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Abstract
The ability to walk and negotiate stairs is an important predictor of independent ambulation. The
superposition of mobility impairments to the effects of natural aging in persons with stroke render
the completion of many daily activities unsafe, thus limiting individuals’ independence within
their communities. Currently however, no means exist for the monitoring of mobility levels
during daily living in survivors after the completion of rehabilitation programs. The application
of inertial sensors for stroke survivors could provide a basis for the study of gait outside of
traditional laboratory settings. The main objective of this thesis was to evaluate the performance
of inertial sensors in measuring gait of hemiparetic stroke survivors through the completion of
three studies. The first study explored the use of inertial measurement units (IMUs) for the
measurement of lower limb joint kinematics during stair ascent and descent in both stroke
survivors and healthy older adults. Results suggested that IMUs were suitable for the
measurement of lower limb range of motion in both healthy and post-stroke subjects during stair
ambulation. The second study evaluated the measurement of step length and spatial symmetry
during overground walking using IMUs. A systematic error resulting in the underestimation of
step lengths calculated using IMUs compared with those measured using video analysis was
found, however results suggested that IMUs were suitable for the assessment of spatial symmetry
between affected and less-affected limbs in stroke survivors. The final study evaluated the
automatic classification of gait activities using inertial sensor data. Findings revealed that the use
of a classifier composed of frequency-features extracted from IMU accelerometer and gyroscope
data from both the affected and less-affected limbs most accurately identified gait activities from
post stroke gait data.
This thesis provides a first attempt at applying IMUs to the study of gait post-stroke.
Future work may extend the findings of these studies to provide a better understanding to
rehabilitation professionals of the demands of everyday life for stroke survivors.
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Chapter 1
Introduction
1.1 Motivation
Mobility, notably the ability to walk and ambulate stairs, dictates the level to which
individuals can remain independent and active within their community [1], [2]. In older
populations, marked decreases in strength and joint mobility result in deterioration of the balance
control system during gait [3]. In order to compensate for this decreased ability to balance,
adaptation techniques are employed to enable a safer, less destabilized gait cycle [4]. It follows,
due to the additional biomechanical demands of stair ascent and descent, that even while
employing adaptive techniques older adults would identify these tasks as among the most
demanding activities of daily living [5]. When additional mobility impairments, such as those
affecting individuals having survived a stroke, are superimposed on the effects of natural aging,
the safe completion of demanding tasks can become unsafe, rendering individuals incapable of
independent ambulation outside of their homes.
Survivors of strokes, the leading cause of adult neurological disability in Canada, may
experience neurological and functional impairments of varying severity [6]. In order for these
individuals to regain mobility independence and reintegrate into their community, rehabilitation
programs spend considerable time on gait restoration, namely in an attempt to improve walking
ability [7]. However despite successful completion of rehabilitation programs many individuals
never regain the ability to walk independently outside of their homes [7], [8]. Recently, research
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has shown that a better predictor of free-living physical activity in people with stroke is the ability
to ambulate stairs [9], a task dependent on several factors including joint mobility and
coordination. The biomechanical and physical requirements of stair ascent and descent in older
adults and in individuals having suffered a stroke have been the subject of several new studies,
providing a better understanding of the effect of mobility changes following stroke in comparison
to the natural compensatory strategies utilized by healthy aging individuals [3], [10–12].
In clinical settings, biomechanical properties of gait have been measured using a variety
instrumentation including stopwatches, video recording, pressure mats, force platforms, and
camera-based motion-capture systems. The measurement of lower-limb joint kinematics and the
estimation of spatio-temporal gait parameters are conventionally performed through quantitative
three-dimensional gait analysis. However, due to the complexity of data collection protocols and
the limited capture volumes associated with such systems, optoelectric movement analysis
remains a laboratory-based method of data collection, unavailable to the majority of rehabilitation
professionals. Additionally, the effect of being in a laboratory setting has been shown to result in
movement patterns that do not reflect individual subjects’ day-to-day capabilities [13–15]. A
need therefore exists for an accessible means of studying gait outside of the traditional laboratory
settings. The development of portable, commercially available motion capture through the use of
inertial measurement units (IMUs) has made possible the acquisition of spatio-temporal gait
information in any setting. Composed of 3D accelerometers, gyroscopes, and magnetometers,
these wireless sensors provide a means of estimating the motion of the body segments to which
they are attached, which provides a minimally invasive tool for the analysis of gait post stroke.

1.2 Objectives and Contributions
The overall objective of this research was to evaluate the performance of inertial
measurements units in the evaluation of gait in hemiparetic stroke survivors. To address this

2

primary objective, three studies were conducted and included within this manuscript, and their
objectives and contributions are summarized as follows.

1.2.1 Validation of the use of IMUs for the measurement of lower limb joint
kinematics during stair ascent and descent
A comprehensive evaluation of IMU estimated lower limb joint kinematics with those
simultaneously collected through a conventional laboratory-based motion capture system during
stair ascent and descent activities was conducted for healthy older adults as well as for chronic
stroke survivors. This is the first study to propose the use of IMUs for the evaluation of lowerlimb joint angles in older adults and stroke survivors during stair ambulation.

1.2.2 Evaluation of gait symmetry in hemiparetic stroke survivors compared with
that of healthy older adults
A comparative evaluation of gait symmetry in healthy older adults as well as in individuals
presenting with post-stroke hemiparesis performing the 10-meter walk test (10 MWT) was
conducted using two shank-mounted IMUs. Step length and spatial symmetry (through step
length ratios) were compared with results collected using video camera footage in order to
evaluate asymmetry and compensation strategies in stroke survivors. This study is an extension
of previous works having focused on the estimation of walking speed and temporal gait
symmetry; and is the first to investigate step-length and spatial symmetry using IMUs in chronic
stroke subjects.

1.2.3 Activity classification in chronic stroke survivors using shank-mounted IMU
signals
The concept of classifying gait activities based on features extracted from IMU data was
investigated using data collected from chronic stroke survivors performing overground walking
and stair ambulation using both the step-over-step and step-by-step patterns. Feature sets derived
from the first five components extracted from the z-axes of accelerometer and gyroscope data
3

using fast Fourier transforms (FFT) were combined to form five unique k-nearest neighbor crossvalidated classifiers for the prediction of gait activities. The selection of the best performing
classifier was determined through analysis of classifier accuracy, sensitivity, and specificity. This
study is the first to propose the use of IMU data for the classification of gait events as well as the
identification of stepping patterns used (step-over-step vs. step-by-step stair ambulation) by
chronic stroke subjects. Additionally, this study is the first to investigate the use of classifiers
containing frequency features derived from angular velocity data for gait event recognition.

1.3 Organization of Thesis
In order to address the overall objective of this thesis, a validation of the use of IMUs for the
measurement of lower limb joint angles during stair ascent and descent was performed in Chapter
2. Chapter 3 investigates the use of shank-mounted IMUs for the evaluation of gait symmetry in
hemiparetic stroke survivors compared with healthy older adults. Activity classification of
overground walking, as well as step-over-step and step-by-step stair ambulation using shankmounted IMU signals was evaluated in Chapter 4. The thesis is concluded with a summary and
recommendations for future work in Chapter 5.
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Chapter 2
Measurement of Lower Limb Joint Kinematics Using
Inertial Sensors During Stair Ascent and Descent in
Healthy Older Adults and Stroke Survivors
Abstract
The study validated the feasibility of inertial sensors in estimating lower limb joint kinematics
during stair ambulation in healthy older adults and stroke survivors. Three dimensional motion
data were collected using an inertial sensor-based system from 9 persons with stroke and 9
healthy older adults as they ascended and descended a staircase at a self-selected pace. The
estimated joint angles were compared with a laboratory-based motion capture system by
computing differences in range of motion (RoM), grand mean error, standard deviation, and
coefficients of multiple correlations. For stroke, overall differences in RoM error mean estimated
using the two systems were computed to be 3.3± 8.1o, while the highest correlations were found
in the estimation of sagittal plane joint angles after offset correction. Results suggest that the
inertial sensor system is suitable for estimating sagittal plane joint angles in healthy older adults
as well as the RoM for stroke survivors. New calibration procedures are necessary for applying
the technology with greater accuracy to a stroke population.

5

2.1 Introduction
Stair negotiation (ascent and descent) is among the most demanding activities of daily
living and an essential skill for independent ambulation, with difficulty reported by one third of
community-dwelling older adults [1], [2]. When compared to level ground walking, stair ascent
and descent have been shown to be significantly more demanding biomechanical and
neuromuscular tasks [3–5] and as a result, aging individuals use adaptation techniques in stair
negotiation as their strength and joint mobility decline [6]. Consequently, for those with limited
mobility, such as individuals who have suffered a stroke, the impact of residual impairment in
strength, movement coordination, and balance may become more pronounced with increased task
demands, thus limiting the independence of these individuals. Evidence suggests that the ability
to negotiate stairs is dependent on adequate lower limb strength [7], [8]. Although 60-70% of
stroke survivors regain the ability to walk, only 7-22% are able to walk independently outside of
their homes [9], [10], [11] and it has been shown that the best predictor of independent activity in
community dwelling individuals is the performance of stair negotiation [12–14].
In clinical settings, community ambulation capability is conventionally estimated using
standard tests in lieu of real world mobility activities [9], [15]. Quantitative three-dimensional
gait analysis is a widely used tool in research and clinical settings for the measurement of lowerlimb joint kinematics in both healthy and impaired individuals. However, although accurate, the
use of current laboratory based optoelectronic movement analysis has limited applicability due to
the complexity of marker placement and data collection protocols, as well as the restricted
measurement volume attributable to the required line of sight between cameras and markers. In
addition, subjects are known to modify their gait patterns in laboratory settings, resulting in over
performance compared to their day-to-day walking capability [16–18]. The growing need to study
gait outside of a laboratory setting has lead to the development of portable inertial sensor based
systems for gait assessment. Inertial measurement units (IMUs) composed of 3D accelerometers,
6

gyroscopes, and magnetometers, are commercially available, relatively low-cost, and provide a
portable means of acquiring spatio-temporal gait information. Through sensor fusion algorithms
such as Kalman filtering, the sensor signals (measures of angular velocity, acceleration, and
earth’s magnetic field) can be combined to estimate the 3D orientation of each IMU’s coordinate
system (CS) with respect to a global CS [19–22]. Using these sensors, gait analysis could be
performed in a natural setting to estimate joint kinematics given that: an IMU is attached to each
body segment of interest; an anatomical CS is defined for each body segment, and the
orientations of the anatomical CSs are expressed in the IMU CSs [16].
Thus far, IMUs have been used to measure 3D body segment orientations in both healthy
and impaired individuals [16], [23–28]. However, the definition of anatomical CSs remains
critical. The inherent properties of IMUs are such that no information can be provided about the
position of each individual sensing unit relative to segment bony landmarks, and therefore
accurate calibration is required in order to locate sensor positions and orientations relative to
anatomical references. Different calibration techniques have been conceived to ensure suitability
of IMU measurements for gait analysis. O’Donovan et al. [23] defined a protocol for the 3D
inter-segment ankle joint measurement, where calibration involved a novel two stage technique in
which subjects performed a rotation of both foot and leg segments about the longitudinal axis of
the body while standing followed by a knee extension, maintaining alignment of the medio-lateral
axes of both foot and lower leg, about the respective z-axes while seated. These motions,
although suitable for healthy individuals, may not be easily performed by some clinical
populations, e.g. chronic stroke survivors.
Picerno et al. [24] proposed a protocol for estimating lower limb joint kinematics by
defining anatomical CSs through direct measurement of directional anatomical axes using
palpable anatomical landmarks. For each body segment, the determination of the orientation of
two or more non-parallel lines was required, which in turn involved using multiple calibration
7

tasks and specialized equipment. This protocol increased the complexity and duration of the IMU
calibration procedure.
Cutti et al. [16] proposed the estimation of lower limb joint angles through a novel
protocol, named ‘Outwalk’. In this protocol, two calibration procedures were performed: firstly
the mean knee joint flexion-extension axis was computed in the thigh embedded CSs of the
IMUs; followed by the definition of anatomical/ functional CSs for the determination of each
individual segment orientations in the IMU CS of their corresponding segment. Both calibration
procedures were performed either upright or supine and movements were self-initiated or aided
by a therapist as necessary. From the calibration procedures, joint angles for the lower limbs
were computed. The Outwalk protocol has since been validated with healthy subjects [29] as
well as in the assessment of children with cerebral palsy [26]; both studies reported the protocol
in combination with IMUs to be suitable for gait analysis in non-laboratory settings. Although
applicable to clinical populations, the Outwalk protocol requires the completion of assisted
calibration procedures, which add a level of complexity to the data collection.
The estimation of lower limb kinematics using IMUs can be assessed through acceptable
ranges of variation in lower limb joint angle estimations reported in previous studies using
traditional motion capture. Yavuzer et al. reported that in individuals having suffered a stroke,
angular kinematics of both affected and less-affected lower limb joints are extremely stable, with
intraclass correlation coefficients always greater than 0.90 [30]. Between repeated measured
taken 2 weeks apart on stroke subject’s affected limbs, maximum differences of 2.9 deg at the
ankle, 4.9 deg at the knee and 3.3 deg at the hip were measured during gait by Novak et al [31].
Significant differences in estimations between groups (control and stroke) or between limbs
(affected and less affected in stroke) have been reported as a difference greater or equal to 4 deg.
[32]. Therefore, error between lower limb joint angles estimated using IMUs vs. motion capture
must fall within these acceptable ranges for IMU kinematic measures to be considered accurate.
8

This study was undertaken in an effort to render the use of IMUs more applicable to
clinical populations, specifically chronic stroke survivors. The application of IMUs, in previous
studies using various calibration protocols, has been focused on gait analysis of overground
walking in both healthy and impaired ambulators [26], [29], [33]. However, there remains a lack
of knowledge as to the performance of these inertial sensors in other activities such as stair
ambulation. This study is the first to use IMUs in the assessment of stroke survivors during stair
ambulation, an important activity of daily living for independent ambulators. Validation of IMUs
for stair ambulation in healthy older adults as well as in chronic stroke survivors was conducted,
comparing IMU estimated joint kinematics with those simultaneously collected through a
conventional laboratory-based motion capture system.

2.2 Methodology
2.2.1 Subjects
Ten chronic, hemiparetic stroke survivors (a minimum of 6 months post-stroke) were
recruited from the community through newspaper advertisements and letters and flyers sent to
patients who attended monthly hospital-based rehabilitation programs during the past 12-18
months. The five male and five female subjects were 69.7 ± 9.5 of age; 1.65 ± 0.09 m in height;
weighed 70.47 ± 15.05 kg; and were 6.5 ± 5.4 years post-stroke. Ten age and sex-matched
control subjects were also recruited through newspaper advertisements and postings at the local
senior’s center (age: 64.9 ± 11.5 years; height: 1.74 ± 0.13 m; weight: 80.72 ± 15.01 kg). Due to
limitations in one subject’s stair ambulation ability, only 9 from each group were included in the
analysis to maintain the age and sex match comparison. All subjects self reported to be in good
health and were willing to participate in an orientation session and approximately 3 hours of
testing. In addition they were required to be able to ascend and descend at least 4 steps, with or
without the use of a handrail. Subjects with stroke were screened to ensure they were
9

independent ambulators, with or without the use of a cane or assistive device, had a unilateral
mobility deficit. All subjects were screened to exclude those with a history of non-stroke related
mobility restrictions (neurological and musculoskeletal), cardiac disease (unstable angina,
peripheral vascular disease, congestive heart failure), uncontrolled hypertension (systolic pressure
>140 mmHg, diastolic pressure >90 mmHg), or cognitive deficits. All subjects gave their
informed consent prior to participation in accordance with university policy and the study was
approved by the Queen’s Health Science Research Ethics Board (HSREB).

2.2.2 Instrumentation
The IMU system used in this study was the Xsens MVN Biomech system (Xsens
Technology B.V., Netherlands), which was composed of 7 inertial sensors. Sensors were
attached to the lateral aspect of each subject’s midthigh and midshank, as well as the superior
aspect of the midfoot, with an additional inertial sensor positioned over the pelvis, at the level of
the L5S1 joint, using customized elastic straps (Xsens Technologies B.V) as seen in Figure 2.1.
Data were collected at a sampling frequency of 120 Hz.
Calibration of the IMU sensors and data collection were conducted using MVN Studio
Pro V.3.0 (Xsens Technologies B.V., Netherlands). The calibration of these IMUs was conducted
prior to commencing stair trials and allowed for the expression of segment kinematics within the
global frame by determining the orientation of each sensor module with respect to the limb on
which they were attached, as well as the relative distances between sensors. In order to define the
sensor to segment alignment, subjects were asked to stand in a neutral position or N-pose (feet
parallel, one foot width apart; legs and back straight; arms straight down at their sides; palms
facing the body). The sensor to segment rotations were determined by matching the orientation
of each sensor in the global frame with a known orientation of each segment (the known
orientation is defined assuming the individual has adopted a perfect N-pose) [34]. Within MVN
10

Studio, several checks were performed on the sensor signals to determine the quality of the
calibration, including a measure of standing still, the expected alignment of the pelvis IMU
sensor, and the homogeneity of the magnetic field in the surrounding area (Xsens Technology
B.V., Netherlands). The software then reported calibration quality as Good, Acceptable, Fair or
Poor based on body pose and sensor locations, and a minimum of Acceptable quality was ensured
for each subject calibration. The rotation angle between the sensor and the body segment was
then determined within MVN Studio by comparing the orientation of the sensor in the global
frame with the nominal orientations of each body segment within this pose (assumed based on the
known orientation of each limb segment in the perfectly held N-pose) [34]. Estimates of joint
positions were determined within MVN Studio Pro through the measurement of several
anthropometric body dimensions and anatomical references including: body height, foot size,
ankle height (ground to distal tip of lateral malleolus), knee height (ground to lateral epicondyle
on the femoral bone), hip height (ground to most lateral bony prominence of greater trochanter),
and hip width (right to left anterior sup. iliac spine). These measurements were combined with an
anatomical model to determine joint center positions.
The optoelectric motion capture system was comprised of two optoelectric cameras
(Optotrak 3020, Northern Digital Inc., Waterloo, ON) positioned on either side of the staircase,
which were used to track the position of individual infrared emitting diodes (IREDs) (accuracy up
to 0.1 mm, resolution 0.01mm). These IREDs were mounted non-collinearly in clusters of three
to four to each IMU positioned on subjects’ lower limbs using double sided tape. IREDs were
also positioned over the sacrum IMU sensor at the level of S2 using an outward projecting fin of
known dimensions. Data were acquired at a sampling frequency of 50 Hz.
Calibration of the optoelectric system was conducted after subjects completed stair ascent
and descent trials in case of any displacement to sensor locations, using a probe embedded with
four IREDs fixed at known orientation to the tip. While instrumented, subjects stood on the
11

second stair and the first and fifth metatarsal heads, medial and lateral malleoli, medial and lateral
epicondyles, greater trochanters and the anterior superior iliac spines were probed thereby
defining virtual landmarks [35], [36]. These data enabled the definition of limb segment lengths,
joint centers, and the rotational axes of each limb segment within NDI ToolBenchTM (Northern
Digital Inc., Waterloo, ON).
All experiments were conducted using an instrumented staircase consisting of four steps
(rise: 15cm; run: 26cm; width: 56cm). A force platform (AMTI, Newton, MA) mounted on
concrete blocks replaced the middle portion of the second step and recorded ground reaction
forces at a sampling frequency of 100 Hz.

Figure 2.1:

Testing environment: Representative subject instrumented with IMU and IRED sensors
descending the instrumented staircase onto the force platform.

2.2.3 Procedure
Once instrumented, subjects were asked to ascend and descend the staircase with lead and
connecting wires well secured and ensuring no obstruction of the IREDs or restriction of subjects’
ability to ambulate naturally. Subjects were instructed to perform trials at a self-selected pace
12

either using the step-over-step (SOS) method, placing one foot on each stair or the step-by-step
(SBS) method, placing both feet on the same stair leading with their dominant/ less-affected side.
Subjects were asked to pause between each trial and when they indicated they were ready to
continue, they were given a ‘go’ command and commenced the next trials. Trials were performed
with (Ha) and without (NHa) the use of a handrail on the subjects’ dominant side (or less
affected) as they were able. For each subject, three successful trials were acquired for each
condition (SOS Ha, SOS NHa, SBS Ha, SBS NHa) for both ascent and descent. Due to the large
magnitude of data collected, only the results from SOS Ha conditions are reported in this paper.

2.2.4 Measurement of Joint Angles
Using a 9-segment biomechanical model of the lower body (pelvis, upper leg, lower leg,
foot, and toe) within MVN Studio Pro, the IMU kinematic data were transformed into body
segment kinematics. The orientation and position of each sensor were calculated in the global
frame using integration of the gyroscope measurements and double-integration of the
accelerometer readings respectively. After integration of these signals still within MVN Studio
Pro, a Kalman filter is applied to correct for orientation and rotation errors in calculations.
Magnetometer data are employed in the correction of rotation errors about the vertical axis, in
order to correct for any measured disturbances in the earth’s magnetic field at each time step [34].
From these results, MVN Studio Pro determines lower limb joint angles by calculating the
orientation of the distal body segment with respect to that of the proximal body segment in the
global frame, where these segment orientations were determined by the quaternion multiplication
of the orientation of the sensor in the global frame with the complex conjugate of the rotation
from sensor to body segment. I then applied second-order forward-backward low-pass
Butterworth filters to the IMU joint angle data, with a cutoff frequency of 6Hz to remove noise
from the raw angular velocity and acceleration measurements. IMU data were then segmented to
include only the stance phase of the involved limb in contact with the force platform due to IRED
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marker occlusion in late swing. Heel strike to toe off was determined manually through visual
inspection of the kinematic data from the IMU signal, and normalized to 101 data points. IMU
and motion capture joint angle data were compared offline using MATLAB (The MathWorks,
Natick, MA, USA). Data from both systems were synchronized through inspection.
All motion capture and force platform data were filtered (second-order low-pass
Butterworth, cutoff frequency 6 Hz), normalized to 101 points, and synchronized using Visual 3D
(C-Motion Inc., Rockville, MD). Detection of stance phase over the force platform was
determined from the gait events of heel strike and toe off within each motion trial. Lower limb
joint angles were computed using a seven-segment, link-segment model where spatial coordinates
were transformed into Cardan angles by determining the orientation of the distal segment with
respect to the reference proximal segment using the x, y, z ordered sequence of rotations
(representing flexion/extension (FE), abduction/adduction (AA), and internal/external (IE)
rotation, respectively) as suggested for such subject groups by Novak and Brouwer [6], [32].
Joint angle data for the ankle, knee, and hip during stance were then exported from Visual 3D to
be further analyzed. Missing marker data resulting in incomplete joint angle curves (with no
more than 15 consecutive incomplete frames of data) were interpolated using the MATLAB
polynomial fit function, interp1.
As the IMU and motion capture data were used to synchronously measure subjects’
motion during all trials and IRED sensors were mounted to the IMU sensors, both systems
suffered the same soft-tissue artifact, aside from the measurements obtained from IREDs
mounted to the fin on the sacrum. Thus differences in kinematics should be related only to
differences in the ability of each measurement system to measure joint angles and to the effects of
IMU calibration on these joint angle estimation.
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2.2.5 Data Analysis
In order to assess the accuracy of the IMUs’ measurement of joint kinematics, joint angle
data collected during the stance phase from both the IMU and motion capture protocols were
compared. For each protocol the computed FE, AA, and IE rotation angles at the ankle, knee and
hip were evaluated using the following parameters: mean (mean of the absolute value of motion
capture signal – IMU signal), standard deviation (SD), and standard error of the mean (SEM;
!"/ (!"#$%&!!"!!"#!!"#$%&!) for (i) the difference in range of motion (RoM: maximal
minus minimal joint angle) and (ii) the error between protocols (the grand mean error, expressed
in degrees) over all subjects. These values were first calculated between the original joint angle
data estimated from both the IMUs and motion capture systems. The same calculations were
again computed after the mean difference between joint angle waveforms from both systems was
subtracted to remove any offset present in IMU data due to initial calibration methods. For
control subjects, only data collected from the dominant limbs were analyzed, assuming symmetry
between limbs, however for subjects post-stroke analysis was performed for both affected and
less-affected limbs. To determine whether offset correction had a significant effect on the
calculation of RoM, SEM, and SD, student’s t-tests were applied to examine the significance of
differences, with p<0.01 indicating statistical significance.
The adjusted coefficients of multiple correlation (CMC) were calculated between IMU
and motion capture protocols for original joint angles, as well as once the mean difference
between waveforms was removed, CMC1 and CMC2, respectively. The CMC is a measure of
similarity of waveforms taking into account the concurrent effects of differences in offset,
correlation, and gain among them. Originally the CMC was proposed in two formulations, noted
as within-day and between-day CMC [37]. In this study, the need to compare waveforms from
different protocols requires the use of the between-day or inter-protocol similarity to determine
the variability in the measurement system performances [38]. Assuming synchronously measured
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kinematics through P protocols, on G gait-cycles, each of Fg frames, the CMC formulation was
calculated:
!
!!!
!
!!!

!"! = ! 1 −

!
!
!
!!! !!!(!!"# − !!" )
!
!
!
!!! !!!(!!"# − !! )

!!! (! − 1)
!(!!! − 1)

(1)

where:
•

!!"# : ordinate at frame f, of the waveform provided by protocol p at gait cycle g

•

!!" : ordinate at frame f, of the average waveform among P waveforms of gait-cycle g,
such that:
!!" = !

•

!
!

!
!!! !!"# ,

!! : grand mean for the gait-cycle g among its P waveforms, such that
!! = !

!
!"

!
!!!

!
!!! !!"

In this study each trial contains only 1 gait-cycle, however, CMC values were calculated
independently for both SOS ascent and SOS descent, and for affected or less-affected limbs
(stroke) or the dominant leg only (control), (p = 2 protocols (IMU and motion capture), g = 3
gait-cycles (healthy, less-affected, affected), f= 101 frames).
Within each gait cycle if the variability of each waveform about the mean waveform is
smaller than the variance about their grand mean, the CMC value approaches 1, else the CMC
value will tend towards zero. If the offset between curves is not removed and this offset is
comparable to the RoM of these curves, the numerator of Eq. 1 may become greater than the
denominator, therefore resulting in a complex number for the CMC value. Based on previous
work [30], [37], [39] the CMC values in this study were interpreted as follows:
•

0.65 – 0.75: moderate

•

0.75 – 0.85: good

•

0.85 – 0.95: very good

•

0.95 – 1: excellent
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2.3 Results
Sample kinematic results estimated using IMUs and motion capture for one stroke subject under
SOS stair descent is shown in Figure 2.2. A high level of similarity is observed between flexion
extension curves, while marked differences are observed for abduction/adduction and
internal/external rotation estimations.
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Estimated joint angles at the ankle, knee, and hip. Sample kinematic data for a representative
subject post-stroke performing an SOS Descent trial. Strong correlation was observed for the
estimated ankle, knee, and hip flexion/extension angles.

From the motion capture system, mean range of motion values were obtained for control
subject dominant limbs as well as for subjects post-stroke affected and less affected limbs. These
values can be seen in Table 2.1 below.
Table 2.1 Mean range of motion for all joint angles (flexion/extension (FE), abduction/adduction (AA), and
internal/external rotation (IE)) measured for healthy and post-stroke subjects using motion capture
Subjects

Healthy

Affected

Joint angle

FE

AA

IE

FE

AA

IE

FE

LA

IE

Ankle

53.28o

14.27o

13.63o

52.28o

18.26o

17.20o

36.86o

17.25o

15.61o
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Less Affected

Knee

69.52o

12.38o

14.03o

77.11o

13.48o

16.89o

68.05o

8.31o

13.62o

Hip

20.37o

14.33o

16.47o

19.90o

13.30o

17.76o

17.80o

15.89o

17.81o

The differences in RoM, grand mean error, SD, and SEM between joint-angles calculated through
motion capture and IMUs are shown in Table 2.2 for the ankle, knee, and hip joints. Twenty-one
trials for healthy limbs and 19 trials for both affected and less-affected limbs were included in this
analysis (exclusions were due to partial motion capture marker occlusion occurring in select trials
or the inability of certain stroke survivors to complete three successful trials of a given condition).
On average, grand mean error values were lowest for all healthy joints in FE during both ascent
and descent trials. At the ankle, removing the offset between methods was removed was
observed to have a significant effect in decreasing grand mean errors for all healthy, less affected
and affected limbs (p < 0.01). The improvements in grand mean error values at the ankle
observed in the affected and less affected limb trials for FE, AA, and IE rotation were as follows.
•

FE grand mean error decreased from 14.1± 5.3o to 4.6 ± 3.3o (p = 0.01) after offset
correction for affected joints and from 7.2± 3.5o to 6.6 ± 3.4o (p = 0.004) after offset
correction for less affected joints.

•

AA grand mean error decreased from 13.2 ± 4.7o to 4.2 ± 3.2o (p = 0.01) after offset
correction for affected joints and from 14.0± 5.2o to 4.8± 3.3o (p = 1.12 E-5) after offset
correction for less affected joints.

•

IE grand mean error decreased from 40.0 ± 3.7o to 2.8 ± 2.4o (p = 9.31 E-6) after offset
correction for affected joints and from 32.1± 2.8o to 2.2± 1.7o (p = 0.03) after offset
correction for less affected joints.

At the knee and hip joints, for both ascent and descent trials, improvement in grand mean error
values were observed after offset correction in all limbs. Again, the improvements in affected
and less affected limb grand mean error values were reported as follows.
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•

FE grand mean error decreased from 8.3 ± 2.5o to 2.1 ± 1.7o (p = 2.22 E -6) and from 8.0
± 2.6o to 2.3 ± 1.9o (p = 1.1 E -5) at the knee and at the hip decreased from 19.0 ± 4.4o to
4.0 ± 2.3o (p = 0.08) and from 10.7 ± 2.4o to 2.1 ± 1.5o ( p = 0.01) for affected and less
affected limbs respectively after offset correction.

•

AA grand mean error decreased from 11.9 ± 4.6o to 4.1 ± 2.6o (p = 0.001) and from 8.6±
4.4o to 4.0 ± 3.0o (p = 0.001) at the knee and at the hip decreased from 5.1 ± 2.0o to 1.9 ±
1.5o (p = 0.01) and from 8.3 ± 2.9o to 2.6 ± 2.1o (p = 0.0001) for affected and less affected
limbs respectively after offset correction.

•

IE grand mean error decreased from 41.4 ± 3.8o to 3.3 ± 2.4o (p = 0.0007) and from 39.6
± 2.9o to 2.3 ± 1.7o (p = 0.05) at the knee and at the hip decreased from 17.6 ± 2.2o to 2.2
± 1.5o (p = 0.02) and from 16.3 ± 3.5o to 2.9 ± 2.3o (p = 0.006) for affected and less
affected limbs respectively after offset correction.
Mean differences in RoM values were calculated between protocols and were found to

vary greatly between joints and joint angles. During ascent and descent trials, the following mean
RoM error values were reported across joints.
•

For healthy limbs: 2.9 ± 7.4o for FE; 2.0 ± 7.1o for AA; and 3.9 ± 5.5o for IE rotation.

•

For less affected limbs: 4.1 ± 8.7o for FE; 3.5 ± 9.1o for AA; and 4.5 ± 8.4o for IE
rotation.

•

For affected limbs: 2.6 ± 9.2o for FE; 3.8 ± 7.6o for AA; and 2.1 ± 9.0o for IE rotation.

Standard deviations of mean RoM error values were found to be higher in both less affected and
affected limbs than in healthy limbs.
Figure 2.3-Figure 2.5 report the CMC1 and CMC2 values for the ankle, knee, and hip
joints respectively, for ascent and descent SOS Ha trials. Twenty-one trials for healthy limbs and
19 trials for both affected and less-affected limbs were included in this analysis. In each box-andwhisker plot a comparison of the kinematics calculated through conventional laboratory based
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motion capture and IMU protocols is presented as one CMC value per joint-angle for all healthy
and post-stroke subjects. In Figure 2.3-Figure 2.5a, CMC1 box-and-whisker plots reflect jointangles in which all non-real numbers have been removed. Real CMC1 values were obtained for
flexion/extension angles for both ascent and descent, with at least good similarity at the ankle and
the knee joints and moderate similarity at the hip joint for both healthy and post-stroke subjects.
For the knee FE, values within whiskers for descent were greater than 0.87 (very good similarity),
with medians above 0.94. Values within whiskers for knee FE ascent trials were greater than
0.85 with medians above 0.90 (very good similarity).
Once the offsets between corresponding motion capture and IMU waveforms were
removed, CMC values were recalculated as can be seen in Figure 2.3-Figure 2.5b. CMC2 FE
median values were at least 0.91 for all joints, representing very good similarity. Notably, all
knee FE values within whiskers for ascent conditions were above 0.97 and for descent conditions
were above 0.94, representing very good and excellent similarity, respectively. However,
abduction/adduction and internal/external rotation angle values, even after offset was corrected
for, fell below the acceptable range of CMC values. Therefore, the strongest correlation between
protocols was observed between calculations of flexion/extension angles at the ankle, knee, and
hip joints. The highest levels of correlation between protocols were found in the calculation of
healthy joint angles, while for subjects post-stroke, correlation was found to be weaker in the less
affected and affected limbs, suggesting that IMUs estimated joint angles for healthy older adults
more accurately than for those subjects having suffered a stroke.

20

Figure 2.3:

Box-and-whiskers plots for CMC1 (a) and CMC2 (b) at the ankle joint. CMC1 and CMC2
measure the within joint-angle similarity between IMU and motion capture waveforms.
Distributions reflect 21 normal healthy (H) trials, and 18 affected (A) and less-affected (lA)
trials for flexion/extension (FE), abduction/adduction (AA) and internal/external rotation (IE)
angles. Box-plots are reported only for those joint-angles in which all values were real
numbers.

Figure 2.4:

Box-and-whiskers plots for CMC1 (a) and CMC2 (b) at the knee joint. CMC1 and CMC2
measure the within joint-angle similarity between IMU and motion capture waveforms.
Distributions reflect 21 normal healthy (H) trials, and 18 affected (A) and less-affected (lA)
trials for flexion/extension (FE), abduction/adduction (AA) and internal/external rotation (IE)
angles. Box-plots are reported only for those joint-angles in which all values were real
numbers.
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Figure 2.5:

Box-and-whiskers plots for CMC1 (a) and CMC2 (b) at the hip joint. CMC1 and CMC2
measure the within joint-angle similarity between IMU and motion capture waveforms.
Distributions reflect 21 normal healthy (H) trials, and 18 affected (A) and less-affected (lA)
trials for flexion/extension (FE), abduction/adduction (AA) and internal/external rotation (IE)
angles. Box-plots are reported only for those joint-angles in which all values were real
numbers.
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Table 2.2 Differences in ankle, knee, and hip joint kinematics for IMU and motion capture protocols. Data are from 9 healthy (H) subjects and 9 affected
(A) and less-affected (lA) limbs of subjects with stroke performing stair ascent and descent using a step-over-step pattern (SOS). 21 trials for healthy
limbs and 19 trials for both affected and less-affected limbs were included (exclusions were due to partial motion capture marker occlusion occurring in
select trials or the inability of certain stroke survivors to complete three successful trials of a given condition). Mean value of RoM error for all subjects
o
and joint angles was found to be 3.3 ± 8.1 . All values are in degrees
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2.4 Discussion
In this study, we aimed to perform a preliminary validation of the feasibility of using
Xsens IMUs in the gait analysis of chronic stroke survivors as well as healthy older adults during
stair ambulation. Ten chronic stroke survivors and ten healthy older adults were recruited for this
study and 9 from each group were included in the analysis in order to observe stair ambulation
techniques relative to varying degrees of mobility impairments. The application of IMUs in gait
analysis of this kind will be possible only if the detection of gait abnormalities in joint kinematics
through this technology can be proven similar to conventional laboratory-based motion capture
systems. If demonstrated, the use of these Xsens sensors could be extended to study different
populations outside of laboratories in day-to-day settings while remaining minimally invasive.
Comparing data simultaneously collected through conventional motion capture and
through IMUs calibrated using the sensors’ proprietary software, it was found that similar to
previous studies in healthy young subjects by Ferrari et al.[16] and van den Noort et al. [26],
differences between sensors were largest for the transverse and frontal plane angles
(abduction/adduction and internal/external rotation). Differences in kinematics between IMU and
motion capture methods were found to be higher in those subjects with stroke than in the healthy
older adults yet differences in all three conditions were found to be greater than those reported by
Ferrari et al. and by van den Noort et al. using the Outwalk protocol [16], [26]. The greater
differences between previous studies and this work however can likely be attributed to
differences in age and associated adaptations in locomotion patterns of individuals in this study
compared with the young healthy population previously studied [32]. In addition, differences can
also be attributed to the various calibration procedures used in previous studies compared with the
static calibration proposed in this study. For both stroke and healthy older populations, flexion
extension angles (sagittal plane) reported at the ankle, knee, and hip proved to yield the highest
levels of similarity between motion capture and inertial sensor protocols, as reported through
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CMC1 values. This similarity can be attributed in part to the greater amplitude in flexion
extension angles, therefore resulting in a much greater signal-to-noise ratio than present in the
remaining joint angles. Therefore, it can be concluded that Xsens with upright calibration
performs moderately accurately, without offset removal, in the estimation of joint-angle in the
sagittal plane. Additionally, after removing the offset between corresponding waveforms, the
CMC2 values for these joint-angles were found to improve to very good similarity. Therefore,
when using only static upright calibration for the IMU based system, offset correction or
calibration with a reference camera-based system may prove necessary in order to obtain accurate
estimates of joint angle in individuals having suffered a stroke. The results from current
comparison may not apply to other IMU systems if they use different protocols in joint angle
estimation.
The portability of IMUs could allow for the ease of data collection within a natural and
more familiar environment, which would be particularly valuable for assessing mobility in people
with impairments (like stroke) and developing gait retraining rehabilitation interventions.
After offset correction, calculated CMC2 values were found to have decreased from CMC1 values
calculated using raw data. This decrease can be attributed to a greater number of non-imaginary
CMC values affecting the mean CMC for each limb. The calculation of CMC values may also be
affected by the differences in RoM observed between affected and less-affected limbs. Greater
RoM results in a greater !! value in equation 1, which in turn would result in a greater CMC
value. Therefore, CMC may not be the best measure of correlation between curves in populations
with mobility impairment, where a greater range of mobility may be experienced in less affected
limbs [40].
A higher correspondence in joint angle estimation between protocols for healthy subjects
were demonstrated through RoM, grand mean error, SD and SEM results for both ascent and
descent conditions, where the strongest similarities were observed for the sagittal plane angles.
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However, for subjects with chronic stroke, a greater difference in the estimation of joint angles
through the IMU and motion capture protocols was found. The error in joint angle estimation for
stroke was additionally found to lie beyond the limits reported by Yavuzer et al. and Novak et al.
[30–32]. The differences in joint angles reported, primarily within the frontal and transverse
planes, are believed to be the result of the calibration procedures used in each protocol to define
the local CS of the foot, shank, and thigh. The effect of anatomical frame variation on joint
angles was described by Brennan et al. [41] such that any perturbation of the nominal anatomical
frame definition would result in kinematic crosstalk.
For those angles in the sagittal plane for both healthy and stroke groups, mean RoM
values reported were found to lie just beyond the range of ±5o reported using the Outwalk
protocol involving healthy adults [29]. The increase can be attributed to IMU accuracy and
calibration procedures yet these RoM values for FE angles suggest that Xsens could reliably be
used for the measurement of primary joint angles in people with stroke. Rehabilitation aims at
restoring or maintaining RoM of affected limbs and the ease of measurement provided by IMUs
for affected limbs could serve as an important tool in the evaluative measure of recovery from
hemiplegic stroke [42], [43].
In subjects with chronic stroke, the differences in estimated joint angles between
protocols may be due to the definitions of different local CSs due to the calibration procedures
used. The calibration of the Xsens IMUs requires only that participants maintain a neutral stance
position so that the orientation and distance of each IMU can be determined. However, this
calibration procedure functions under the assumption that the subjects body segments are aligned
so as to maintain the nominal joint-angles of the neutral stance position during the calibration
procedure. Yet, the ability of a healthy individual to comply with these requirements is far easier
than that of an individual with stroke, who may present with less stability and lower limb
strength. Chronic muscle weakness may also play a role in the inability to achieve an accurate
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anatomical calibration solely from a static posture in stroke survivors. Additional calibration
procedures should therefore be developed, as was done for the Outwalk protocol applied to
children with cerebral palsy [16], allowing for repeatable and reliable measurements to be
acquired through IMU sensors outside of laboratory settings. It was observed that certain stroke
subjects had difficulty maintaining the calibration pose for the necessary duration. The validation
of the use of IMUs in the assessment of gait in impaired populations through Outwalk suggests
that perhaps activity or population specific calibration of these sensors may be required. A more
specialized functional calibration for chronic stroke survivors might result in the more accurate
definition of joint axes and sensor position rather than simply relying on the definition of axes
through bony landmarks and the recording of a static pose.
Additional sources of error present in this study may include rater reliability in
identifying bone landmarks during motion capture calibration, the determination of heel-strike
and toe-off gait events based on IMU kinematic data, the differing sampling frequencies between
systems, and the normalization of data to 101 points for the description of stance phase in both
IMU and motion capture systems. Any of these sources of error in isolation or combination could
contribute to the differences in estimated joint angles observed between systems.
A limitation of this study is that only the joint angles during stance phase were compared
due to partial IRED marker occlusion occurring during the late swing phase. Marker occlusion is
a challenge associated with motion capture systems due to the line of sight requirements between
cameras and markers, an issue that does not impact IMU sensors. Given that the stance phase
represents the majority of the overall stride time (64% of the stride cycle), this limitation is not
considered serious. It is also the case that when negotiating stairs a major point of instability
during stance is when total body weight is transferred from one limb to the other while all joints
are flexed [44]. Previous work in stroke and stair ambulation have focused their efforts on
understanding and characterizing the stance phase [6]. The inclusion of swing phase in
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comparison studies would enable determination of whether the differences in acceleration profiles
in stance and swing could impact the accuracy of the IMU data.
A second limitation of this study is that trials were conducted in a non-randomized order.
Through the course of data collection, subjects may have become more familiar with the testing
environment and the stepping patterns required, which may affect stepping speed, ease of motion,
and joint angles during trials. Had stepping conditions been randomized throughout testing, this
familiarization effect may have been eliminated, however we believe that if familiarization was a
factor in this study, its effect would have been equally distributed amongst various stepping
conditions and groups.
In conclusion, the application of the IMUs was found to be suitable for the estimation of
sagittal plane joint angles in healthy older populations. For clinical research and rehabilitation,
these sensors could be used in the analysis of dynamic RoM in stroke survivors. However, future
work is needed before these IMUs can be used to estimate frontal and transversal plane angles in
both elderly and stroke populations. To extend this technology to the estimation of major joint
angles in people with stroke will requires further research to establish a new calibration procedure
better suited to these individuals in order to provide valid data, i.e. reduce the discrepancies
between measured joint-angles and those obtained through conventional motion capture
protocols. With an improved calibration procedure for the IMU protocol, this technology can
extend gait and stair ambulation evaluation for those with stroke to a non-laboratory, real world
environment.
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Chapter 3
Estimation of Spatial Symmetry in Post-Stroke
Hemiparetic Gait
Abstract
In this study, we estimated step-length and spatio-temporal symmetry indices in chronic stroke
survivors compared with healthy older adults during overground walking. Motion data from the
plane of progression of two shank-mounted inertial measurement units (IMUs) was collected
from 10 persons with stroke and 10 healthy older adults as they performed a series of 10 meter
walk tests at a self-selected pace. Step length estimates were obtained from IMUs through an
algorithm making use of the cyclic nature of the shank angular velocity to detect key gait events
within IMU data from each leg, and were compared with measurements obtained from video
camera footage. Gait symmetry was evaluated using the affected- and less-affected step ratios
(ASR and lASR respectively). The Bland-Altman method revealed a systematic error resulting in
the underestimation of step-lengths calculated using IMUs compared with those measured
through video analysis with mean differences of 0.28 m and 0.25 m for the healthy right and left
legs, and of 0.18 m and 0.31 m for the less-affected and affected legs in stroke survivors reported.
Spatial symmetry results however suggested that subjects post-stroke walked with asymmetric
gait.
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3.1 Introduction
Walking is an essential activity of daily living, normally associated with minimal
fluctuations in spatial and temporal gait characteristics, such as step length, stride frequency, and
walking speed, between steps [1]. The study of gait symmetry in walking has been extensive for
both healthy and pathological populations. After suffering a stroke, the leading cause of adult
disability in western countries [2], gait impairments and mobility deficits in survivors often result
in changes in gait due to the use of adaptation strategies during walking. For some, a slower
walking speed with longer stance phases in both legs is adopted, resulting in very limited gait
variability; while for others the less-affected limb may be used to compensate for reduced
strength in the affected limb, resulting in increased gait variability [3]. These deviations in poststroke walking from normal, symmetric gait result in the asymmetry of spatio-temporal
parameters such as stance time, swing time, and step length. Gait post stroke is widely evaluated
through the use of clinical measures such as the standardized 10-meter walk test (10 MWT) [4],
[5]. The measure of gait symmetry however, may provide unique insight, beyond the evaluation
of walking speed, into the adaptation techniques used by stroke survivors during walking and has
been found to be a significant predictor of hemiparetic walking performance and motor recovery
[3], [6].
Gait symmetry between limbs was first quantified by Robinson, Herzog, and Nigg using
a symmetry index (SI) in healthy individuals between left and right limbs [7]. Using this SI,
many studies have analyzed gait symmetry in healthy subjects through both spatial (between left
and right joint angles, or between step lengths) and temporal (between left and right swing,
stance, and step times) parameters [6–9] and deviations of ± 4% from perfect symmetry have
been reported to represent relative asymmetry [10]. In order to measure parameters for the
calculation of spatio-temporal gait symmetry, laboratory based camera based motion capture
systems and instrumented walkways have commonly been used to determine step length, swing34

and stance-time of the left and right legs for healthy subjects. These same variables can also be
measured for the affected and less-affected legs in hemiparetic stroke subjects [6], [11].
Differences in these limb-specific spatio-temporal characteristic values can then be calculated to
describe post stroke gait asymmetry.
More and more, studies are investigating the potential use of portable inertial sensors for
the clinical evaluation of spatio-temporal gait parameters [12–15]. Recently, inertial
measurement unit (IMU) based walking speed estimation methods have been developed and
validated for healthy gait[12], [16], [17]. IMUs have only recently been used for gait event
recognition [13], and the estimation of walking speed and temporal gait symmetry in post-stroke
hemiparetic populations [14]. Yang et al. proposed an IMU based system capable of assessing
post-stroke gait in terms of walking speed and temporal gait symmetry without the need for precalibration [17]. A limitation of the previous work lies in the estimation of stride length rather
than step length making it impossible to calculate spatial gait symmetry. For healthy populations
where the gait variability between limbs is low, the assumption can be made that step length is
equal to half of the stride length yet in stroke populations it has been reported that individuals
may walk with either relatively longer affected or less-affected steps[11], [20–22]. For this
reason, the stride length, a combination of steps of both the affected and less-affected limbs, is
not a clear indicator of symmetry.
The relationship between asymmetrical step lengths and post-stroke hemiparetic gait
performance has been explored by Balasubramanian et al.[11] and Allen et al. [23].
Balasubramanian et al. found that shorter affected steps resulted from a higher propulsive force
generated at the affected hip, resulting in longer less-affected steps, while shorter less-affected
steps resulted from a lack of propulsion generated during affected stance [11]. In addition, Allen
et al. suggested that individuals compensated for this lack of propulsion during affected stance by
using the less-affected plantarflexors to increase forward propulsion during less-affected stance,
therefore increasing paretic step length [23]. Although these compensation methods are well
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documented no previous studies have attempted to quantify step length asymmetry outside of the
laboratory setting; that is, the use of IMUs for the measure of spatial symmetry has yet to be
explored.
The purpose of this study was therefore to estimate step length and spatial symmetry in
individuals presenting with post-stroke hemiparesis compared with age- and sex-matched healthy
control subjects performing 10MWTs, using shank mounted inertial sensors. This evaluation of
gait symmetry and compensation strategies was conducted through the calculation of various
spatial symmetry indices. Step length and spatial symmetry parameters were compared with
results from video camera footage.

3.2 Methodology
3.2.1 Experimental Instrumentation
The Xsens MVN Biomech system (Xsens Technology B.V., Netherlands) composed of 7 IMU
sensors each consisting of one tri-axial accelerometer (± 18 g, where g is the gravitational
acceleration) and one tri-axial rate gyroscope (± 1200o/s). Sensors were attached to the lateral
aspect of each subject’s midthigh and midshank, as well as to the superior aspect of the midfoot,
with an additional sensor positioned over the pelvis, at the level of the L5S1 joint, using
customized elastic straps. Only those measurements obtained using the shank-mounted IMUs
were analyzed in this study due to the numerous benefits of this attachment location; including
ease of alignment of sensor and anatomical axes and minimal effect of sensor placement on
natural motion, or on subjects choice of clothing or footwear. It has also been shown that shankmounted sensors outperform foot-mounted sensors in estimating walking speed [24]. As only the
shank movement in the plane of progression (sagittal plane) was considered for spatio-temporal
parameter estimation, only the measurements from two accelerometer axes and one gyroscope
axis from the shank-mounted IMUs were used in the calculations. The placement of these shankmounted sensors can be seen in Figure 3.1. Data were collected at a sampling frequency of 120
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Hz using MVN Studio (Xsens Technology B.V., Netherlands). Prior to commencing walking
trials, the shank-mounted IMUs were adjusted such that the normal and tangential axes were
aligned as closely as possible to the primary axis of each limb. During each trial, video
recordings of subjects’ footfalls over masking tape markings denoting 10cm increments were
captured as a true measurement of step length for each step.

L

L

Figure 3.1:

Sensor configuration. An IMU is attached to the lateral aspect of each shank. The normal
and tangential acceleration, an and at, were measured along the n and t axes, repectively,
while the gyroscope axis lay orthogonal to the sagittal plane defined by these directions. The
world coordinate system was defined by the x and y axes, with the vertical axis y parallel to
gravity. Segment angles, θ, were defined as the angle between the normal accelerometer
axes and the vertical world coordinate system axes. The arrows indicate positive direction of
each axes. L is defined as the sensor-to-ankle distance.

3.2.2 Signal Conditioning
Signal processing was performed offline using MATLAB (The MathWorks, Natick, MA, USA).
A second-order forward-backward low-pass Butterworth filter was applied to the raw IMU data,
with a cutoff frequency of 6Hz. This filter was selected so as to remove noise from all data
signals without the loss of any signal characteristics necessary to distinguish between gait events,
and has been used in previous studies for the measurement of kinematics in individuals poststroke [23], [25]. The sensor-to-ankle distance (L) was measured and recorded for the off-line
algorithm implementation.
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3.2.3 Step Cycle Segmentation
Excluding the first and last, all collected footfalls from each subject from all trials were
analyzed. Due to the cyclic nature of human walking several important gait events, including
heel-strike, toe-off, and shank vertical, have been shown to be identifiable within the
characteristics of shank angular velocity data [12], [14], [15], [26], [27] and can be used for the
segmentation of gait data into step cycles [16]. For each IMU, the gait segmentation algorithm,
as proposed by Li et al., was utilized to divide a walking sequence into a series of stride cycles
[16]. Using characteristics of the angular velocity curve, each stride-cycle was segmented from
one shank vertical event, when the shank lies parallel to the direction of gravity, to the following
same leg shank vertical event (Figure 3.2(a)) for healthy subjects. The angular velocity curves of
both the affected and less-affected limbs, despite presenting with differences in amplitude, were
found to resemble those of a healthy subject in both shape and peaks, as seen in Figure 3.2(a) and
(b). These data were segmented using the same procedure to identify stride-cycles.
In order to further segment the data into step-cycles, angular velocity data from both legs
were required. The shank vertical event of one leg was used to determine the start of the step
cycle, defined at time 0, while the angular velocity characteristics from the opposite shankmounted IMU were used to identify a second, opposite, shank vertical event, representing the end
of the step cycle, occurring at time Tstep. The opposite shank vertical event was chosen as the end
of the step cycle as it represents an approximation of the time when the swing leg passes through
the same position as the stance leg, as can be seen in Figure 3.2. This same opposite shank
vertical event is then used as the start of the next, opposite step cycle. Therefore, a step was
defined as the motion between the mid-stance vertical event of one leg to the mid-stance vertical
event of the opposite leg. In this way, each stride cycle (calculated as the distance travelled
between time 0 and time Tstride) was segmented into two, non-identical steps (calculated between
time 0 and time Tstep, and between time Tstep and time Tstride), as can be seen in Figure 3.2 (a) and
(b).
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Figure 3.2:
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Characteristics of shank angular velocity, ω, during four consecutive step cycles by a
representative (a) healthy subject and (b) post-stroke subject. In (a) the angular velocity of
the right leg (R) is indicated by the solid curve and the angular velocity of the left leg (L) by
the dashed curve. In (b) the angular velocity of the less-affected leg (lA) is indicated by the
thick dashed curve and the affected leg (A) by the thin dashed curve. For both healthy and
hemiparetic stroke subjects, the beginning of each step cycle was determined by the midstance shank vertical event of one leg, at which point the magnitude of the shank angular
velocity reaches a local maximum with values nearing zero. The opposite leg shank vertical
event was used to identify the end of a step cycle. The swing- and stance-phases of each leg
were determined by the heel-strike (HS) and toe-off (TO) gait events, indicated by local
minimums in the shank angular velocity curves (Adopted from [19]) .
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3.2.4 Step Length and Walking Speed Estimation Method
The step length estimation algorithm described in this section is based on that proposed
by Yang et al. [19] with changes made to the segmentation procedure in order to estimate step
lengths. Acceleration data collected using the shank-mounted IMUs were used to compute the
step lengths of both the affected and less-affected legs. For continuity, the following description
will be presented for data collected using the affected shank mounted IMU.
The measured raw accelerations, an(t) and at(t) at time t were converted into component
accelerations ax(t) and ay(t) in the world coordinate system according to
!! (!)
!"#$ !
=!
!! (!)
!"#$(!)

−!!"#$(!) !! (!)
0
−!
,
!
!"#$(!) !! (!)

(1)

where g is the acceleration due to gravity, and θ(t) is the instantaneous sensor orientation
computed by integrating the measured angular velocity ω(!),
!!

!(!) = !

! ! !" + !! 0 ,

(2)

!
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where θ(0) = 0 is the initial shank angle prior to integration, based on the assumption that the
sensors are aligned perfectly with respect to the axes of each limb segments.
The integration of the horizontal and vertical accelerations yield the associated
instantaneous horizontal and vertical velocities,
!

!′! ! = !
!′! ! = !

!
!
!

!! ! !" + !! 0
(3)
!! ! !" + !! 0 ,

where v’x(0) and v’y(0) are the initial horizontal and vertical velocities, respectively. To eliminate
the requirement of an off-line calibration, Yang et al. proposed two strategies to compensate for
the systematic error of speed under-estimation using IMUs[19]. The first strategy was to take the
initial sensor velocity at the beginning of each stride cycle into consideration. At the shank
vertical event, the initial sensor velocity is calculated as the product of the rotation radius and the
rotation angular velocity, assuming the shank is approximately rotating about the ankle joint in
the stance phase,
!! 0 = !! 0 ∙ !

(4)

!! (0)
cos! !(0)
=!
∙ !! 0 ,
!! (0)
−!"#$(0)

(5)

where vt(0) is the initial local shank tangential velocity and vx(0) and vy(0) are the initial
horizontal and vertical velocities in the global coordinate system, respectively.
The second strategy to correct the walking speed estimation error caused by the
acceleration bias was to use the shank angular velocity measurements at the end of a stride cycle.
The velocity drift experienced in low-cost IMUs results from the integration of accelerometer
measurement data biased with noise over time [28]. The velocity at the end of a stride cycle is
therefore used as a reference velocity to determine the acceleration bias. The corrected velocities
can therefore be calculated through the addition of a linear trend difference between actual and
calculated sensor velocities to the velocities estimated in Equation 3.
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where v’x(t) and v’y(t) are the end stride cycle velocities calculated by integrating the acceleration
in Equation 3 and vxend and vyend are the end stride cycle velocities estimated using Equations 4
and 5. Combining the correction methods from Equations 4 – 6, the corrected instantaneous
velocities for one stride cycle of the affected leg can be calculated.
The corrected instantaneous velocities from Eq. 6 were then integrated to yield the
associated instantaneous horizontal and vertical displacements over each individual stride cycle
(from time 0 to time T), for stride length, as

!_!"#$%&_!""#$%#&! = !

!!"#$%&
!

!! ! !" /120,

(7)

As each affected stride is composed of two individual steps, from time 0 to time Tstep and from
time Tstep to time Tstride, the corrected instantaneous velocities can be integrated between the
bounds of each step to determine the distance travelled in each individual step. In order to
calculate the affected step length, integration is performed from the beginning of the stride to Tstep
(the time during the stride cycle when the left shank vertical event occur) as

!!""#$%#& = !
!

!!"#$
!

!! ! !" /120,

(8)

This integration can then be repeated from Tstep to Tstride (100% stride cycle) to obtain the
displacements during the left for the less-affected leg’s step as
!

!!"##$%%"!"#$ = !
!

!!"#$

!! ! !" /120,

(9)

The saffectedx and slessAffectedx distances calculated in Eq. 8 and Eq. 9, respectively, represent the step
lengths taken with the affected and less-affected legs, which can be combined to determine the
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stride length, as shown in Figure 3.3. Therefore, using the affected shank-mounted IMU, step
lengths for both the affected and less-affected legs can be estimated. Likewise, this process can
be repeated using acceleration data collected from the IMU mounted on the less-affected shank to
estimate step lengths from both legs. For healthy subjects, the process is repeated in the same
way, considering the left (non-dominant) leg as the ‘affected’ and the right (dominant) leg as the
‘less-affected’ leg.
Finally, in order to estimate walking speed, the root sum squared of these step displacement
values is divided by the time span of each individual stride cycle (from time 0 to time Tstride).
This summation was calculated to help reduce the errors resultant from minor misalignment of
the normal and tangential IMUs axes with the shank longitudinal and fore-aft axes.

3.2.5 Spatial Gait Symmetry
Estimated spatial parameters were utilized in order to evaluate spatial gait symmetry
between affected and less-affected limbs as well as between healthy left and right limbs. Step
length symmetry was analyzed using the affected step ratio (ASR) and the less-affected step ratio
(lASR). ASR was calculated as affected step length/ (affected + less-affected step length) and
expressed as a decimal, and respectively, lASR was calculated as the percentage of stride length
represented by the less-affected step for hemiparetic stroke subjects [29]. These same
calculations were repeated for the left and right limbs in healthy subjects. Asymmetry was
characterized based on ranges proposed by Balasubramanian et al. defined as follows: “Longer”
affected steps than less-affected (ASR > 0.525), “Shorter” affected steps than less-affected (ASR
< 0.475) and “Symmetric” step lengths (0.475 ≤ ASR ≤ 0.525) [29].

3.2.6 Experimental Method
Ten chronic, hemiparetic stroke survivors (a minimum of 6 months post-stroke) were
recruited from the community including six male and four females. They were 67.0 ± 10.9 years
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of age; 1.64 ± 0.09 m in height; weighed 72.94 ± 14.78 kg; had 25.6 ± 3.9 cm shank length; and
were 6.5 ± 5.4 years post-stroke. Seven were left side affected and three were right side affected.
Ten age and sex-matched control subjects were also recruited from the community (age: 65.17 ±
10.6 years; height: 1.71 ± 0.11 m; weight: 76.42 ± 17.12 kg). All subjects self reported to be in
good health and subjects with stroke were screened to ensure they were independent ambulators,
with or without the use of a cane or assistive device, had a unilateral mobility deficit and were
able to follow instructions. All were screened to exclude those with a history of non-stroke
related mobility restrictions (neurological and musculoskeletal), cardiac disease (unstable angina,
peripheral vascular disease, congestive heart failure), uncontrolled hypertension (systolic pressure
>140 mmHg, diastolic pressure >90 mmHg), or cognitive deficits. All subjects gave their
informed consent prior to participation in accordance with university policy and the study was
approved by the Queen’s Health Science Research Ethics Board (HSREB).

3.2.7 Protocol
Subjects were instructed to walk at a self-selected pace along a 10m distance within a
straight hallway over red adhesive tape markers on the floor indicating 10 cm intervals. Each
subject repeated this task as many times as they were capable, so that up to three trials of data
could be collected. Video recordings of footfalls over the red adhesive tape were used as a
reference for step length and step time, while the reference walking speed for each trial was
calculated in m/s by dividing the 10 m distance by the time recorded using a stopwatch. Video
camera was held to follow subjects feet during walking recordings.

3.2.8 Data Analysis
The Bland-Altman method [30] was used to compare the reference walking speed to that
estimated by the IMU method. The Bland-Altman method was also used to compare the
reference step lengths from the video analysis with those estimated using the IMU method. A
Bland-Altman plot is a method of graphically representing data in order to quantify the agreement
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between two methods of measuring a same parameter. Estimates of data calculated using IMU
analysis were compared with those obtained from video analysis and stop watch time (for step
length and walking speed estimation respectively) by graphically representing each estimated
sample within the Bland-Altman plot. The mean of the two measurement methods was assigned
as the abscissa (x-axis) while the difference between methods was assigned as the ordinate (yaxis). To illustrate the estimated biases and the limits of agreement between methods for both
walking speed and step length estimations, the mean of the differences and ±2 standard deviations
(SD) across all trials were plotted, respectively. To determine whether IMU estimates of walking
speed and step length were significantly different from those obtained using stop watch and video
analysis respectively, two-way ANOVA analysis was used, with p values less than 0.01
indicating statistical significance.

3.3 Results
The mean self-selected 10MWT speed for healthy subjects was 1.40 ± 0.18 m/s while for
subjects post-stroke was 0.97 ± 0.13 m/s, which are comparable values to other studies
investigating 10 MWT performance in healthy older adults and in stroke survivors presenting
with mild to moderate impairment [31–33]. The IMU method underestimated walking speed
consistently for both healthy and post-stroke subjects, with no significant difference between legs
(p = 0.18). Bland-Altman plots for walking speed measurements through stopwatch and IMU
methods for healthy subjects and subjects post-stroke can be seen below in Figure 3.4 and Figure
3.5 respectively.
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Figure 3.4:

Bland-Altman plots for walking speed measured by the stopwatch and IMUs for control
subjects (a. Right leg, b. Left leg). The x-axis represents the average walking speed (m/s)
determined from the IMU sensor and stopwatch, and the y-axis represents the difference
between these two methods. Each circle represents one data point from a single walking
trial. The solid lines indicate the overall mean of the measurement differences, while the
dashed lines indicate the limits of agreement (± 2SD).

Figure 3.5:

Bland-Altman plots for walking speed measured by the stopwatch and IMUs for hemiparetic
stroke subjects (c. less Affected leg, d. Affected leg). The x-axis represents the average
walking speed (m/s) determined from the IMU sensor and stopwatch, and the y-axis
represents the difference between these two methods. Each circle represents one data point
from a single walking trial. The solid lines indicate the overall mean of the measurement
differences, while the dashed lines indicate the limits of agreement (± 2SD).
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The mean step lengths for healthy subjects were found to be 75.74 ± 9.81 cm for left steps and
74.41 ± 10.01 cm for right steps. For subjects post-stroke, the mean step lengths were found to be
59.50 ± 7.61 cm for less-affected steps and 58.96 ± 8.51 cm for affected steps. The IMU method
was found to underestimate step length for both healthy and post-stroke subjects. For healthy
subjects, step lengths were underestimated consistently, with no significant difference between
legs, yet for hemiparetic stroke subjects, the affected step lengths were underestimated
significantly more than the less-affected step lengths (p < 0.01). Bland-Altman plots for step
length measurements obtained through video analysis and IMU methods for healthy and poststroke subjects can be seen below in Figure 3.6 and Figure 3.7 respectively.

Figure 3.6:

Bland-Altman plots for step lengths measured by video analysis and the IMU method for
control subjects (a. Right leg, b. Left leg). The x-axis represents the average step length (m)
determined from the IMU sensor and video analysis, and the y-axis represents the difference
between these two methods. Each circle represents one data point from a single walking
trial. The solid lines indicate the overall mean of the measurement differences, while the
dashed lines indicate the limits of agreement (± 2SD).
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Figure 3.7:

Bland-Altman plots for step lengths measured by video analysis and the IMU method for
hemiparetic stroke subjects (c. less-Affected leg, d. Affected leg). The x-axis represents the
average step length (m) determined from the IMU sensor and video analysis, and the y-axis
represents the difference between these two methods. Each circle represents one data point
from a single walking trial. The solid lines indicate the overall mean of the measurement
differences, while the dashed lines indicate the limits of agreement (± 2SD).

Spatial symmetry analysis of IMU data was conducted on estimates from both healthy
and stroke data. For healthy subjects, step length symmetry was assessed by calculating right step
ratio (RSR) and showed a trend towards symmetry (RSR = 0.478 ± 0.060) with equal s between
legs. For subjects post-stroke, step length symmetry was assessed by calculating the affected and
less-affected step ratios (ASR and lASR) which showed an overall trend towards shorter affected
steps than less-affected steps (ASR = 0.407 ± 0.05, LASR = 0.593 ± 0.05)

3.4 Discussion
The purpose of this study was to extend previous studies of gait symmetry in hemiparetic
stroke survivors compared with that of healthy older adults through the estimation of step-length
and spatial-symmetry using shank-mounted IMUs. While accurate in detecting symmetry or
asymmetry in both healthy subjects and subjects post-stroke, our algorithm proved to
underestimate walking speed and step length in all subjects. This underestimation in calculated
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gait parameters may be the result of multiple factors affecting the proposed algorithm. The
primary source of step length underestimation is believed to be due to the quality of video
analysis performed in order to obtain reference step lengths. Due to the pixilation of video
recordings and the accuracy of step length measurements extracted from these videos, the error in
these values could be as high as 5cm.
A second possible reason for gait parameter underestimation may lie in the assumption that
all relevant shank motion occurs within the shank’s sagittal plane, i.e. the plane of progression.
Any motion outside of this plane measured by the IMUs were disregarded in our algorithm,
which may have in turn resulted in an underestimation of walking speed, which would impact the
estimation of step length. For certain hemiparetic stroke subjects, compensation methods used
during walking may result in more shank motion occurring outside of the sagittal plane, therefore
exaggerating the underestimation from IMU signals.
A third reason for the underestimation may be the assumption that the shank vertical
event corresponds with the local maximum in the shank angular velocity curve. Although this
theory was first presented by Li et al. [16], no validation has been conducted to verify the
accuracy of this assumption in older individuals or in individuals presenting with hemiparesis.
Should the shank-vertical event correspond to a different portion of the angular velocity curve,
the proposed gait segmentation model would be greatly affected, propagating changes to all
estimated values presented in this paper. However, as all reported values would experience this
same effect, it is assumed that each of these changes would be consistent and therefore have a
minimal effect on the overall results reported.
Finally, a potential source for the observed underestimation using IMUs may be the
sensor placement angle along the shank. With the proposed algorithm, the normal axis of the
IMU is assumed to be aligned with the longitudinal axis of the shank, therefore, at the shankvertical event, the initial sensor angle (θ) is assumed to be 0o. If the IMU positioning were
skewed relative to the longitudinal axis of the shank, this would result in an overestimation of
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sensor angle, affecting the conversion of acceleration values from the sensor to global coordinate
systems, and impacting the estimation of walking speed and step length. Therefore, further work
should employ 3D algorithms for the analysis of IMU sensor data in the estimation of these gait
parameters.
The proposed 2D algorithm better estimated gait parameters for healthy older adults than for
the hemiparetic stroke survivors. This is most likely due to the first explanation for the
underestimation. All healthy older subjects were observed to walk with a normal gait, did not use
walking aids, and showed no observable compensations in any walking trials. Therefore it can be
reasonably assumed that the majority of shank motion for these subjects occurred with minimal
deviation from the plane of progression. For subjects post-stroke however, gait abnormalities
were easily observed for numerous participants. Additionally, some chronic stroke subjects
habitually used walking aids, therefore without the aids their gait pattern was likely compromised
in terms of speed and stability. These observations lead to the assumption that in stroke, shank
motion may deviate further from the plane of progression than it would for healthy subjects, and
that this deviation would be more pronounced in the affected leg than the less-affected leg.
Although the IMU results in this study failed to accurately represent walking speed and
step length for subjects post-stroke, the spatial parameters obtained from these sensors revealed
symmetry and asymmetry for healthy and hemiparetic stroke subjects, respectively. These gait
symmetry measurements concur with those obtained using stopwatch or video analysis methods
of measuring walking speed and step length in both subject groups. Therefore, while the actual
values calculated for these variables may not be accurate, the trends reflect the presence of step
length asymmetries in the stroke survivors who participated in this study.
The stroke compensation strategies are best illustrated by analyzing the percentage of
stride time spent in both stance and swing, as illustrated in Figure 3.8 and Figure 3.9,
respectively. In order to calculate stance and swing times, the heel-strike (HS) and toe-off (TO)
gait events, indicated by local minimums in the shank angular velocity curves, were identified.
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From these gait events, stance time was determined as the time between HS and TO, and swing
time was calculated as the total stride time minus the stance time. In Figure 3.8, affected and
less-affected stance times, as a percentage of stride cycle, can be seen for 10 subjects. In Figure
3.9 for these same 10 subjects, affected and less-affected swing times, as a percentage of stride
cycle are shown. Subjects 3,4,5,7,9, and 10 spent a greater portion of their stride with the lessaffected limb in stance and affected limb in swing to promotes stability and consistent with other
reports [34]. However, subjects 1 and 6 demonstrated the opposite pattern, which may reflect less
severe impairment on the affected side. Two subjects (2 and 8) demonstrated symmetry between
limbs as is typical in healthy subjects.
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Figure 3.8:

Stance times as a function of total stride time for each stroke subject
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Figure 3.9:

Swing times as a function of total stride time for each stroke subject
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A limitation of this study lies in the use of video camera footage to identify footfall
location for the measurement of reference values for step length estimation. The accuracy of
video analysis is affected by the quality of video and subjective determination of the gait event.
Further validation is required with traditional laboratory-based motion capture systems and
automated processes for the measurement of reference step length values.
This study is the first to use IMUs in the estimation of step length and spatial symmetry
in hemiparetic stroke subjects during walking. The proposed method expands on previous studies
having estimated gait parameters in chronic stroke survivors [18], [19]. The results of this study
reflect a first attempt at the estimation of step length in hemiparetic stroke subjects using shankmounted IMUs, for which no current method exists. The use of spatial symmetry indices were
expected to detect asymmetry in stroke gait, however more work is required to improve the IMUs
capacity to estimate step length. In order to enhance the sensitivity to detect compensatory
strategies in individuals presenting with hemiparesis, combining the step symmetry analysis with
the assessment of temporal gait variables. Further work is required in order to increase the
fidelity of IMUs for application in populations with gait deficits including hemiparetic stroke.
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Chapter 4
A Comparison of Frequency-Features for Activity
Classification in Persons with Stroke
Abstract
The recent advances in the use of inertial measurement units (IMUs) for motion analysis suggest
the possibility of using this technology for the monitoring of daily activities of individuals during
rehabilitation post-stroke. Recent studies have utilized features extracted from accelerometer and
gyroscope signals to develop classification models capable of identifying activities performed
from within large datasets. In this study, nine k-nearest neighbor cross-validated classifiers were
developed using frequency-features derived from shank-mounted IMUs on the less-affected and
affected limbs. These classifiers were evaluated for two separate datasets of post-stroke gait; the
first a classification of three separate gait activities (overground walking, stair ascent, and stair
descent), and the second a classification of five gait activities, overground walking, stair ascent,
and descent with a distinction between stepping pattern used while negotiating stairs (step-overstep (SOS) and step-by-step (SBS)). The results showed the highest classification accuracy,
100% for the three-activities and 94% for the five-activities, was obtained using a classifier
composed of features derived from accelerometer and gyroscope data collected using both a
shank-mounted IMUs.
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4.1 Introduction
The aging population worldwide has made evident the need for drastic changes in the
current healthcare system. Today, healthcare is provided to individuals through very few outlets
and limited resources are in place to provide aid to those in need of ongoing support or
rehabilitation [1]. Changes in population distribution and increased life expectancy have resulted
in a need for healthcare services to extend from hospital settings into home environments [1].
Currently, healthcare professionals gain insight into individuals’ daily activity levels through self
reported measures and questionnaires, yet these methods have been proven to overestimate
physical ability and are thus considered unreliable as a substitute for physical examination [2].
Systems capable of monitoring individuals’ activities and rehabilitation progress outside on a day
to day basis are therefore gaining popularity within the fields of epidemiology and rehabilitation
[3–5].
The recent advances in the application of portable inertial sensors for motion analysis
have made it possible to collect acceleration and angular velocity data from individual body
segments in non-laboratory settings over extended periods of time. Inertial measurement units
(IMUs) present a low-cost and minimally intrusive way of measuring 3D body segment
orientations in both healthy and disabled individuals. These sensors provide rehabilitation
professionals the means to quantitatively measure changes in gait, in aging populations as well as
in those aiming to return to a level of physical activity after rehabilitation treatment. Following a
stroke, rehabilitation programs aim to help individuals relearn the motor skills necessary for daily
activity within the community, including coordinated walking and stair ambulation [6], [7].
Previous work using IMUs for the evaluation of post-stroke gait in walking and stair ambulation
has demonstrated that this technology could be used in rehabilitation programs to monitor stroke
survivors’ progress outside of their hospital based care [8–10]. However, in order to use this
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technology for monitoring daily activities, effective algorithms are required in order to classify
specific activities within the data collected.
Activity classification using inertial sensors has recently been the subject of many studies
[11–15]. Without the availability of automatic classification algorithms, vision or video
recordings are required as a means of recognizing changes in activities, therefore the presence of
a research technician or rehabilitation professional is required for all data collections performed.
Although considerable efforts have been focused on the development of activity classification
algorithms, little work has been conducted on developing such algorithms for affected
populations, such as for stroke survivors. Gait activity classification algorithms for chronic
stroke survivors could have a considerable impact on rehabilitation programs of the future. The
ability to collect, classify, and analyze data from individuals continuing rehabilitation outside of
hospital programs during their day-to-day activities could yield a wealth of currently unattainable
knowledge on independent stroke mobility.
Recently, studies have shown that machine learning approaches have proven effective in
the identification of different activities from IMU acceleration data [12], [15], [16]. Many
different computational approaches have been used to extract features from accelerometer data
for activity classification. The majority of these approaches involve a two-stage process [12]. In
the first stage, classification features are derived from a series of smaller, sequential time
windows of sensor signals. A classification algorithm is then used on the extracted features to
associate each window with a specific activity. In order to generate the features used to
characterize accelerometer data within the classification algorithm, different approaches have
been suggested in previous studies, including directly deriving time-domain features from the
acceleration signal [17–19], the use of Fourier transforms to derive features from a frequency
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analysis [15], [20], or the use of wavelet analysis for the derivation of time-frequency features
[16], [21–23].
Time-domain features can be obtained through the calculation of statistical measures
such as mean or median, taken directly from a window of accelerometer data [12]. These features
can also be obtained by using high and low pass filters to separate accelerometer signals into their
AC and DC signal components. Classifiers can then be composed of averages taken across data
points for the DC and rectified AC components of each condition [14], [17], [19].
A second method to derive classification features from accelerometer data is through the
derivation of frequency-domain features through the use of fast Fourier transform (FFT). The
applied FFT to a specific window of accelerometer data typically yields a set of basis coefficients
which represent the amplitudes of the signal’s frequency components as well as the distribution of
the signal’s energy [24], [25]. Various methods of using the derived frequency components for
activity classification using accelerometer data have been presented in previous studies [12], [13],
[17], [20]. Foerster and Fahrenberg suggested the use of the principal frequency, defined as the
first of the frequency-domain feature sets, in addition to time-domain measures for activity
classification [17]. Likewise, Bao and Intille suggested that the use of time- and frequencydomain features could be used to obtain high levels of classification accuracy [13]. Alternatively,
a single feature can be derived from a combination of multiple frequency components. Sugimoto
et al. suggested the use of spectral energy, defined as the sum of the squared FFT coefficients for
classification of accelerometer signals according to the signal intensities. Preece et al. proposed a
unique feature set in addition to those previously suggested, composed of the magnitudes of the
first five components of the FFT power spectrum [20]. Although each of these studies employed
different approaches of using frequency-domain features for gait activity classification, each FFT
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derived feature set was reported to effectively predict gait activities in its respective classifier
[12], [13], [17], [20].
Wavelet analysis can be used to decompose accelerometer signals into a series of time
and frequency characteristics using discrete wavelet transforms [12]. The wavelet transform
decomposes a given signal into two subsignals (representing fluctuation and approximation
signals), each half the length of the original signal. The fluctuation signal is obtained by passing
the original signal through a high-pass filter, which returns only the upper half of the original
frequency components. Similarly, the approximation signal is obtained by passing the original
signal through a low-pass filter. These two subsignals represent a first level of decomposition,
and this decomposition is repeated using the approximation signal only, until a desired level of
decomposition is reached [26]. A main advantage of using wavelet analysis to extract features
from accelerometer signals is that no time or frequency information is lost from the original
signal.
Various sets of wavelet features have been used in previous studies for the classification
of activities recorded using accelerometers [21], [22], [27], [28]. Tamura et al. proposed the use
of the sum of the squared fluctuation coefficients at the 4th and 5th levels of wavelet
decomposition for the classification of activities [27]. For elderly subjects, Sekine et al. proposed
the use of two features, namely the summation of the fluctuation signals at the 6th and 7th levels
divided by the number of steps, and the normalization of the sum of fluctuation signals from the
4th through the 7th levels against the sum of squares of the original signal [28]. In both of these
studies, clear distinction in wavelet features between activities were shown. Therefore this
method offers promise for the detection of dynamic changes in gait.
Although all three methods of generating features capable of classifying activities from
accelerometer data have proven valid, Preece et al. performed a comparative study of 14 methods
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of extracting classification features using wavelet, time-domain, and frequency-domain analysis
to determine which method would best serve for the classification of different gait activities [20].
Through their study, Preece et al. found that the use of an FFT feature set composed of the
magnitude of the first five or more components of the FFT analysis was optimal for activity
classification in healthy individuals. Preece et al. therefore suggested the use of FFT feature set
for classification of activities including level walking, stair ascent, stair descent, jogging, running,
hopping, and jumping from accelerometer data collected using ankle-mounted sensors.
Previous classification studies have utilized data from sensors mounted at the waist,
thigh, shank, or ankle [14], [16], [20], [29], [30] for classification of activities. However, shank
mounted sensors have been used in many previous studies for gait analysis in both healthy and
post-stroke subjects [8,31–33] and it is believed that the cyclic nature of shank-mounted IMU
signals during gait would lend itself well to the development of an activity classification model.
Lau et al. proposed the use of support vector machine (SVM), a supervised learning model, for
the classification of gait activities post-stroke based on kinematic data collected using
accelerometer and gyroscope signals [34], [35]. Lau et al. identified turning points within the
accelerometer and gyroscope signals in order to create a classifier composed of 3 variables; the
minimum turning point obtained from the shank angular velocity, the amplitude values of
anterior-posterior acceleration at the pre-swing phase, and the amplitude of the peak
accelerometer values during initial swing phase. Using this classifier a maximum classification
accuracy of 92.9% was reported [35].
The main objective of this study was to develop an activity recognition algorithm capable
of distinguishing between level ground, stair ascent, and stair descent activities in individuals
presenting with post-stroke hemiparesis. This activity classification could therefore be used by
rehabilitation professionals to classify gait activities within large accelerometer data sets in order
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to gain insight into stroke survivors’ daily activities, outside of a hospital or rehabilitation
program setting. Previous studies analyzing post-stroke gait have utilized shank-mounted IMUs
as these have been shown to be less affected by abnormal foot motion during walking than footmounted sensors [31], [37]. Therefore, our first aim was to develop an activity classification
algorithm using the FFT features derived from shank-mounted IMU sensors capable of
identifying overground walking, stair ascent, and stair descent by individuals presenting with post
stroke hemiparesis. This is the first study conducted attempting to classify post stroke gait using
an automatic classification algorithm composed of frequency features derived from accelerometer
and gyroscope data. As a second aim, we sought to extend this classification to include varying
stepping patterns adopted by stroke survivors during stair negotiation. This distinction could
serve to provide additional information to rehabilitation professionals as to the stair stepping
strategies employed by individuals day-to-day while rehabilitating.

4.2 Methodology
4.2.1 Protocol
A secondary analysis of overground walking kinematic data obtained from ten chronic,
hemiparetic stroke survivors (67.0 ± 10.9 years) was performed. Details about the subjects and
the overground walking protocol have been previously described in Chapter 2. Briefly, subjects
self-reported to be in good health, and were screened to ensure they were capable of independent
ambulation and stair negotiation while presenting with unilateral mobility deficit. All subjects
provided informed consent to participate in the protocol, which was approved by the university’s
research ethics board. Subjects were instrumented with 7 IMU sensors (Xsens Technology B.V.,
Netherlands) secured to their lower limbs and data from the accelerometer and gyroscope z-axes
from the shank-mounted IMUs were used in the calculation of shank kinematics. Sensor
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configuration can be seen in Figure 4.1. Subjects completed up to three self-paced walking trials
along a straight hallway over a 10 m distance and data were collected using MVN Studio (Xsens
Technology B.V., Netherlands) at a sampling frequency of 120 Hz.
In addition to the overground walking trials, subject ascended and descended a sixteenstep staircase in a step-over-step (SOS) and a step-by-step (SBS) manner with the use of a
handrail as needed. Subjects were instructed to rest prior to beginning each trial, and when they
felt ready, maneuvered the steps at a self-selected pace. Again, shank kinematic data were
recorded using MVN Studio (Xsens Technology B.V., Netherlands) from the shank mounted
IMUs at a sampling frequency of 120 Hz. In this way, three different activities (overground
walking, stair ascent, and stair descent) were recorded for each subject outside of a traditional
laboratory setting.

L

z
z

L

Figure 4.1:

Sensor configuration. An IMU is attached to the lateral aspect of both the less-affected (light
grey) and affected (dark grey) shanks in the sagittal plane. The z-axes of both the
accelerometer and gyroscope signals lay orthogonal to the sagittal plane defined by the x and
y directions. The arrows indicate positive direction of each axis. L is defined as the sensorto-ankle distance.

64

4.2.2 Signal Conditioning
Offline signal processing was performed using MATLAB (The MathWorks, Natick, MA,
USA). For each of the overground walking trials and the stair ascent and descent trials, analysis
was conducted on a series of 2-second (240-sample) consecutive windows, with an overlap of 1
second between each. The decision to use a 2-second window was motived by previous work by
Wang et al. [16] (2.56 s) and by Preece et al. [20] (2 s) that demonstrated this window length as
appropriate for the frequency analysis of similar activities to those used in this paper. Due to the
slow speed of post-stroke mobility, we chose a 2-second window, which would sufficiently
capture a minimum of one gait cycle in all activities while not being so long as to limit the
number of features that could be extracted from each trial. The 50% overlap between consecutive
windows has also been proven to be effective in previous activity classification studies [13], [20].

4.2.3 Frequency-Domain Feature Derivation
The frequency-domain features for each 2-second window were derived using FFTs. The
FFT is a faster version of the Discrete Fourier Transform (DFT), which transforms a discrete
signal in the time domain into its discrete frequency domain representation [25]. From each of
the shank-mounted IMUs, all z-axis signals recorded from the accelerometer and gyroscope axes
were converted into the frequency domain using the Matlab fft function seen in Equation 1, to
calculate the N-point DFT.
! ! =!

!!!
!!!

! ! !! !"

(1)

!! = ! (!!!")/!
where !! is an Nth root of unity, t is the time range for the data set x(t) such that t =[0,1,…,
(length of signal x -1)] * sampling time (t = 2 seconds), k is a discrete (integer) variable such that
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k =0,1,…,(N-1), and N is the transform length which will optimize the FFT algorithm, defined as
2P such that 2! ≥ ! !"#$%ℎ ! !(!"#$%ℎ ! = !240, !! =! 256) [25].
As the frequency spectrum, X(k), calculated in Equation (1) is symmetric, only the first
(1+X/2) points of the spectrum will be unique, and rest are symmetrically redundant. X(1) is the
DC component of the original signal x(t) and X(1+X/2) is the Nyquist frequency component of
x(t). In order to truncate the frequency data, it must first be normalized, by dividing the result of
the FFT by the length of the original data set x(t) [25], [37], [38], as seen in Equation (2)
! ! =

! !
!"#$%ℎ(!)

(2)

Following normalization, the Nyquist frequency, representing a value of half of the sampling
frequency, about which frequency values are mirrored, was calculated, such that
!"#$%&!!"#$%% =

!"#$!ℎ(!)
+1
2

(3)

If this value is not an integer, it must be rounded down to the nearest whole number. The
frequency spectrum is then truncated to remove all absolute duplicate values. All remaining
frequency features except for the DC component X(1), are doubled to account for the eliminated
values [25], [38], [40].
! = [! 1 , ! 2 , ! 3 , … , ! !"#$%&!!"#$%%

∗2]

(4)

In order to obtain a frequency-domain feature set from each trial for activity classification, the
magnitude of the first five features obtained through the FFT analysis were calculated by taking
the absolute value of the first five components of X. As this study was the first to classify gait
activities in stroke survivors using feature sets derived from FFT analysis of IMU data, the
number of components needed to optimize classification accuracy were determined by inspection
of accuracy results plotted for one classifier containing varying frequency features.

66

Preece et al. demonstrated that for healthy individuals it was possible to build a classifier
from feature sets smaller or larger than five components, however after five components a
plateauing effect was observed in classifier accuracy [20]. In order to validate this relationship
between classification accuracy and the number of components and determine the number of
components required for classification, accuracy changes for activity identification obtained using
a single classifier composed of features extracted from affected and less-affected acceleration and
angular velocity data for the three (overground walking, SOS ascent, and SOS descent) and fiveactivity (overground walking, SOS & SBS ascent, and SOS & SBS descent) problems were
plotted against the number components (Figure 4.2). The classification accuracy was found to
increase as the number of FFT coefficients increased, however, minimal increases in accuracy
were observed as the feature sets were extended past five coefficients. A classifier’s ability to
distinguish between activities is increased when a greater portion of the frequency components
from a given signal are included within the feature sets. Therefore, using a greater number FFT
coefficients yielded a better representation of the features derived from each activity, resulting in
a higher identification accuracy. The use of 10 FFT coefficients for each window of data used to
populate the datasets used to create the kNN classifiers for both the 3-activity and 5-task
problems yielded a activity identification accuracy of 99%.
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Figure 4.2:

Accuracy of activity classification as the number of FFT coefficients is increased using the
best performing classifier designed to include only those features extracted from the affected
and less-affected shank-mounted accelerometer and gyroscope z-axes signals. The solid line
represents classification of the three activities, overground walking, SOS stair ascent, and
SOS stair descent, and the dashed line represents classification of the five tasks, overground
walking, SOS stair ascent and descent, and SBS stair ascent and descent.

4.2.4 K-Nearest Neighbor Cross Validation
In order to interpret the features extracted from the accelerometer and gyroscope data for
activity classification, a k-nearest neighbor (kNN) classification scheme was used. The kNN
classifier has been used in many activity recognition studies [13], [20], [41] due to its simplicity.
This type of classifier functions by using a Euclidean distance metric to determine the closest
activity to a given unknown feature within the multidimensional feature space. kNN is an
instance-based learning function, where the classifier is simply populated with feature sets and
the majority of computations are deferred until classification is performed. The feature space of
the classifier is first populated with a series of training data points, corresponding to a specific
activity.
For the three-activity classification problem, overground walking, stair ascent, and stair
descent were each classified as a different class, such that αi = 0, 1, or 2 respectively. In order to
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build a classifier composed of an equal number of overground, stair ascent, and stair descent trial
feature sets, various permutations of features extracted from the central 3 windows of data for
each walking trial, and from the central 6 windows of data for the stair ascent and descent trials
for each subject. Each training dataset for the k-nearest neighbor cross-validated classifiers were
therefore composed of a pair of matrices, (xi, zi), where x is an (n x m) training data matrix
containing n trials with m features extracted from each trial, and z is the corresponding (n x 1)
class indicator matrix, such that zi = j if the ith training data vector is an example from class αj.
The frequency domain features used to develop the kNN classifier model was defined as
the magnitude of the first five components of the FFT analysis of IMU signals [20]. This method,
proposed by Preece et al. [20] was shown to present high levels of classification accuracy for
multiple gait activities in healthy individuals wearing foot-mounted accelerometers. Nine
different kNN models were derived, where each model used different combinations of FFT
features from accelerometer and gyroscope signals collected from IMUs mounted on subject’s
affected and less-affected shanks (Table 4.1).
The first classifier dataset was composed of feature sets containing the magnitude of the
first five components of the FFT power spectrum for the transverse axes (z-components) of the
acceleration and the angular velocity signals from the affected and less-affected shank-mounted
IMUs. The five parameters derived from both the z-axis acceleration and the z-axis angular
velocity signals of both IMUs were combined to form a (1 x 20) feature set for each window of
data included. The second classifier dataset was composed of feature sets derived from the lessaffected shank-mounted IMU only. Therefore, each of the feature sets combined to create this
second classifier was half of the length of those used to create the first classifier dataset.
Alternatively, the third classifier dataset was designed using only features derived from the less-
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affected shank-mounted accelerometer and gyroscope z-axes signals. The feature sets used in the
second and third classifiers therefore both had a dimension of (1 x 10) features.
The fourth classifier dataset was composed of the magnitude of the first five components of FFT
analysis of the accelerometer z-axis signal for affected and less-affected shank-mounted sensors
while the fifth classifier dataset included only the magnitude of the first five frequency
components of the gyroscope z-axis signal from the affected and less-affected shank mounted
sensors. Both classifiers were composed of (n x 10) feature sets, where n is the number of
windows of data included in the analysis.
The sixth and seventh classifiers used only z-axis accelerometer data for the affected and
less-affected shank-mounted sensors respectively. Conversely, the eighth and ninth classifiers
contained data from z-axes of the affected and less-affected shank-mounted gyroscope sensors.
The final four classifiers all were composed of (1 x 5) dimension feature sets.
Once the classifier datasets were formed, a value of k = 1 was selected as the number of
neighbors to be used in the classification algorithm in order to perform a nearest neighbor
validation. Leave-one-out cross validation was then used to develop a nearest neighbor classifier
for each dataset, by alternating using one feature set as the testing dataset while the rest were used
to populate the training data set. This process was repeated until each feature set was excluded
from the training set and used as the testing dataset. Using the leave-one-out cross validation
method, the classifier’s accuracy was calculated as the average of the classification results from
each train-test repetition.
In order to classify a test sample not included in the training sample, the kNN classifier
utilized a Euclidian metric to compute the distance between the unclassified feature set and each
individual feature set within the training dataset. Euclidian distances could be calculated due to
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the similarity of scales of all of the feature sets extracted from the IMU data. Given a test sample
x, the distance between x and a sample xi from the training dataset was calculated as equation 5.
! !! , !

!

= !! − !

!

= ! ! !! − 2! ! !! + !!! !!

(5)

Once the distances between the test feature set, x, and each sample of the training dataset are
calculated, the test sample is assigned to the class of the nearest training data vector, xm, according
to the nearest-neighbor rule satisfying equation 6.
1 !
1
! ! !! − !!
!! > ! ! !! − !!! !! !!!for!all!! ≠ !
2
2

(6)

The accuracy of the classifier was determined by comparing the assigned class from Equation 6
to the known class of feature set x from the class indicator matrix z.
In order to determine the most suitable classifier for estimating stroke gait activities,
classification accuracies were compared. Additionally, sensitivity, and specificity were
calculated separately for each classifier and each activity. Sensitivity, also known as the true
positive, represents a measure of the proportion of actual feature sets of a certain activity
correctly identified as such.
!"#$%&%'%&( =

!"
,
!

(7)

where TP, or true positives, represents the number of feature sets within a certain activity that are
correctly predicted by the classifier as belonging to that activity, and P represents the number of
total feature sets within the given activity [41]. Specificity, or true negative, represents a measure
of the proportion of feature sets not belonging to activity P correctly identified as such.
!"#$%&%$%'( =

!"
,
!

(8)

where TN, or true negatives, represents the number of feature sets not belonging to activity P
correctly identified by the classifier as belonging to the remaining set of activities, N [41].
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Once classification accuracies were determined for the overground walking and step over step
stair ascent and descent activities, the process was repeated with windows of IMU data including
the SBS stair ascent and descent activities.
Table 4.1 Summary of the different feature sets used for each kNN classifiers
Classifier name
1. Affected and
less-affected
accelerometer and
gyroscope
frequency features
2. Affected
accelerometer and
gyroscope
frequency features
3. Less-affected
accelerometer and
gyroscope
frequency features
4. Affected and
less-affected
accelerometer
frequency features
5. Affected and
less-affected
gyroscope
frequency features
6. Affected
accelerometer
frequency features
7. Less-affected
accelerometer
frequency features
8. Affected
gyroscope
frequency features
9. Less-affected
gyroscope
frequency features

(Number of Feature Sets
x Size of Feature Set)
(n x m)

Description of each Classifier

(146 x 20)

Magnitude of the first five components of FFT analysis
on the z-axes accelerometer and gyroscope signals
collected using both the affected and less-affected
shank-mounted IMUs

(146 x 10)

Magnitude of the first five components of FFT analysis
on the z-axes accelerometer and gyroscope signals
collected using the affected shank-mounted IMU

(146 x 10)

Magnitude of the first five components of FFT analysis
on the z-axes accelerometer and gyroscope signals
collected using the less-affected shank-mounted IMU

(146 x 10)

Magnitude of the first five components of FFT analysis
on the z-axes accelerometer signals collected using
both the affected and less-affected shank-mounted
IMUs

(146 x 10)

Magnitude of the first five components of FFT analysis
on the z-axes gyroscope signals collected using both
the affected and less-affected shank-mounted IMUs

(146 x 5)
(146 x 5)
(146 x 5)
(146 x 5)

Magnitude of the first five components of FFT analysis
on the z-axis acceleration signals collected using the
affected shank mounted accelerometer
Magnitude of the first five components of FFT analysis
on the z-axis acceleration signals collected using the
less-affected shank mounted accelerometer
Magnitude of the first five components of FFT analysis
on the z-axis angular velocity signals collected using
the affected shank mounted gyroscope
Magnitude of the first five components of FFT analysis
on the z-axis angular velocity signals collected using
the less-affected shank mounted gyroscope

4.3 Results
The accuracies for the classification of overground walking, and SOS stair ascent and
descent using the described frequency feature sets are given in Table 4.2. The first three, and the
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fifth classifiers all returned high classification accuracy, suggesting that a combination of
gyroscope and accelerometer feature components yield the best classification accuracies.
Overall, for the classification of these three activities, the highest classification accuracy (100%)
was obtained using classifier 1, composed of a dataset of features extracted from the affected and
less-affected shank-mounted IMU signals. The performance of the classifiers were found to be
similar to those presented by Preece et al. [20] using a the magnitude of FFT components derived
from accelerometer signals collected from sensors attached to various locations on healthy
individuals waists and lower-limbs.
Table 4.2 Classification Accuracies (%) for the classification of three activities (overground walking, SOS
stair ascent, and SOS stair descent) using the five proposed classifiers
FFT Magnitude
- three-activity
classification

Classifier name
1. Affected and less-affected
accelerometer and gyroscope
frequency features
2. Affected accelerometer and
gyroscope frequency features
3. Less-affected accelerometer and
gyroscope frequency features
4. Affected and less-affected
accelerometer frequency features
5. Affected and less-affected
gyroscope frequency features
6. Affected accelerometer
frequency features
7. Less-affected accelerometer
frequency features
8. Affected gyroscope frequency
features
9. Less-affected gyroscope
frequency features

100
96
97
87
97
74
78
92
91

The accuracies presented in Table 4.2 report only the average performance of each classifier
across the three activities. To assess the performance of each classifier, the sensitivity and
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specificity of each classifier were also calculated for each of the three activities, as shown in
Table 4.3.
Table 4.3 Sensitivity and Specificity for each classifier identifying the classification of overground
walking, SOS stair ascent and SOS stair descent.
Overground walking

Classifier name

SOS Descent

SOS Ascent

Sensitivity

Specificity

Sensitivity

Specificity

Sensitivity

Specificity

100

100

100

100

100

100

98

99

90

99

100

96

3. Less-affected accelerometer and
gyroscope frequency features

96

99

94

98

100

98

4. Affected and less-affected
accelerometer frequency features

94

97

81

90

83

93

5. Affected and less-affected
gyroscope frequency features

97

99

98

97

98

100

6. Affected accelerometer frequency
features

80

81

69

88

69

90

7. Less-affected accelerometer
frequency features

89

93

81

86

56

88

8. Affected gyroscope frequency
features

95

96

92

92

89

99

9. Less-affected gyroscope frequency
features

91

95

88

92

94

98

1. Affected and less-affected
accelerometer and gyroscope
frequency features
2. Affected accelerometer and
gyroscope frequency features

Based on the sensitivity and specificity analysis of each classifier, it can be concluded that all
classifiers containing features extracted from gyroscope data perform similarly at predicting the
classification of all three gait-activities, with no marked difference between prediction ability of
the various methods. The classifiers containing only acceleration data were found to have the
lowest accuracy, sensitivity and specificity values for the identification of the three activity
problems. The classifier composed of only acceleration frequency features from the affected leg
yielded the worst classification accuracy, however it can be seen in Table 4.3, that this classifier
had a higher sensitivity in the identification of SOS Ascent than the classifier composed of lessaffected acceleration frequencies. .
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The accuracy results of the extended classification problem displayed similar trends to
those of the three-activity classification problem, as shown in Table 4.4. Again, it was found that
classifiers containing features extracted from gyroscope data yielded the highest levels of
classification accuracy; with the maximum classification accuracy (94%) obtained using a
classifier containing affected and less-affected accelerometer and gyroscope frequency features.
The accuracies of predictions from all classifiers however were found to be lower than those for
the three-activity problem.
Table 4.4 Classification Accuracies (%) for the extended classification problem looking at both SOS and
SBS stair ambulation techniques (overground walking, SOS stair ascent, SOS stair descent, SBS stair
ascent, and SBS stair descent) using the five proposed classifiers
FFT Magnitude five-activity
classification

Classifier name
1. Affected and less-affected
accelerometer and gyroscope
frequency features
2. Affected accelerometer and
gyroscope frequency features
3. Less-affected accelerometer and
gyroscope frequency features
4. Affected and less-affected
accelerometer frequency features
5. Affected and less-affected
gyroscope frequency features
6. Affected accelerometer
frequency features
7. Less-affected accelerometer
frequency features
8. Affected gyroscope frequency
features
9. Less-affected gyroscope
frequency features

94
85
84
78
87
62
61
77
75

In order to determine the identification ability of each classifier across each of the activities
performed and stepping patterns used during activities, the sensitivity and specificity of each
classifier for each activity and strategy were calculated again. The results of these calculations
can be found in Table 4.5. No marked differences were found between the sensitivity and
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specificity of all classifiers containing gyroscope features suggesting that the use of features
extracted from gyroscope signals may serve to best classify gait activities and patterns in
individuals post stroke.
Table 4.5 Sensitivity and Specificity for each classifier predicting the classification of overground walking,
SOS stair ascent, SOS stair descent, SBS stair ascent, and SBS stair descent.
Overground
walking

Specificity

Sensitivity

Specificity

Sensitivity

Specificity

Sensitivity

Specificity

SBS Ascent

Sensitivity

SBS Descent

Specificity

SOS Ascent

Sensitivity

Classifier name

SOS Descent

1. Affected and less-affected
accelerometer and gyroscope
frequency features

100

99

100

96

81

93

97

95

92

95

2. Affected accelerometer and
gyroscope frequency features

98

99

77

98

79

94

78

96

89

96

3. Less-affected accelerometer and
gyroscope frequency features

96

99

92

98

74

97

81

94

72

96

4. Affected and less-affected
accelerometer frequency features

93

92

71

87

67

88

72

90

86

89

5. Affected and less-affected
gyroscope frequency features

96

98

92

92

81

91

81

93

81

91

6. Affected accelerometer frequency
features

71

86

58

92

57

94

61

92

61

89

7. Less-affected accelerometer
frequency features

88

95

69

89

45

88

56

92

41

88

8. Affected gyroscope frequency
features

91

97

79

93

67

93

75

94

67

95

9. Less-affected gyroscope frequency
features

91

98

75

92

79

94

64

90

58

96

Again, it was observed that classifiers containing only acceleration data yielded the worst activity
identification accuracies, with marked deterioration between the fourth classifier containing data
extracted from both the affected and less-affected legs and the sixth and seventh classifiers
containing only data from the affected or less-affected legs, respectively.
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4.4 Discussion
This study served as a preliminary evaluation of the classification performance of various
frequency-features obtained using IMUs for the classification of gait activities in individuals
presenting with hemiparesis due to stroke. Two separate evaluations were performed: the first a
classification of three separate gait activities (overground walking, SOS stair ascent, and SOS
stair descent), and the second a classification of five gait activities (overground walking and stair
ascent and descent with a distinction between stepping pattern used (SOS, SBS) while negotiating
stairs). The classification of these activity sets were performed using frequency features extracted
from data collected using IMUs mounted on the lateral aspect of individuals’ affected and lessaffected shanks. These frequency features were combined to create nine unique kNN leave-oneout cross-validated classifiers, and the ability of each classifier to predict gait activities was
evaluated. For both classification problems, a classifier utilizing features extracted from the zaxes accelerometer and gyroscope signals collected using the shank-mounted IMUs from both the
affected and less-affected legs proved the most accurate at classifying gait activities.
The results shown in Table 4.2 and Table 4.4 suggest a higher accuracy in classification
from all classifiers when predicting between three-gait activities than when predicting between
five-gait activities. The accuracy of activity identification in both classification problems using
the best performing classifier (greater than 90% accuracy) is well within the acceptable levels
presented in previous studies [13], [20]. It was found that for classifiers composed of data from
one sensor only, the best identification accuracies for the three- and five-activity problems were
obtained using a combination of features extracted from accelerometer and gyroscope signals
from either the affected (96% and 85%) or the less-affected (97% and 84%) shank-mounted
sensors. We believe that the classifier accuracy decreases in the five-activity classification
problem due to similarities in the frequency features extracted from the SOS and SBS stair ascent
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and descent activities. This confusion in identification is reflected by the relatively lower
sensitivity values (Table 4.5).
The frequency feature sets used in this study were based on a classifier first proposed by
Preece et al. for the classification of gait activities in healthy subjects instrumented with anklemounted accelerometers [20]. Preece et al. reported that the use of feature sets composed of the
magnitude of the first five components derived from FFT analysis of accelerometer signals
outperformed feature sets composed of wavelet features and of time-domain features.
Classification accuracies of 98% were reported for the identification of level walking, stair ascent
and stair descent using accelerometer data from sensors mounted at the ankle and thigh [20]. As
our study is among the first attempting to classify gait activities for individuals presenting with
hemiparesis, nine permutations of the proposed feature set were used to form kNN models for
activity classification in order to determine the best suited combination for these individuals.
Additionally, the use of IMUs in our study allowed for a combination of FFT components derived
from accelerometer and gyroscope signals to be used within the kNN classifier feature sets.
Many previous studies have focused on the use of accelerometer signals for the classification of
gait events [14], [16], [20], [29] and only recently has the use of gyroscope signals for
classification purposes been suggested [30], [34], [35], [40]. It has been demonstrated that
gyroscope signals are important for the analysis of gait post-stroke [36], and therefore it was
hypothesized that a classifier utilizing gyroscope signals would outperform one built solely using
accelerometer signals, as was demonstrated for both of the classification problems addressed in
this study. Prediction accuracy was found to be lower in classifiers composed of features
extracted from only the accelerometer or gyroscope signals of one IMU, such as in the sixth
through ninth classifiers; yet the classifiers composed of only angular velocity frequency-features
outperformed those composed of acceleration frequency-features in both the three- and five78

activity classifications. Overall, for the three-activity classification in this study, the highest
classification accuracy (100%) obtained using a classifier composed of features extracted from
the less-affected shank-mounted IMU for people having suffered a stroke proved equally accurate
to the classifier proposed by Preece et al. [20].
In summary, this study evaluated the use of nine distinct classifiers for the identification
of gait activities performed by post-stroke hemiparetic subjects. These nearest neighbor crossvalidated classifiers were composed of feature sets containing the magnitudes of FFT components
derived from accelerometer and gyroscope z-axes signals. For both the three- and five-activity
classification problems, a classifier composed of extracted frequency features from accelerometer
and gyroscope data collected using IMUs attached to the affected and less-affected shanks proved
the most accurate in discriminating gait activities and stepping patterns in stroke-subjects. For
classifiers composed of feature-sets from single-sided IMU measurements, the highest prediction
accuracies were produced by those containing frequency-features extracted from both
accelerometer and gyroscope data. Classifiers composed of features from either the affected or
less-affected shank mounted IMUs were found to perform equally well in the classification of
both three- and five-activities. For any of these classifiers to prove useful to rehabilitation
professionals, further work will be required to validate the activity identification ability on data
collected from subjects with stroke during their day-to-day activities.
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Chapter 5
Conclusions & Future Work
5.1 Conclusions
The measurement of human motion through traditional laboratory-based camera-based
systems is an important tool for both biomedical research and rehabilitation therapy. Many
studies seek to understand the effects of decreases in strength and joint mobility resultant from
natural aging and mobility impairments due to stroke, on individuals’ day-to-day activities. A
growing need therefore exists for an accessible means of studying the day-to-day mobility of
chronic stroke survivors.
This thesis applies inertial measurement units (IMUs) for the study of stroke-related
hemiparetic gait. Mobility includes not only overground walking but also stair ambulation,
considered to be one of the most demanding activities of daily living and it is important that
IMUs are capable of measuring kinematics for overground walking as well as for stair ascent and
descent. The quantification of gait symmetry is an important measure for rehabilitation
professionals and therefore important to quantify using IMUs. Lastly, if IMUs are to be used in
settings other than gait laboratories, for example in individuals’ homes, classification algorithms
are required to identify the activities being performed. In order to validate the performance of
IMUs for hemiparetic gait, three studies were performed:
•

An investigation of the measurement of lower-limb kinematics using IMUs
during stair ambulation

•

The measurement of step-length and spatial symmetry
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•

The automatic classification of gait activities using sensor data.

It is believed that these three studies form the first reports of using IMUs for the measurement of
mobility activities in people with hemiparesis.
Results suggested that IMUs were suitable for the measurement of lower limb range of
motion during stair ascent and descent in stroke survivors, as well as the assessment of spatial
symmetry between affected and less-affected limbs. It was also demonstrated that classifiers
composed of frequency-features extracted from IMU data could accurately identify gait activities
from post-stroke gait data. However, IMUs are not suitable for the measurement of lower-limb
joint angles during stair ambulation and quantified step length in chronic stroke survivors. The
studies conducted suggest that IMUs could be used by rehabilitation professionals to study range
of motion and spatial symmetry in individuals with stroke to provide information on gait
performance and progress.

5.2 Future Work
In order to enhance the use of IMUs in the analysis of stroke gait, further research and
engineering work is required. As discussed:
•

The development of a new, appropriate calibration procedure for stroke survivors
is necessary to support kinematic analysis of joint angles using IMUs. This
calibration procedure should capture a true representation of chronic stroke
subjects’ joint angles from a posture readily assumed by the subject prior to
conducting motion trials in order to achieve a reliable baseline value of each joint
angle to be estimated.
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•

It is recommended that walking trials be conducted using both IMU and
traditional motion capture in order to enable optimization of the estimation of
step length using IMUs.

•

Through a combination of spatio-temporal analysis, the IMU sensors could be
used to gain insight into stroke compensation strategies and movement patterns,
providing a tool for rehabilitation professionals to better understand post-stroke
mobility.

The use of IMUs for the measurement of gait post-stroke could provide numerous
opportunities that are currently unavailable to researchers. The ultimate goal of this work is to
extend the use of IMUs into the community, so as to collect data from a much larger subject
group over an extended period of time in their habitual settings. The information collected could
be classified and analyzed to create a wealth of knowledge on chronic stroke mobility in the daily
living environment, in order to equip future rehabilitation programs with a more complete
understanding of the demands of everyday life.
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Appendix B
Stroke Subject Information
sub 1
age
date of stroke
affected side
sub 2
age
date of stroke
affected side
sub 3
age
date of stroke
affected side
sub 4
age
date of stroke
affected side
sub 5
age
date of stroke
affected side
sub 6
age
date of stroke
affected side
sub 7
age
date of stroke
affected side
sub 8
age
date of stroke
affected side

88

54
02/02/2010
left
80
11/25/2007
left
56
04/01/2007
right
64
07/25/2007
right
63
03/02/2011
right
68
02/14/1996
left
66
04/08/2007
right
80
12/06/2010
left

sub 9
age
85
date of stroke
05/05/2010
affected side
right
sub 10
age
52
date of stroke
07/04/2011
affected side
right
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