 if i _oi
R A
0 otherwise



q

—C

Figure 4.3: Subject moving within joint angle constraints .. When the joint angle estima-
tion approaches the constraint bounds, an arti cial acceleation is applied against the joint
angle to push the joint angle estimate back into expected rages.

where 9 and q.; are the lower and upper bound on the jointy, o and —; are the
distance limits of the potential eld in uence, and is the potential eld coe cient. As

g approaches the joint constraintg.;, ; applies an increasingly large acceleration in the
opposite direction to push the joint back within the accepthle range. The pseudocode for
this process is described in Figurd.4.

The proposed joint limit algorithm can be used to constrainhe joint angle estimates
to anthropometrically feasible values in the case of arbary 3D motion. If additional
information is available about the motion to be performed,te joint limits can be modi ed
to include this additional information. For example, for the case of motion in the sagittal
plane only, joint angle limits for out of plane joints can be dcreased to incorporate this
additional information into the Iter and further reduce drift error. Since the potential
eld runs on top of the EKF, it introduces additional calculations at each timestep. This
increased complexity is not signi cant, as this implement#on of the potential eld does
not involve computationally heavy components.

4.5 Examples

Section 6.2 describes the experimental validation of the proposed algthm on a motion
capture dataset. Figure4.5 shows an example of knee extensions while seated. Figdré
shows an example of knee-hip exions while supine. The thidkes in the gures denote
the end-e ector position ground truth from motion capture,whereas the thin lines denote
the estimated end-e ector position from the EKF algorithm.
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1: fori=11! 5do

2 _i QC;i q

3 —i q gc;i

4. if 7 T, then

5 &:i (1= 1)=7
6: else if o then

8 else

9: & Ag 1

10: endif

11: end for

Figure 4.4: Kinematic constraining algorithm.
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Chapter 5

Segmentation and Identi cation

In this chapter, a template-based on-line segmentation tecique based on both velocity
features and probabilistic templates is proposed. The sysh consists of a training phase,
where exemplar data are used to create feature and HMM motioerhplates, and a seg-
mentation phase, where the observed data is swept for chaestic features that match
the feature templates. When a segment candidate is found,eliHMM templates are used
to identify the motion and con rm the exact segment point loations.

5.1 Modeling Motion Segments

A left-right HMM is used for each motion template, since it is ¥pected that in a given
template, the motion will progress in a sequential pattern.Therefore = [1;0;0;::].
The observation data corresponds to joint angles, while thieidden states represent key
poses in the primitive. Ay represents the stochastic rst order dynamic model govenmg
the transition between key poses. Since the state data is ¢owous, By is represented
by a set of multivariate Gaussians, where each Gaussian meapresents the pose of the
associated hidden state, and the covariance matrix represe the variance and covariance.

The Baum-Welch algorithm BQ] (Section3.3.]) is utilized to train the template model.
Testing with the collected dataset (Sectior6.1) has shown that 6 to 10 state HMMs result
in similar levels of segmentation accuracy, similar to préews ndings for human motion

1This work has been submitted for publication in IEEE Transactions on Neural Systems and Rehabil-
itation Engineering [63].
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primitive modeling [10]. An 8-state system was selected as the optimal compromisevieeen
the time needed to perform template training and segmentatth accuracy.

To assess the similarity between a trained model and a new eb&tion sequence, the
forward algorithm [80] (see Sectior8.3.]) is applied. The forward algorithm calculates the
likelihood that the observation data could have been gendesl by the model. In order to
compare the continuous time series data against the tempé&ta candidate section must
be selected. A simple sliding window of xed lengtiW is not optimal, since intra- and
interpersonal di erences may result in a di erent time taken to complete each motion. A
second alternative is to test a set of windows of variable sizW + nW,,, wheren is a
multiplier on the xed-window series, andWgy; is the length of addition to the observation
window added. Both windowing methods are computationallyxpensive as they require
the forward algorithm to be appliedT W times for a single xed window, orT W) n
for multiple xed-windows for each HMM template.

The forward algorithm also implicitly penalizes longer olervations. Since the forward
algorithm calculates the likelihood via dynamic programmmg, and the values examined
are probability values (hence a value between 0 and 1), thenlger the state sequence, the
smaller the probability becomesd(]. To account for this, the likelihood measure can be
normalized by the length of observation data, or the obsertian data can be resampled so
that all data passed into the forward algorithm are of the samlength. The latter approach
is adopted herein.

5.2 Feature Extraction and Template Training

Instead of using xed window sizing, this thesis proposes adture searching method, to
provide an initial estimate of possible windowing edges. Erexemplar motions are scanned
for key features, such as velocity peaks or ZVCs, as a way topapximate a potential
interest region in the observed data. The forward algorithntan then be performed to
assess the likelihood that this region was generated by orfele known motion templates,
thus signi cantly reducing the number of times the forward &gorithm needs to be executed.

It is assumed that ZVCs start and terminate any given primitve [79]. In this algorithm,
a ZVC is de ned as one of the following: 1) the velocity crossdrom positive to negative,
2) the velocity crosses from negative into positive, or 3) thabsolute mean value of the
velocity over a small window is below a threshold3[)]. Using velocity features allows
the algorithm to locate the general shape of the motion of iatest more robustly then
algorithms that rely on distance measurestf.
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Figure 5.1: Feature component of the segmentation training procedure.The training al-
gorithm extracts signi cant DOFs from velocity variances from the provided exemplars, and
multiplies these velocities together to form an aggregatedrelocity. Velocity features (ZVC,
velocity peaks) are extracted from the aggregated velocity

Human motions, particularly typical rehabilitation exercises, are characterized by pe-
riodic velocity patterns, such as exion and extension, makg velocity peaks and zero
crossings a salient indicating feature. A typical featureetmplate of a rehabilitation motion
would consists of a ZVC, then a positive or negative peak, thenother ZVC, the opposite
peak, and a nal ZVC. The feature extraction and matching is Bsed on the assumption
that such a velocity pro le sequence can be extracted and ubé the template exemplars
and observations. The template training procedure is summaed in graphical form in
Figure 5.1 and 5.2, pseudocode is provided in Figurg.3.

HMM template training (Figure 5.3.5-6)

The exemplars are used to train HMMs with the Baum-Welch alg@hm [80], creating an

HMM for each primitive. An 8-state left-right model is used. Tlke Gaussian observation
functions are initialized by k-means clustering. LL threshold value&L s, Used to rec-
ognize template motions in the observation data, are derigdeby taking the average of the
LL values of the training exemplars evaluated on the HMM, sh#éd by a scaling factor.
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Figure 5.2: HMM component of the segmentation training procedure. The taining algo-

rithm uses means (cross) and variances (oval) of equally spad windows as the initial values
for the Baum-Welch HMM training algorithm. The exemplar mot ions are not actually nor-

malized to the same length, but the window width used is adjused for each exemplar, and
thus achieves similar e ects. Normalized exemplars are shvan here for ease of view. The LL
threshold is calculated from running the exemplars throughthe trained HMM.
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1: for all Motion templates do

2. for all Exemplar datado

3 Filter data via Butterworth [ter

4: end for

5. Train HMM via Baum-Welch with exemplar data

6: Calculate LL threshold with exemplar data

7. Calculate signi cant DOFs via k-means with exemplar velocities
8. Compute AV from signi cant DOFs

9. for all Exemplar data AV sequenceslio

10: Locate all ZVCs in AV sequence

11 Check peak values between ZVCs

12: Discard small peaks

13: Note all peak signs, magnitudes and times

14: Peak signs sequence stored for feature matching
15:  end for

16: Select majority peak signs sequence

17: end for

Figure 5.3: Template training algorithm pseudocode.

Signi cant DOFs (Figure 5.3.7)

In order to improve the proposed algorithm's robustness irhe presence of high dimension-
ality data, a DOF feature selection routine is implemented Rehabilitation motion tends
to be focused on improving the range of motion of the injuredints, thus it can be as-
sumed that the joints undergoing the largest range of motioare the signi cant ones. The
signi cant DOFs of a given template are selected by calculatg the standard deviations of
the template joint velocities and grouping them viak-means clustering, withk = 2. The
DOFs that are in the cluster with the highest centroid are agsned to be signi cant for
that particular template.

Velocity aggregation (Figure 5.3.8)

The velocities of the signi cant DOFs for a given template a& multiplied together, to create
a scalar estimate of the overall velocity and estimate the 28 and velocity peaks. With
this approach, the subsequent algorithm steps are the samegardless of the dimensionality
of the original motion sequence, allowing the algorithm to dndle both multi-DOF and
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single-DOF motions in the same way. It is also simpler to thehold on a single aggregated
velocity (AV) signal instead of on several independent DOFs.

Velocity feature extraction (Figure 5.3.9-16)

Although typical rehabilitation movements exhibit a two-peak feature, the proposed al-
gorithm does not automatically assume that all motions arewo-peaked. Rather, the
template training sequence searches for ZVCs in the AV of éaexemplar, and examines
the peak magnitude between each pair of ZVCs. If the velocityeaks between any two
Z\V/Cs are small, de ned as a percentage of the maximum or minum peak over the whole
exemplar, that peak is rejected as a feature. Otherwise, tivelocity peak sign, magnitude
vp and the time point when it occurred is noted. The sequence oVEZs and velocity peak
signs are utilized for feature matching. The peak time is uddo calculate peak-to-peak
lengths tp,. v, and tp, are used to reject signi cantly smaller motions from triggeng a
feature match in the template matching section.

Each of the exemplar motions will have its features extraatkein this manner. The
template characteristics, that is, its sequence of ZVCs anklocity peak signs over each
of the exemplars, are examined. If the majority of the exemguis have identical template
characteristics, then that characteristic sequence is ukelf an agreement cannot be made, a
template training failure is reported, as this suggests thahe exemplars consist of di ering
motions, and that the exemplars should be reviewed for cosgncy.

5.3 Segmentation and Recognition

Once the templates are prepared, the algorithm can be used $egment observation
data. This process is outlined in graphical form in Figur&.4; pseudocode is provided in
Figure 5.5.

Segmentation preparation (Figure 5.5.2-3)
During the on-line segmentation phase, a small sliding wiod is passed over the observa-

tion data, noting the local peak values and ZVCs of each of tHeOFs. An AV stream is
computed for each template, based on the template's signaat DOFs.
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Figure 5.4: Segmentation algorithm. The observation velocity streamsare converted into

AV streams based on each template's signi cant DOFs. Velody features are accepted or
rejected based on the peak size or peak-to-peak interval datcollected from the exemplars.
Some subjects gradually slow to a stop, so low velocity for agriod of time is also considered
as a ZVC. Several ZVCs are collected to form windows. The winows are resampled to be
equal length. Forward algorithm is used to assess the LL, with is used to determine which
window is a segment.

1: forall =1! T do

2. Filter observation data via Butterworth Iter

3: Create AV streams for each template

4. Search for ZVC and peaks in each AV stream
5. Discard small velocity peaks

6: Attenuate old peaks

7. if Detected features == exemplar featureghen
8 Resample windowed data

9 Determine LL via forward algorithm

10: Highest LL above LL threshold is segment
11:  end if
12: end for

Figure 5.5. Segmentation algorithm pseudocode.
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Feature searching (Figure 5.5.2-3)

A ZVC is declared if the AV makes a zero-crossing, or if is vetgw for several timesteps
[30]. Local peak values are tracked by an internal bu er. If the grrent window has a peak
value higher than the stored peak value, the peak value in thmi er is updated accordingly.
To avoid noise spikes in the velocity data from a ecting the émplate matching, the peak
bu er value is attenuated if it does not contribute to a match after several seconds, to
prevent a large spike in the velocity from preventing feat@ matches.

If a given AV observes a sequence of ZVCs and peaks that matghts corresponding
template, then the algorithm has located a potential segmepoint. Using features to esti-
mate the start and end time of a segment candidate also accdsifior temporal variations.
This way, the general shape is always matched, regardlessiod time it took the subject
to perform the motion. The velocity magnitudes and peak-t@eak distance must exceed
Vvp andt,, respectively in order for a potential segment point to be déred. This prevents
noise, such as when the subject is stationary, from trigged the feature match.

Several ZVCs before and after the located feature peaks aranked as possible segmen-
tation bounds, and all possible candidate windows are coma to the HMM templates
via the forward algorithm. ZVCs that are very close togetheand are close to small feature
peaks are likely caused by noise or tremors, thus only ZVCsaihare near signi cantly
sized peaks are kept.

HMM matching (Figure 5.5.8-10)

The template and window edge combination that results in thhaighest likelihood value over
the thresholdLL s is declared a segment. All window edge combinations are regded so
they are of equal length, to prevent the forward algorithm fsm favouring shorter sequences.
Following HMM template matching, the recorded peak magnituel and ZVCs are reset, and
the feature search resumes at the next time step.
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5.4 Examples

Segmentation Example
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Figure 5.6: lllustration of on-line algorithm. The data shown from [57].

Figure 5.6 shows a step-through of the segmentation procedure. Horizahbars indicate
manual segmentation markers. All data shown are aggregatelaeity data streams, for
180 right arm raise and lower, consisting of a right shoulder DOKred signal, plot F,
"RAR180), 90 left arm raise and lower, consisting of a left shoulder DOF (gen signal,
plot G, 'LAR90') and 90 both arm raise and lower, consisting of an aggregate velocit
of a right and a left shoulder DOF (black signal, plot H, ' BAR9(Q. When the template
features (plot F, G and H) are found in the observation data; tht is, when the template
pattern and the colour match a segment in the observation, #n a potential segment is
found. The procedure is as follows:

1. Red vertical bar marks the start of feature searching. Thebservation window is
expanded until a potential template match (green signal, pt A) is found. Two end
points are identi ed (black arrows, plot A).
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2. Forward algorithm is ran on the two identi ed windows. Theforward algorithm
reports that the red line to rst black arrow has a higher LL, & a right arm raise
(RAR180), so a segment is declared (green box, plot B). The faee cache is cleared,
and the start of the feature search is set to the end of the ladesegment (red bar, plot
B). The algorithm restarts. The rst black arrow shows a simliar RAR peak pattern
as before, but the negative peak is below threshold, so the ttia was correctly
deemed unsuccessful. The feature search continues to theosel black arrow. At
this point, large peaks were detected in the LAR90 (red signgblot B) and BAR90
(black signal, plot B) signals, so their respective HMMs arestted.

3. However, no match was made (the motion was BAR180, which wastrone of the
templates). The feature search start point is updated agaifplot C), and the feature
searching continues.

4. Two more successful segments are matched. At this pointhiag again, large peaks
are found (BAR90, plot D), so relevant HMMs are tested.

5. A match is found for both arm raise (BAR, plot E). All four segnents in this set
have been successfully identi ed.

Segmentation Results

A detailed veri cation of the proposed algorithm is describd in Section6.3. Figure 5.7
shows an example of a segmentation result for data of a pargant performing of knee
extensions while seated. Figur&.8 shows an example of knee-hip exions while supine.
The circles in the gures denote the manual segment points,hereas the boxes denote the
algorithmic segments.
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Figure 5.7: Joint angles and angular velocity of a subject performing ke extensions. The
algorithm segments properly when there are no pauses betweeach repetition.
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Figure 5.8: Joint angles and angular velocity of a subject performing kee-hip exion.
Although the participant's motions introduced spurious ZV Cs in the middle of the motion,
the algorithm was able to properly segment and identify the notion being performed.
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Chapter 6

Experiments

The algorithms proposed in this thesis were veri ed on rehdiation movements of healthy
subjects. IMU data was collected and converted to joint angs using the pose recovery
algorithm described in Chapter4. The joint angle data was segmented and identi ed
using the segmentation algorithm described in Chaptés. This chapter describes the data
collection process, as well as results from the joint anglstienation and the segmentation
algorithms. All signal processing, algorithmic implementgon and error calculations were
programmed in MATLAB 7.12.

6.1 Data Collection

6.1.1 Inertial Measurement Units

The data was collected using the Shimmer IMUL{] sensor suité. Shimmer sensors are
small and lightweight, with a physical footprint of 53 mm by 2 mm by 15 mm, and weigh-
ing 22 grams. This sensor suite collects linear acceleratiand angular velocity data, and
transmits wirelessly via Bluetooth at 128 Hz. Each sensor paage contains a Freescale
MMA7361L 3D accelerometer, two InvenSense 2D IDG-500 gyropes mounted perpen-
dicularly to each other to obtain 3D sensing, and a Roving Netwks RN-42 Bluetooth
radio. Figure 6.1 shows a detailed breakdown of the Shimmer components.

IMU sensors were favoured over line-of-sight systems sucdhaameras as IMUs do not
su er from occlusion, and can be deployed in a wide variety dfi erent environments.

1Shimmer Research, www.shimmer-research.com
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This is important as physiotherapy clinics tend to have cluered environments obstructed
by exercise equipment and patients can move around from si@ to station. A camera
system would require a large number of cameras or be mobileftdlow the patients, but
these conditions are impractical.

IMU straps may interfere with free movement. During the datecollection process, the
subjects generally noted that the straps were tight, but doot seem to interfere with range
and velocity of motion. Although the IMU straps did not interfere with the movements of
healthy subjects, they may hamper movement for rehabilitédn subjects.

Three Shimmer devices were used, placed on 1) the hip, alohg height of the anterior
superior iliac spine (ASIS, a major bony landmark on the hip)at the mid-sagittal region
of the subject, 2) on the thigh near the knee, and 3) on the calhear the ankle. Figure
6.2 shows the placement of the Shimmer sensors.

A calibration application based on Ferrariset al. [28] was provided by Shimmer Re-
search, and was used to calibrate the accelerometer and ggope sensors. Ferraris'
method was chosen as it is easy to apply, and does not requipgesialized equipment
such as a turntable. The accelerometer alignmet,, sensitivity K, and biasb, are cal-
culated by placing the sensor on a level surface in the six drent possible orientations
and applying a linear regression to nd the scaling paramets. The calibration equation is
aca = (Ra) Y(Ka) (ua by), whereacy is acceleration in in=s?] and u, is the measured
acceleration, in ADC].

The gyroscope alignmenR, , sensitivity K, and biash, are obtained by holding the
gyroscope still and then rotating the sensor 36CGaround its three axes. The calibration
equation is! .y = (R/) ¥K,) Y(u, b ), where! ., is angular velocity in fad=s] and
u, is the measured angular velocity, inADC].

6.1.2 Motion Capture

Data was also simultaneously collected on a Motion Analysisation capture system to
obtain ground truth data. Eight Eagle cameras were used, wita sampling frequency of
60 Hz, and the Motion Analysis Cortex software was used for datollection. Markers
were placed on the Shimmer sensors, the subject's shoulde&SIS, right knee and ankle
on both medial and lateral side, as well as the toe and heel. @6 markers were used to
estimate the location of the Shimmer sensors and joint cemgefor joint angle veri cation.
The position of the knee and ankle were obtained by taking th&verage of their respective

2Motion Analysis Corporation, www.motionanalysis.com
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Figure 6.1: Labeled image of the Shimmer sensor. Battery and gyroscope odules not
shown for brevity. Image used with permission from Shimmer Rsearch.

medial and lateral positions. Spline interpolation was apied to Il in occluded markers
and the data was swept for switched markers. The data streanmsoduced by Shimmer
and the Motion Analysis system were timestamped and time-gihed in post-processing.
Figure 6.3 shows the marker placements.

6.1.3 Demographics and Data Collection Procedure

The algorithm was tested on healthy subjects performing typal knee and hip rehabilita-
tion movements. The movement data of 20 participants (12 M, B) were collected, with
the average participant being 23 4.5 years old. No participant had any lower back or
leg injuries in the past six months. The experiment was appved by the University of
Waterloo Research Ethics Board, and signed consent was abtd from all participants.
Participant anthropometric data are summarized in Table.1, and are derived from motion
capture data.

The subjects performed a series of exercises, as describedable 6.2, designed to
model physiotherapy exercises. Each participant perfordewo sets of ten motions for
each motion type.
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Figure 6.2: The hip and knee are modeled as a 3 and 2 DOF joint, respectivgl Shimmer
sensors, containing the accelerometers and gyroscopes,re/g@ositioned on the hip, knee and
ankle of the participant. (Left) An image of the sensors on a prticipant's hip, knee and
ankle. Motion capture markers placements are also shown. (ight) A pro le image of the
torso, upper and lower leg, rotated 90 from the left image. The boxes on the leg represent
the sensor packages.

Table 6.1: Participant anthropometric data. All lengths in [ cm], all weights in [kg]. ry is
the hip-to-knee length. r g is the length along the thigh to the knee sensorr g is the radius
of the thigh at the knee sensor.r, is the knee-to-ankle length.rg is the length along the calf
to the ankle sensor.ris is the radius of the calf at the ankle sensor.

Height | Weight | Age | ry Fust | Fusr | T M sl M sr
Mean 168.7 65.2| 23.3|44.8|349| 7.2|138.2|234| 6.5

SD 9.2 10.1] 35| 43| 6.1| 15| 25| 47| 0.6
Max 183.0 90.0| 31.0|57.3|47.0| 12.0| 43.4| 32.1| 8.2
Min 150.0 47.7| 19.0| 37.4| 22.7| 52|33.9|144| 53
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Figure 6.3: Motion capture markers used. Red boxes indicate markers thiawere collected,
but were not directly used. Blue boxes indicate markers thatwere collected, and were used
in calculations. Image is from the Motion Analysis Cortex manual [72], and is used with
permission from Motion Analysis Corporation.
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Table 6.2: Exercise descriptions for rehabilitation exercises.

(SL)

Name Initial Pose Description
Knee exion | Seated Knee extension/ exion.
(KF)
Sit to stand (SS) | Seated Stand up from a seated posture.
Squats (SQ) Standing While keeping upper body upright, bend knees to
lower torso vertical position.
Hip-knee exion | Lying down | Starting with the leg straight, bend at the knee
(HF) and hip to slide the heel towards the buttocks.
Straight leg raise| Lying down | Keeping the leg straight, bend at the hip and lift

the entire leg up from the ground.

However, due to the nature of the rehabilitation motions examed, the motions tested
in Table 6.2 were all sagittal plane motions. A second set of out-of-planmotions was
collected with 1 male participant in order to verify the algoithm's capability to recover
out-of-plane movement. The tested motions for this seconeétscan be found in Table6.3.

Table 6.3: Exercise descriptions for out-of-plane motions.

)

Name Initial Pose Description
Circle trace | Standing Trace out a circle in the transverse plane with leg
(CTS) while in a standing position, rotating only at hip.
Front-side leg| Standing Alternating between leg raises to the front (sagit-
raise (FSS) tal) and side (coronal).
Circle trace | Lying down | Tracing out a circle in the transverse plane, with
(CTL) minimum knee bending.
Straight-diagonal | Lying down | Alternating between front leg extension (sagittal)
leg raise (SDR) and side leg extension (away from sagittal).

6.2 Pose Estimation

The algorithm described in Chapterd was applied to the Shimmer data and tested against
motion capture data. The EKF functions were implemented wi the ReBEL MATLAB
Toolbox [104. The initial angles for the EKF were determined numericayl by applying
inverse kinematics to the Cortex data.
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The initial EKF noise pro les (Q¢, R;) for the rehabilitation motion dataset were tuned
to a single participant. That is, the 5 exercise motions of # reference patient were
examined, and a singl€); and R; matrix was derived across all 5 exercises. The tuning
was done by minimizing RMS between the EKF-derived end-e &ar position and the end-
e ector position from the motion capture system. This noisero le was applied uniformly
to all the exercises of the other 19 participants. For motisithat were performed by other
participants that may di er in speed, the auto-tuning mechanism described in Sectio.3
was used to adapt the noise model. The kinematic constrainirlits ¢. were aggregated
from several anthropometric joint limit tables [/5 12]. The kinematic link lengths were
obtained from the motion capture marker information. The ptential eld coe cient
and the in uence distance o were set to 1 and 75% of the joint limits, respectively.

6.2.1 State Estimation for Rehabilitation Motions

Prior to the accuracy analysis, two outlier motions were reoved from the total set of
200 motion sets, due to a sensor error during data collectiorifo compare the results
obtained from the EKF with the motion capture data, following estimation of the joint
angles using the proposed algorithm, Equation4.23 and 4.24 were used to compute the
Cartesian location of the IMU markers. The estimated locatins of the knee and ankle
sensors were compared to the motion capture measured sensaations, and the RMS
computed. Table6.4 presents the RMS for each Cartesian direction, as well as theerage
error for the thigh (upper) link, the calf (lower) link, and the total average error. The
data were grouped together by motion type, with only the anttopometric joint limits as
the kinematic constraints. The RMS data were converted to jot angles by applying the
cosine rule to the link lengths and the RMS values. Tablé.4 also presents the joint angle
errors for the thigh and the calf link.

Considering these results, it is evident that the largest ssrs exist in the z-axis (i.e.,
the motion out of the sagittal plane, c.f. Figure6.2), where there is little actual motion.
Without strong motion in that direction, the estimation su ers from drift, causing a large
reported RMS. As can be seen from Figuré.4, errors are also introduced by poor initial
angle estimates, which can persist over the duration of théase recovery process.

In general, larger RMS were reported in the calf than the thly This is expected, as
the end-e ector distance errors from the thigh are also implitly included in the calf. Once
again, the impact of drift can be observed strongly in the chk-axis. With only general
anthropometric constraints, Table6.4 shows a total mean RMS of 4.2¢m, with 3.46 cm
for the thigh and 5.08cm for the calf.
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Table 6.4: EKF RMS results, by motion type, for the rehabilitation data set, without any
out-of-plane angle constraints. Cortex link length used. Results shown for each of the Carte-
sian dimensionality, as well as thigh (U), calf (L) and total (T) errors. The degree error for
the hip (U) and knee (L) joint is also shown. The motions perfamed were knee exion (KF),
sit to stand (SS), squats (SQ), hip-knee exion (HF) and straight leg raise (SL).

RMS [ cm] RMS [ded
X1 Y1 Z1 X2 Y2 Z2 U L T U L
KF 3.98| 1.58| 553| 4.39| 3.45| 8.49| 3.70| 5.44| 457| 6.01| 4.12
SS 159 228| 244| 219| 4.16| 2.78| 2.10| 3.04| 257, 7.60| 4.90
SQ 1.59| 229 484 281 434| 578| 291| 4.31| 3.61| 10.82| 8.45
HF 501| 3.18, 5.00| 5.88| 4.35| 852| 440 6.25| 5.32| 6.28| 4.86
SL 5.72| 296| 3.93| 6.21| 3.53| 944| 420, 6.39| 530| 591| 5.53
| AVG | 356| 2.46| 4.35| 4.28] 3.98| 6.97| 3.46| 508] 4.27| 7.35| 5.59]
0.5 0.6
0.4
E
c 0.3
S
3 02
o
0.1+
’/\”V\,/
o ~—~
25 10 15 01 15 20
Time [s] Time [s]
(&) Knee joint. (b) Calf sensor end-e ector.
Figure 6.4: Pose estimation of leg extension motion, showing joint ang estimation and

calculated end-e ector position compared to the motion cafure end-e ector position. Drift

can be seen in the z-axis (red), while initial angle error maysometimes persist in the state

recovery.
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Table 6.5: EKF RMS results, by motion type, for the out-of-plane dataset. Results shown
for each of the Cartesian dimensionality, as well as thigh (U, calf (L) and total (T) errors.

The degree error for the hip (U) and knee (L) joint is also shom. The motions performed
were circle trace (CTS), front-side leg raise (FSS), circldrace (CTL) and straight-diagonal
leg raise (SDR).

RMS [ cm] RMS [ded
X1 Y1 Z1 X2 Y2 Z2 U L T U L

CTS 209| 749| 6.99| 2.82| 1222 9.71| 577| 8.25| 7.01| 8.89| 6.08

FSS 2.16| 544| 4.44| 259|10.67| 855| 4.16| 7.27| 5.71| 6.32| 7.42

CTL 230| 1.57| 3.58| 522| 3.30| 7.56| 3.45| 536| 441| 5.21| 6.49

SDR 3.44| 191 490 4.00| 247| 588| 3.60| 4.12| 3.86| 5.39| 1.59

[AVG | 250] 4.10] 4.98] 3.66] 7.17] 7.93] 4.25] 6.25] 5.25| 6.45] 5.40]

In addition to the errors from the EKF estimates, errors are lgo introduced from

the motion capture itself. Markers were only placed on the dnt of the hip and not the

back. The hip rotational centre was assumed to be at the hip mieer position, which is

incorrect. This also applies to the location of the IMU senss as well. This problem is less
signi cant for the knee and ankle joint as the position of thee two joints were estimated
by considering multiple markers. Due to the nature of humarojnts, joint centres also shift

during movement, contributing to additional error.

6.2.2 State Estimation for Out-of-plane Motions

The RMS for the out-of-plane motions were calculated in theasne manner as the rehabil-
itation motions. Table 6.5 presents the Cartesian and degree error by motion type. With
an total Cartesian RMS of 5.25cm and an hip and knee joint error of 6.45and 5.40
respectively, the algorithm is shown to work with similar eectiveness with out-of-plane
motions when compared to the in-plane rehabilitation motias.

Although only healthy participants were examined, the propsed algorithm is well
suited to use on the rehabilitation population. The proposk algorithm does not assume
any a priori knowledge of the movement that is being performed and funotis identically
for the sagittal-plane dataset and the out-of-plane datase No parameter modi cations
were made to apply the algorithm to each of the healthy partipants, covering a range of
movement speed and pattern. It is possible that, with the redbilitation population, state
noise covariance would need to be modied, but the mechanicé the algorithm would
remain identical.

66



6.2.3 Comparison to Existing Approaches
Pose Estimation

Two alternative algorithms were also implemented to servesacomparison benchmarks:
Boonstraet al.'s implementation of the complementary Iter [L1] and Luinge and Veltink's
implementation of the strapdown integrator §7]. Similar to the proposed algorithm, the
two comparison algorithms rely on accelerometers and gyooges to produce orientation
estimates. Both the accelerometer and the gyroscope are ionfant, since the accelerom-
eter returns accurate incline angles due to gravity, but isot reliable when the subject's
motion acceleration is not negligible compared to gravityI' he gyroscope can be integrated
to obtain joint angles during faster movements, but su ersrbm integrational drift. Boon-
stra's algorithm considers only sagittal motion, so compaons to the proposed algorithm
are made to the sagittal-only results, where out-of-planengles were locked to the initial
joint values. The Cartesian RMS results can be found in Tabl6.6a and Table 6.6b for
joint angle error.

Several minor modi cations were made to Boonstra's algohtn for this comparison.
Rather than using the lIter parameters recommended by Booms, which may be opti-
mized for their sensor suite, the Iter parameters were optiized on the Shimmer devices
in order to obtain the best possible performance. The sagittincline angle was used to
rotate the link lengths so that Cartesian RMS can be calculad for comparison against
the proposed algorithm. Lastly, it was unclear how Boonstraombined the accelerometer-
derived joint angle to the gyroscope-derived joint angle,osthe average of the two was
used.

From Table 6.6, it can be noted that Boonstra's algorithm does not performsawell as
the proposed algorithm. The high-pass lIter used in Boonsé&r does not perfectly eliminate
the gyroscopic drift, which can be very signi cant. Without the accelerometer angle to
average with, the reconstructed angles derived from the gyscope would be very poor.
This is the cause of numerous high-error entries for Boonatin Table 6.6, emphasizing
that the high-pass lIter is not su cient. Boonstra also notes that the high-pass Iter
may be removing movement information from the sensors, whievould also hurt the angle
estimates. Lastly, Boonstra's algorithm does not provide aethodical way to combine
the measurement sources, whereas the EKF calculates a waighfactor, the Kalman gain
(Equation 3.18), to combine all the measured data appropriately.

The second comparison algorithm considered was Luinge'spl@mentation of the strap-
down integration approach, where the movement and orient@ain of an object are estimated
by rigidly attached IMUs, using a Kalman Iter framework. The angles are determined by
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Table 6.6: EKF RMS results by motion type, for the rehabilitation datas et, with out-of-
plane angle constraints, comparing two other algorithms wih the proposed. Results are given
for the thigh link (U), calf link (L) and total error (T). The m otions performed were knee
exion (KF), sit to stand (SS), squats (SQ), hip-knee exion (HF) and straight leg raise (SL).

(a) RMS Cartestian error, reported in [cm].

Boonstra Luinge, no bias Luinge, bias Proposed
U L T U L T U L T U L T
KF 3.13| 6.83| 4.98| 2.78| 453 | 3.66| 2.51| 3.82| 3.16| 2.51| 3.48| 2.99
SS 2.02| 3.58| 2.80| 1.22| 2.36| 1.79|| 1.99| 3.36| 2.67| 1.72| 2.74| 2.23
SQ 1.70| 4.04, 287 1.52| 2.88| 2.20| 1.95| 3.58| 2.76|| 1.91| 3.26| 2.69
HF 6.18| 8.24| 7.21| 4.12| 4.86| 4.49| 4.06| 4.79| 4.43| 3.90| 4.50| 4.20
SL 8.05| 10.62| 9.33| 4.16| 5.83| 5.00| 4.18| 5.59| 4.88|| 4.37| 4.56 | 4.47

| AVG | 4.20] 6.65| 5.42] 2.76] 4.09| 3.42| 2.93| 4.22| 3.58| 2.87| 3.70| 3.31]

(b) RMS degree error, reported in fleg.

Boonstra Luinge, no bias Luinge, bias Proposed

U L U L U L U L
KF 5.02 8.48 4.59 4.23 4.11 3.15 4.13 1.67
SS 7.26 9.48 4.45 5.72 7.25 6.94 6.00 3.74
SQ 6.36| 13.07 5.60 7.60 7.08 8.86 7.08 5.39
HF 8.83 5.01 5.88 2.08 5.75 1.96 5.55 1.53
SL 11.20 6.00 5.88 4.89 5.90 4.06 6.17 1.12
] AVG \ 7.70\ 8.45H 5.29\ 4.90H 6.04\ 5.01H 5.81\ 2.73\
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gyroscopic integration, which is then used to rotate and itate the gravity vector from the

inertial acceleration. The Kalman Iter combines the sagial incline angle derived from
the acceleration signal with the integrated angles derivellom the gyroscope signal. The
sensor noise is explicitly modeled by the Kalman Iter. Thetate noise covariance matrix
used was obtained by tuning, but the measurement noise colarce matrix was identical
as the one used in the proposed algorithm, since the state nebdised was di erent, but

the sensors and data were the same as the proposed.

Luinge's algorithm also includes the gyroscope sensor DGbias a Kalman state vari-
able to address drift. Two implementations of Luinge's algadhm were constructed for
the results shown in Table6.6, one with and one without gyroscope bias correction. The
two implementations allow the analysis of the contributionof the kinematic model and
the contribution of bias correction to the system performace separately. For the reha-
bilitation dataset, the gyroscope bias does not a ect perfmance, since out-of-gravitation
plane motion, which is most susceptible to drift, is restried. Without a gyroscope bias
model, EKF may not be able to properly estimate the gyroscop®oise, causing a poorer
estimation.

A full 3D DOF version of Luinge's algorithm was also implemeéad, to compare between
Luinge's algorithm and the proposed algorithm in an unconstined situation, using the
out-of-plane motion dataset. Table.7 outlines the results from Luinge's algorithm in terms
of Cartesian and joint angle error. Comparing the results fathe proposed algorithm in
Table 6.5 and Luinge's algorithm in Table 6.7, it can be seen that the performance in
the sagittal plane is comparable, but the overall z-axis osagittal drift is much larger
with Luinge's algorithm, resulting in a larger overall erro reported for Luinge's algorithm.
The inclusion of a kinematic model allows the proposed algthhm to constrain unfeasible
motions that Luinge's algorithm does not, such as abductiomotion in the knee. This
allows the proposed algorithm to reduce drift.

Table 6.8 shows Luinge's algorithm with and without gyroscope bias,sawell as the
proposed algorithm in full 3D angle recovery without any satjal constraints. Unlike
the sagittal case, the inclusion of the gyroscope bias in Inge's algorithm signi cantly
improves performance in the case of unconstrained motiorarticularly in the o -sagittal
axis direction.

The performance of Luinge's algorithm is comparable to therpposed approach, show-
ing the advantage of the principled integration of both sems sources via the Kalman lter
framework. However, with both comparison algorithms, onlynicline angles to the hori-
zontal and heading angle to the vertical are estimated, wiilthe proposed algorithm can
estimate pose and report the results in the more clinicallselevant joint angle. Due to the
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Table 6.7: EKF RMS results, by motion type, for the out-of-plane dataset, using Luinge's
algorithm without gyroscope bias. Results shown for each othe Cartesian dimensionality,
as well as thigh (U), calf (L) and total (T) errors. The degree error for the hip (U) and knee
(L) joint is also shown. The motions performed were circle tace (CTS), front-side leg raise
(FSS), circle trace (CTL) and straight-diagonal leg raise (SDR).

RMS [ cm] RMS [ded
X1 Y1 Z1 X2 Y2 Z2 U] L T U] L
CTS | 21.85| 17.05| 23.32| 48.55| 29.51| 41.68| 20.74| 39.91| 30.33| 32.38| 43.89
FSS | 1.49| 2.63| 2.23| 3.16| 6.59| 4.42| 212| 472 3.42| 3.21| 5.95
CTL 446| 221 3.31| 569| 2.76| 556| 3.32| 4.67| 4.00, 5.04| 3.02
SDR | 4.72| 2.06| 2.42| 1166, 5.12| 583| 3.06| 7.54| 5.30| 4.60| 10.17

[AVG | 8.13] 5.99] 7.82] 17.26] 11.00] 14.37| 7.31] 14.21] 10.76] 11.31] 15.76]

Table 6.8: EKF RMS results by motion type, for the out-of-plane dataset, comparing
Luinge's algorithm with the proposed. Results are given forthe thigh link (U), calf link
(L) and total error (T). The motions performed were circle tr ace (CTS), front-side leg raise
(FSS), circle trace (CTL) and straight-diagonal leg raise (SDR).

(@) RMS Cartesian error, reported in [cm].

Luinge, no bias Luinge, bias Proposed

U L T U L T U L T
CTS | 20.74| 39.91| 30.33|| 5.61| 11.34| 8.47| 5.77| 8.25| 7.01
FSS 212 472 3.42| 3.26| 8.15| 571| 4.16| 7.27| 571
CTL 3.32| 4.67| 4.00| 4.10| 8.47| 6.29| 3.45| 536| 4.41
SDR 3.06| 754 530| 392 7.79| 586| 3.60| 4.12| 3.86

[AVG | 7.31]14.21] 10.76] 4.22] 8.94] 658 4.25| 6.25] 5.25]

(b) RMS degree error, reported in fleg.

Luinge, no bias Luinge, bias Proposed

U L U L U L
CTS 32.38 43.89 8.65| 12.81 8.89 6.08
FSS 3.21 5.95 494 11.17 6.32 7.42
CTL 5.04 3.02 6.20 9.86 5.22 6.49
SDR 4.60 10.17 5.89 8.77 5.40 1.59

|AVG | 11.31] 15.76] 6.42] 10.65] 6.46] 5.40]
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lack of kinematic constraints, the comparison algorithmslso allow drift in DOFs that are
not physically feasible, which degrades the quality of thengle estimates.

Comparison to Goniometry

The error magnitudes obtained by the proposed algorithm areomparable to errors re-
ported using goniometric systems. Chad §] reported a sagittal mean error of 1.4 when
comparing an electrogoniometer with x-ray data. Jagodziks et al. [45 examined hip
and knee goniometeric measurement accuracies against cdaljy images of the leg, and
noted a mean degree error of 3.9vith a standard goniometer and 1.22with a long-arm
goniometer, with 3.3 of inter-rater variance between the two examiners. Edwardst al.
[24] reports that mean error of goniometer measurement of kneagie ranged from 0O at
90 knee exion, to 3 error at 120 exion. The average error rose to an average of &rror
with unaided visual assessments. The corresponding jointer for the proposed algorithm
reports a sagittal error of 2.73, which makes it better than an unaided joint assessment,
and comparable to existing goniometric methods. This makeke proposed algorithm a
viable alternative to the existing goniometer methods as thsensors are lightweight and
do not require a brace such as those required by an electrogoneter. It also provides
joint angle estimates in both static and dynamic situationsproviding exercise velocity and
timing information that a goniometeric system would not be ble to supply.

6.3 Segmentation and Identi cation

The joint angles obtained from Sectior6.2 were pre-processed with a low-pass lter to
reduce state reconstruction noise caused by any lter reset The HMM functions were
implemented with Murphy's HMM MATLAB Toolbox [ 73].

An 8-state left-right HMMs were used, trained using the Baum-\&ich algorithm. 4
was initialized with [1;0; 0;:::], as typical for left-right HMMs. The initial y was calcu-
lated by separating the templates into 8 sequential equalkized segments, and calculating
the mean for each DOF within each segment. The initial 4 for each state was set to a
diagonal matrix of 10, and allowed to converge after sever&trations, as some  values
suggested by separating the data into 8 segments and caldirlg the variance resulted
in numerical issues with the training algorithm. Ground trih manual segmentation was
determined by a human observer using video playback of the tran capture data.

An algorithmic segmentation point was declared correct if ifalls within = teqor Of
a manual segment point. A false positive error was declareflan algorithmic segment
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point was identi ed when there is not a corresponding manuaegmentation point. A false
negative error was declared if a segment point was not fountgjarithmically for a manually
identi ed segment point. Each segment's two segment pointge awarded points separately.
That is, a completely correct segment could receive +2 cong whereas a partially correct
segment could receive +1 correct and +1 false negative. All mion sequences contain only
a single motion type, so if the algorithm labels a given segmteincorrectly, it is reported
independently from the segmentation results.

6.3.1 Segmentation Results

The data streams used for the feature selection were the 5nbiangles from the EKF
(Section6.2). For each subject, the rst of the two collected motion setsvas used for the
template training, then both motion sets were used separdyefor testing the proposed
algorithm. In the rst set of experiments, the templates usd were subject specic, so
the templates generated from one subject's motions was ustdsegment only their own
motion.

Figures6.5 (sit-to-stand), 6.6 (squats), and6.7 (hip exions while supine) show various
motions segmented by the algorithm. The boxes indicate thdgmrithmic segmentation
points, while the circles indicate manual segmentation pais. The top plot shows an-
gle data; the bottom plot shows angular velocity. The dark fies are DOFs denoted as
signi cant across all the templates, whereas the lighterrdies are not signi cant.

The segmentation results for the feature-guided HMM withe,,o, =0.2 s can be found in
Table 6.1Q0 This table shows the segmentation results on both the traimg and the testing
set. The algorithm correctly determines 76% of the segmentsr data not used during
training. If teor = 0.3 s, shown in Table6.11, the accuracy increases to 84%, implying that
a number of the algorithmic segments are just outside of theanual segment error bounds.
Several di erent factors contribute to this result. Since here are no standardized guidelines
on how a motion sequence should be segmented, manual segatent is typically left up
to the perception of the human observer. Although manual segmt points are typically
used as ground truth, there may be inconsistencies betweehservers or even between
exemplars for the same observer. It can be di cult to visualf determine when a segment
has started or ended, due to stray motion or tremors at segmeands, or due to poor
camera angle during video replay, causing manual segmentsite declared before or after
the actual end of motion. The observer may also be segmentiog DOFs that are not the
most signi cant. At times, the algorithm overestimates thebounds of the segments, as
the motion may have been perceived to have ended due to slovoeity before the actual
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Figure 6.5: Joint angles and angular velocity of a subject performing gito-stand. The cir-
cles denote the manual segments, whereas the rectangles démthe algorithmic segments. In
this gure, only one of the six segment points is declared a coect segment underteror = 0:25,
even though the algorithm located all the motions. Reactionspeed of the human observer
is a common source of the mismatch between the automatic andhe manual segmentation,
as the manual segments sometimes lag behind the time when thgarticipant ceases motion.
This can be seen most strongly between the second and third gment. Examining the space
between the rst and second segment, it can be noted that the prticipant does not actually
stop moving between repetitions, making the location of thetrue segment point ambiguous,
especially if the viewing angle is not optimal.
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Figure 6.6: Joint angles and angular velocity of a subject performing sgats. The circles
denote the manual segments, whereas the rectangles denoteet algorithmic segments.
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Figure 6.7: Joint angles and angular velocity of a subject performing hp exions. The
circles denote the manual segments, whereas the rectangldsnote the algorithmic segments.
Despite signi cant motion in the other DOFs, the algorithm s uccessfully segments the motion
under examination.
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ZVC. If segmentation accuracy is ignored and only identi cton accuracy is examined, as
reported in Table 6.9, the algorithm reports 95% accuracy.

Utilizing only angle data in the HMM states sometimes leads thilenti cation process
to confuse two similar actions. For example, squats and thét-$o-stand both involve a
large change in the knee sagittal angle and a small change lnetankle sagittal angle. Using
joint data only, the squat position is sometimes confused thi the seated position, causing
misidenti cation. Adding the acceleration signal introdues strong additional orientation-
based data into the HMM vectors, reducing this misidenti caton. These results can be
found in Tables6.10and 6.11 These results show that the false positives, which include
template misidenti cation, decrease with the addition of he accelerometer terms. Includ-
ing these accelerometer terms raises the segmentation aecy, particularly for the squat
and sit-to-stand motions. These results also demonstratée capability of the proposed
algorithm to handle a variety of input time series data, inalding both joint angle and
Cartesian acceleration measurements. Tabk9 shows that the identi cation accuracy
also increases to 100%.

Examining these results shows that the sit-to-stand motioperforms particularly poorly
in terms of segmentation accuracy. A detailed examinatiorf the sit-to-stand results shows
that the segmentation routine produces results comparabk® the other motions, but a
mismatch between the locations of the manual and algorithmisegmentations causes the
algorithm to report a lower accuracy (see Figuré.5. We believe this is due to issues
with the viewing angle during manual segmentation, espediif the participant does not
perform a complete stop between repetitions. Comparing,or = 0.2 S t0 teyor = 0.3 'S,
the sit-to-stand accuracy reported for sit-to-stand for bt datasets in Tables6.10and 6.11
rises to from 49% and 52% to 65% and 77% respectively. If si-$tand is not included, the
total accuracy for these two tables rises from 76% and 77% t@% and 83%, respectively.

6.3.2 Inter-personal Template Segmentation Results

In a clinical setting, it is impractical to have templates fom each patient. The physical
condition, hence movement patterns, of a rehabilitation geent will change as the pa-
tient's condition improves from post-surgery recovery toidcharged, so any template and
algorithm used for segmentation must be able to handle largetra- and inter-personal

variations. A second set of experiments was carried out tosess the algorithm's ability to

segment if a single common template was used for all obsendata.

The participant data were randomly separated into groups dahree or ve, and tem-
plates were generated from these groups. The accelerometeta were rotated before
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Table 6.9: Identi cation results of the proposed algorithm, comparison when using joint
angles only (JA) or joint angles and accelerometer data (JA+A). The motions performed
were knee exion (KF), sit to stand (SS), squats (SQ), hip-knee exion (HF) and straight leg
raise (SL). Separate results are reported for trained and utnained data.

Trained data Untrained data
Total JA JA+A Total JA JA+A

KF 406 | 404 (100%)| 406 (100%)| 410| 384 (94%)| 410 (100%)
SS 398| 388 (97%)| 398 (100%), 398 | 364 (91%)| 398 (100%)
SQ 416| 410 (99%)| 416 (100%)| 412| 376 (91%)| 412 (100%)
HF 418| 400 (96%)| 418 (100%)| 408| 396 (97%)| 408 (100%)
SL 406 | 406 (100%)| 406 (100%)| 410| 410 (100%)| 410 (100%)
Total w/o 1646| 1620 (98%)| 1646 (100%)| 1640| 1566 (95%)| 1640 (100%)
SS

Total 2044 | 2008 (98%)| 2044 (100%)| 2038| 1930 (95%)| 2038 (100%)

HMM training to align the mounting orientation of the sensorsbetween participants. All
other parameters were identical to the ones used in Secti6r3.1

Table 6.13 shows the mean and standard deviation of the accuracy pertages over
all the template groups. The data used for template trainingvere not used for the seg-
mentation testing. The algorithm demonstrates good robusess when using participant-
independent rather than participant-speci ¢ templates, dopping approximately 5% for
overall accuracy forteror = 0.2 s and 6% for overall accuracy foteor = 0.3 s compared
to the single-template results from Sectior6.3.1 Identi cation accuracy drops by 1%,
as per Table6.12 Similar to the results in Section6.3.1, the sit-to-stand results were
noticeably worse. With exception of the sit-to-stand, the Bemplate set outperformed
the 3-template sets in all the motions. This was to be expedeg since the 5-template
set includes a wider variety of exemplar motions, and thus wamore able to account for
inter-participant variability.

6.3.3 Comparison to Other Segmentation Algorithms
In order to compare the proposed approach to existing work, 2&VC method, described
in Fod et al. [3(] was implemented. Segmentation points are declared whenretkelocity

crosses zero, thus a segment window is formed with two conge® ZVCs. Segment
windows that are too small are rejected. To reduce the amoumtf spurious ZVCs, only
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Table 6.10: Segmentation results of the proposed algorithm, compariso when using joint
angles only (JA) or joint angles and accelerometer data (JA+A). The motions performed
were knee exion (KF), sit to stand (SS), squats (SQ), hip-knee exion (HF) and straight leg
raise (SL). Results shown is the algorithm's performance foteror = 0.2 S, and the number
of segment point estimates that are correct, false positivdFP) and negative (FN). Separate
results are reported for trained and untrained data.

(a) Trained data

JA JA+A

Motion Total Correct FP | FN Correct FP | FN

KF 406 | 382 (94%) 2| 22| 382 (94%) 0| 22
SS 398| 211 (53%)| 42| 187| 264 (66%)| 26| 134
SQ 416| 337 (81%) 8| 79| 343 (83%) 2| 73
HF 418 | 330 (79%)| 20| 88| 342 (82%) 2| 76
SL 406 | 353 (87%) 6| 53| 353 (87%)| 4| 53
Total w/o SS 1646| 1402 (85%)| 36| 242| 1420 (86%)| 8| 224
Total 2044 | 1613 (79%)| 78| 429| 1684 (82%)| 34| 358

(b) Untrained data

JA JA+A

Motion Total Correct FP | FN Correct FP | FN

KF 410 371 (91%)| 26| 39| 389 (95%)| O| 21
SS 398 | 193 (49%)| 72| 205| 207 (52%)| 62| 191
SQ 412 | 294 (71%)| 36| 118| 328 (80%)| O | 84
HF 408| 331 (81%)| 14| 77| 320 (78%)| 2| 88
SL 410| 349 (85%)| 12| 61| 324 (79%)| 12| 86
Total w/o SS 1640| 1345 (82%)| 88| 295| 1361 (83%)| 14| 279
Total 2038| 1538 (76%)| 160 | 500 | 1568 (77%)| 76| 470

77



Table 6.11: Segmentation results of the proposed algorithm, compariso when using joint
angles only (JA) or joint angles and accelerometer data (JA+A). The motions performed
were knee exion (KF), sit to stand (SS), squats (SQ), hip-knee exion (HF) and straight leg
raise (SL). Results shown is the algorithm's performance foteror = 0.3 S, and the number
of segment point estimates that are correct, false positivdFP) and negative (FN). Separate
results are reported for trained and untrained data.

(a) Trained data

JA JA+A
Motion Total Correct FP | FN Correct FP | FN
KF 406| 389 (96%)| 2| 15| 389 (96%)| 0| 15
SS 398| 276 (69%)| 20| 122| 325(82%)| 8| 73
SQ 416| 376 (90%), 8| 40| 382 (92%)| 2| 34
HF 418 | 363 (87%) 18| 55| 380 (91%)| O| 38
SL 406 | 379 (93%) 2| 27| 378 (93%)| 2| 28
Total w/o SS 1646| 1507 (92%)| 30| 137 | 1529 (93%), 4| 115
Total 2044 | 1783 (87%)| 50| 259 | 1854 (91%)| 12| 188

(b) Untrained data

JA JA+A
Motion Total Correct FP | FN Correct FP | FN
KF 410| 375(92%)| 26| 35| 393 (96%)| O| 17
SS 398 | 257 (65%)| 54| 141| 308 (77%)| 20| 90
SQ 412 | 328 (80%) 36| 84| 362 (88%) 0| 50
HF 408 | 364 (89%) 12| 44| 351 (86%)| O| 57
SL 410 381 (93%) 2| 29| 354 (86%)| 2| 56
Total w/o SS 1640| 1448 (88%)| 76| 192 | 1460 (89%) 2| 180
Total 2038| 1705 (84%)| 130 | 333 | 1768 (87%)| 22| 270
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Table 6.12:
plates.

Identi cation results presented as accuracy percentage wit inter-subject tem-

hip-knee exion (HF) and straight leg raise (SL).

3-template set | 5-template set

Mean SD Mean SD
KF 99.1%| 1.9% | 99.4%| 0.9%
SS 99.4%| 1.2% | 98.3%| 1.9%
SQ 99.7%| 0.2% | 98.8%| 0.9%
HF 99.2%| 1.2% | 99.0%| 1.2%
SL 100.0%| 0.1%| 100.0%| 0.0%
Total w/o SS 99.5%| 0.5% | 99.3%| 0.5%
Total 99.5%| 0.4%| 99.1%| 0.8%

The motions performed were knee exion (KF), sit to gand (SS), squats (SQ),

Table 6.13: Segmentation results under di erent terror Values, with inter-subject templates.
The motions performed were knee exion (KF), sit to stand (SS9, squats (SQ), hip-knee
exion (HF) and straight leg raise (SL).

teror = 0.2 S teror =03 s

3-template set | 5-template set | 3-template set | 5-template set

Mean SD Mean SD Mean SD Mean SD
KF 85.3% 2.0% | 86.6% 1.6% | 86.7% 2.1% | 88.0% 1.8%
SS 53.1% 4.1%| 53.2% 8.8% | 70.7% 6.5% | 69.8%| 11.3%
SQ 73.6% 2.4% | 74.6% 3.4% | 81.2% 2.8% | 82.6% 3.2%
HF 74.3% 8.8% | 74.4%| 11.9%  82.4% 7.6%| 82.4%| 12.4%
SL 79.5% 2.1%| 83.8% 1.1%| 85.7% 2.7% | 90.6% 1.1%
Total w/o SS 78.9% 1.2% | 81.0% 1.5% | 84.3% 1.7% | 86.6% 2.2%
Total 73.1% 1.5% | 74.6% 3.0% | 81.2% 2.0% | 82.8% 3.5%
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Z\V/Cs that occurred on the signi cant DOFs were considered.iig&ce ZVC produces segment
points at both the end of exion and the end of extension, evgrtwo consecutive ZVC
segment windows were combined.

A xed-sliding window HMM [ 80] was also implemented. HMM construction for the
xed sliding window was identical to the feature guided HMM. The xed window length was
computed from the lengths of the exemplar templates. Segnmation points were declared
on local maximas of the likelihood, as long as it is above sotikelihood threshold.

Lastly, a DTW algorithm [87] was also implemented. An arbitrary exemplar is selected
to be the template motion. A mapping matrix, used to time-aljn two time series signals,
is constructed by taking the Euclidean distance between datime step. An unconstrained
path was used, since motion data often contains pauses, whis less suited for a greedy
algorithm [97]. The warping path width was constrained to 8 timestamps to q@vent
singularities. A segment candidate is considered a primm candidate as long as the
Euclidean distance between a given template and the obsetiem data was maintained
below some empirically-derived threshold. The threshold idetermined by taking the
distance between all the exemplar motions against the tengté exemplar, and taking
the average distance. If the observation data is of a di erérlength then that of the
template, a penalty distance is added, proportional to the icerence in length. Initial
tests with a bottom-up DTW [49] resulted in 50% accuracy, with average runtime of 700
seconds, indicating that basic DTW is not suitable for this pplication. To reduce the DTW
computation time and improve accuracy, a modi ed version oDTW was implemented.
The feature-searching component (Figur®.5.2-6) from the proposed algorithm was used
to determine the potential segment points, and the HMM compamt in the proposed
algorithm was replaced with DTW. That is, potential segmentpoints were located by
considering the sequence of velocity peaks and zeros in thservation data, while rejecting
short ZVC intervals or small velocity peaks. When a sequencoé velocity features matches
that of a given template, a segment potential is declared arassessed by the DTW. This
also allows the HMM and the DTW to be compared in a more straighforward fashion.

The 5 joint angles from the EKF and the accelerometer signalese used for template
training and observation input for the xed-window HMM and the DTW. Only the joint
angle data were used for the ZVC algorithm as the acceleroreetdata would introduce
noisy ZVCs and degrade the segmentation quality.

The feature-guided HMM outperforms all the comparison algidhms. Table 6.14shows
the feature-guided HMM's error metrics compared against ZVC xed-window HMM and
feature-guided DTW, at di erent teor levels. The ZVC algorithm does not have a identi-
cation component, but the data are presented together forase of comparison.
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Table 6.14: Identi cation and segmentation results comparing the proposed to other algo-
rithms, with identi cation accuracy and percentage, as wel as the algorithm's performance
within a given error bound terror , and the number of segment point estimates that are correct,
false positive (FP) and negative (FN). Separate results areeported for trained and untrained
data.

(a) Trained data. Total = 2044.

Ident. teror = 0.2 s teror = 0.3 s
Correct Correct FP | FN Correct FP | FN
Z\C - 1256 (61%)| 526 | 786| 1414 (69%) 432 | 628
Fixed HMM 2038 (99.7%)| 483 (24%)| 948 | 1559| 710 (35%)| 644 | 1332
Feature DTW 2044 (100%) | 1658 (81%)| 42| 384 | 1822 (89%)| 14| 220
Feature HMM 2044 (100%) | 1684 (82%)| 34| 358| 1854 (91%) 12| 188
(b) Untrained data. Total = 2038.

Ident. teror = 0.2 s teror = 0.3 S
Z\VC - 1345 (66%)| 424 | 691 | 1513 (74%)| 344 | 523
Fixed HMM 2028 (99.5%) 397 (20%)| 958 | 1639| 572 (28%)| 742 | 1464
Feature DTW 2036 (99.6%)| 1556 (76%)| 96| 482| 1736 (85%)| 42| 302
Feature HMM 2038 (100%) | 1568 (77%)| 76| 470| 1768 (87%)| 22| 270
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Although feature-guided HMM segments along ZVC points, its ality to reject spurious
crossings compared to the ZVC algorithm greatly improves ghsegmentation accuracy and
reduces the number of false positives. The ZVC algorithm eft groups a long sequence of
slow moving motions with the rst half of the motion of interest, causing the rest of the
observation sequence to be segmented improperly. If a segims&as rede ned to separate
the exion from the extension motion, the ZVC algorithm woutl report better performance.
A single threshold to reject short sequences is also di culb use, as each participant moves
at a di erent speed. No identi cation results are reported fo the ZVC algorithm as it does
not provide any motion labels.

Fixed-window HMM also performed poorly. Its inability to change its window size,
which is the average length of the templates, means that evéimough it is good at iden-
tifying the underlying motion, it is not able to produce accuate segmentation bounds. It
does provide accurate labels, and emphasizing the need faviadowing technique.

It does not appear that DTW warping irregularities is a signicant problem for this
data set, as feature-guided DTW performs comparably to the&ture-guided HMM in both
segmentation and identi cation. Having a multi-tier segmetation algorithm and a way
to reduce the search space for potential segment points gitgancreases the accuracy of
the segmentation algorithm. Due to variations in human motn, it is critical that the
algorithm employed can handle spatial and temporal intra- rad interpersonal variances
between the motion template and observations. HMMs model s variations explicitly
as state variance, and temporal variations within the statéransition matrix, allowing it to
identify the observation motion, even if it is carried out fater or slower than the exemplar
template. ZVC does not account for these variabilities at &l

6.3.4 Timing Results

Table 6.15shows the timing results for each of the examined algorithmaveraged over the

198 motion sequences examined. The exemplar length is themage length of each obser-
vation sequence. The template construction time is the aw&ge time taken to construct

all relevant template data for a given subject. The segmertian time is the average time

required to segment one set of observation data.

Due to its simplicity, the ZVC algorithm requires no templae training time and very
little segmentation time. However, as noted in the previousestion, this algorithm is inac-
curate. Fixed-window HMM uses the Baum-Welch algorithm to t&in the HMMs based on
exemplar data, and requires a signi cant amount of trainingime. Its segmentation time
is also very long, as it needs to run the forward algorithm nuerous times at each time
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Table 6.15: Timing results compared to other algorithms, in [s]. Average exemplar length
is 37.14s  11.03s.

Template construction Segmentation time

Mean SD Mean SD
Z\NC - - 0.13 0.04
Fixed HMM 37.92 8.51 54.27 33.53
Feature DTW 70.33 30.76 76.58 69.02
Feature HMM 38.25 9.59 6.72 2.56

step, once for each template available. The feature-guidetMM requires the most training
time, though the feature extraction component takes verytlle time additional time. With
the feature-guiding, the proposed algorithm is able to mormtelligently determine when
to apply the forward algorithm, and decrease the segmentan runtime signi cantly, when
compared to the xed-window HMM. Even with added feature mathing, DTW still re-
quires considerably longer to execute when compared to HMMatypically requires more
time than the duration of the temporal sequence. Although theegmentation accuracy of
the DTW is comparable to that of the HMM, the high computationd cost of the DTW
makes it impractical for any real-time applications.

It should be noted that these results were collected from algthms implemented in
MATLAB, which consists of a large overhead due to its high-l@} structure. These timing
results should be examined relative to each other, as oppdge being an absolute assess-
ment. As such, Table6.15shows that the feature-guided HMM signi cantly decreased
cost of utilizing an HMM algorithm as it performed better thanthe xed-window HMM.
When all other factors were held equal, HMM is seen to outperfn DTW, as can be seen
by the feature-guided version of both algorithms.

6.4 Summary

The joint angle estimation algorithm proposed in Chapterd was veried on a set of
movement data from healthy subjects. When compared to motiocapture, the approach
achieves an average RMS error of 4.2/ for unconstrained motion, with an average joint
error of 6.5. The average RMS error is 3.3tm for sagittal planar motion, with an average
joint error of 4.3 .

The segmentation and identi cation algorithm proposed in Gapter 5 was also veri ed,
on the joint angle estimates produced by the pose recoverygatithm proposed in Chapter
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4. The segmentation algorithm reports 78% accuracy when thermplate training data
comes from the same participant, and 74% for a generic temda
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Chapter 7

Conclusions and Future Work

7.1 Summary of Findings

This thesis proposes a rehabilitation exercise monitorirgystem that provides detailed joint
angle measurements and automatically identi es the exesgs performed by the patient
over each rehabilitation session. The proposed system wasted on 20 healthy subjects,
performing 5 rehabilitation exercises.

On-line pose estimation from body-worn sensors. This thesis proposed an algorithm
for estimating lower body pose based on the extended Kalmaliter. Inertial mea-
surement units are employed as sensory input, with constaatceleration and forward
kinematics as the state and measurement models, respediveThese sensor units
are well suited for rehabilitation as they are small and ligiveight, and do not ob-
struct the rehabilitation process. Kinematic constraints based on anthropometric
joint angle ranges, are applied to mitigate the e ects of gyrscopic drift. This is
introduced to the state estimates via a potential eld, whit exerts a virtual accel-
eration that varies in strength proportional to the distane between the estimated
joint angles and the joint limits. The noise covariances aradjusted on-line to adapt
the Kalman lIter to each participant and movement pro le. The proposed system
achieves an overall average RMS error of 4.2, and is capable of estimating joint
angles accurately for arbitrary 3D motion of the leg.

On-line exercise segmentation and identi cation. This thesis proposed a feature-
guided HMM motion segmentation algorithm to segment human ntion data during
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on-line measurement. The proposed approach reduces the pamison space of the
observation data by identifying signi cant DOFs, velocity peaks and ZVCs to esti-
mate locations of potential segment points. When such potgal segment points are
located, the sequence under examination is checked againséfM templates to nd
the most accurate segmentation and identify the motion. Thalgorithm is shown
to be able to segment data with high accuracy with subject-ggi c templates. It
was also shown to be robust when inter-person templates ardimed, demonstrating
its ability to handle both spatial and temporal variability introduced by intra and
inter-personal di erences. The algorithm is capable of hating any time series input
stream, including joint angles or Cartesian linear accelation data. The ability to
segment on-line enables immediate feedback to the physiethpist and rehabilitation
participant, allowing the participant to correct incorred motions to maximize reha-
bilitation e cacy. The algorithm reports 78% accuracy whenthe template training
data comes from the same participant, and 74% for a generiarplate.

7.2 Future Work

7.2.1 Data Collection on Rehabilitation Patients

For future work, motion data will be collected from joint regacement physiotherapy pa-
tients, in order to assess the system's accuracy against att@opulation whose motions
may have di erent noise characteristics from a healthy pogation. Patients undergoing

physiotherapy may exhibit signi cantly di erent movement pro les, including increased

variability and tremor, which may increase the di culty of j oint angle recovery and seg-
mentation.

7.2.2 Pose Estimation

For the pose estimation, improvements to the noise covariae@ estimation are required to
improve the robustness of the algorithm. Increasing the re@ covariance when the Kalman
Iter performs poorly allows the lIter to continue to operate instead of diverging, but
implies that the Iter was running with subpar parameters. Amore targeted auto-tuning
system would also improve the gyroscopic drift issue. Althgi the Kalman Iter was
shown to perform with less reported error when compared to @rious work, drift issues
still remain. A better noise covariance estimation would &w the Kalman Iter to account
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for the inaccuracies in the sensor calibration, produce n@accurate joint angle estimates,
and potentially eliminate the need for the joint constraintpotential eld.

Currently, the Kalman lIter utilizes link lengths derived from motion capture. A substi-
tute for motion capture values is to use anthropometric talgls, but anthropometric tables
are constructed for a speci c population and may not be apmable to all populations.
A method for link length parameter estimation would removelte dependency on motion
capture or anthropometric tables, and provide a better estation routine than using a
xed link length.

7.2.3 Motion Segmentation and ldenti cation

For the motion segmentation and identi cation, a method to ¢gnamically update the tem-

plate could improve segmentation results. Motion templategenerated from healthy par-
ticipants or physiotherapist may not correspond well to thenotions produced by patients
undergoing physiotherapy. Template adaptation would alle the templates to be modi ed

by incorporating information from the observation itself,enabling the segmentation and
identi cation of a wider range of motions.

The application of this thesis is to exercise motions, and escise motions tend to be
cyclic in the joint velocity, allowing for velocity crossigs and velocity peaks to be used.
However, more powerful or sophisticated features may need b@ proposed for general
motions sets. Currently, only relative positions of peaksra used, and timing data use was
minimal. Improved feature identi cation would further decease the number of forward
algorithm calls, and thus improve runtime as well.
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