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Abstract

Accuracy, Repeatability and Sensitivity of IMU based Motion Capture Systems
Gaurav Jagdish Ghorpade, M.S.E.
The University of Texas at Austin, 2017
Supervisor: James Sulzer

This study aims to evaluate an inertial measurement unit (IMU)-based motion capture system
for lower body gait analysis on treadmills in terms of its accuracy, repeatability and
sensitivity. The Xsens MVN BIOMECH is a popular inertial sensor-based motion capture
system widely used by the gait community. However, there is insufficient information
regarding its validation for use in gait. Accuracy of pelvic and lower body segments was
evaluated with respect to a PhaseSpace Motion Capture System with a thirteen-camera setup.
RMS errors for joint angles were evaluated at gait speeds of 1 m/s and 0.5 m/s. Repeatability
was evaluated using the Coefficient of Multiple Correlation (CMC) on two different days.
Sensitivity of the IMU-based motion capture (mo-cap) system was analyzed based on its
ability to distinguish between gait for 1 m/s (symmetric) and 0.95 m/s, 0.9 m/s, 0.85 m/s and
0.8 m/s (asymmetric) conditions. Data from 10 healthy, young individuals were collected and
analyzed. We found that the IMU-based system demonstrates reasonably high accuracy
when measuring joint angles (0.47 to 3.9 degrees). Accuracy was affected by speed with
higher accuracy at lower speeds, especially for Ankle dorsi/plantarflexion. Repeatability was
established, with high CMC values (0.76 to 0.98), lower than similar previous studies. Gait
cycles were treated as coherent entities and the ability to distinguish between small changes
(0.05 m/s) was demonstrated. Sensitivity of gait cycles were compared using High
Dimensional Analysis of Variance and the Adaptive Neyman test both for groups and
individuals. Smaller differences can be detected at the individual level since gait can vary
considerably across individuals. A representative case demonstrated significant differences
(p<0.001) for Ankle dorsi/plantarflexion and Hip abduction/adduction on a comparison
between 1 m/s (symmetric) and 0.95 m/s (asymmetric). These comparisons are strongly
6

affected by calibration repeatability and more research in this domain is recommended. The
IMU motion capture system demonstrates high sensitivity with the ability to differentiate
small changes (0.05 m/s at 99.75% confidence) in gait.
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Introduction
Gait Analysis
Gait analysis is the systematic study of human walking using observation of experienced
clinicians, augmented by instrumentation for measuring body movements, body mechanics
and muscle activity (Whittle, 2007). Gait Analysis can aid in planning treatments and making
more precise diagnoses of subjects who have conditions that affect their locomotor system.
Advances in technology have made it easier to perform gait analysis thus making it a more
practical tool. Improvements in the ease and speed with which data can be collected could
further promote applications of gait analysis. This can be achieved by improvements in the
equipment which is used for data capture and decreasing the skill level required to utilize
these tools. Rarely is gait analysis used to make a medical diagnosis. Most commonly, it is
requested to quantify the mobility state of a medical disorder and determine the
neuromuscular–skeletal contributions to that state. As such, it provides quantitative
information to “help” prescribe treatment and assess its outcome (Simon, 2004).
Motion Capture
Visual observation has been shown to be inadequate for the precise evaluation of gait.
Quantitative measurements are imperative when consecutive examinations of a subject are
required over an extended period. (Saleh M, 1985). An early study of human kinematics was
performed by Marey as early as 1873. The study on human limb movements was performed
by creating multiple exposures of a subject dressed in black with brightly illuminated strips
on the limbs. Braune and Fischer attempted to estimate three dimensional trajectories,
velocities and accelerations of body segments as early as 1895. The current state-of-the-art
for gait analysis is optical camera-based motion capture (OMC). Under ideal conditions,
these systems can measure gait with accuracies approaching 0.03-0.09 mm (P. Eichelberger,
2016). However, ideal conditions make such a system inappropriate for clinical use. A
windowless room with a specified workspace and setup times lasting one to two hours are
requirements that are too restrictive for widespread use.
IMU Based Motion Capture
IMUs provide a more portable alternative. IMUs combine signals from 3D gyroscopes,
accelerometers and magnetometers. Accelerometers aid in the determination of the local
vertical by sensing the gravitational acceleration. Magnetometers sense the direction of the
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Earth’s magnetic field like a compass and provide stability in the horizontal plane. The sensor
output is generally combined using a Kalman Filter. The Xsens MVN BIOMECH is a
popular inertial sensor based mo-cap system that operates using these principles and is used
as the inertial mo-cap system for this study.
Surprisingly, despite the widespread use of this system, there is little information suggesting
how it performs relative to the gold standard in optical motion capture. Manufacturer
specifications suggest accuracies of each IMU at approximately 1 deg (Xsens Technologies
B.V.)However, previous research has indicated that these measurements do not correspond to
deviations from the gold standard (OMC) (Cloete T. &., 2008) (Zhang J.T., 2013). These
studies were performed over ground where the magnetic field is different from treadmill
conditions. Additionally, these studies did not control for speed and the effect of speed is
unknown. A study which aimed to quantify the smallest detectable difference (Washabaugh,
2017) does not make comparisons using the entirety of all gait cycles. Therefore, the goal of
this study was to evaluate the accuracy, repeatability and sensitivity of the Xsens MVN
BIOMECH system relative to optical motion capture.
Methods
Ten young injury-free individuals volunteered to participate (age mean and standard
deviation, number of males and females). Participants attended two testing sessions on
different days. This study was approved by The University Institutional Review Board and all
participants provided written informed consent. Gait trials were performed on a split belt
treadmill (BERTEC, USA). Participants were surrounded by 13 PhaseSpace IMPROV
motion capture cameras (Phasespace, USA). The subject was outfitted with straps on which
the IMU sensors were placed according the recommendations of the manufacturer. The
subjects wore shorts and care was taken to avoid any potential occlusion due to clothing. All
straps were attached directly onto the skin. The OMC markers were spread out over each
segment. Four OMC markers were placed on each segment. This contrasts with (Zhang,
Novak, Brouwer, & Li, 2013) where the markers are rigidly attached to the IMU sensor
which can help reduce the measured difference because of distinct skin motion artifacts. The
markers were not placed on the IMU sensor itself because we aim to compare the joint angle
measured by the OMC system with the joint angle measured by the IMU system and not just
measure the accuracy of the IMU orientation measurement. This approach has been
previously adopted by Seel (Seel, 2014) and Takeda (Takeda, 2009).
2

Gait trials were performed for evaluation on three different parameters- accuracy,
repeatability and sensitivity. For accuracy, subjects walked on a split belt treadmill at 1 m/s
and 0.5 m/s for three minutes each. The sensitivity trials involved walking at asymmetric
conditions where the left side was kept constant at 1m/s and the right side was operated at
0.95 m/s, 0.9 m/s, 0.85 m/s and 0.8 m/s. Each sensitivity condition lasted three minutes and
the order of speed was randomized for subjects. A repeatability trial was conducted on a
different day with the same motion capture setup at 1m/s and 0.5 m/s. The two motors of the
split belt treadmill were in the front and subjects walk in the middle of the treadmill. The
IMU based motion capture system was recalibrated for each trial for consistent results to
avoid possible inconsistent time dependent drift across trials. Subjects walked in the middle
of the treadmill. The calibration was completed in the middle in a good (green) zone as
considered by the Xsens software interface. All motion capture setups were completed by a
single individual. Nine subjects completed all conditions. 1 subject completed the accuracy
and sensitivity conditions but not the repeatability condition.
Cubic Spline Interpolation (1D Plate Method) was used to interpolate over missing data
frames for the OMC data. The position marker data was used to generate quaternions based
on the rotation at the ith frame from the initial frame using Horns quaternion matrix method
(Horn, 1987). The quaternions were generated for each segment on which an IMU was placed
i.e. Pelvis, Left Hip, Left Shank, Left Foot Etc. The joint angles in quaternion space were
calculated by multiplication of the quaternions and the conjugate of the quaternion
corresponding to the two segments involved. The joint angles in quaternion space were
converted to Euler angles using the ZXY sequence. These angles were then filtered using a
4th order Butterworth low pass filter with a cut-off frequency of 10 Hz. Finally the data were
resampled to 60 Hz. The delay between the resampled OMC data and the IMU data was
found based on the maximum cross-correlation. Approximately 180 seconds of steady state
gait data was selected and was used to generate the single gait cycles. The mean single gait
cycle of the OMC and IMU data is used for further statistical analysis.
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Figure (1.1): Marker and Inertial Sensor Setup
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Accuracy
Background
A comparison of the ability of IMU based mo-cap systems in measuring joint angles has been
previously made (Cloete T. &., 2008) (Zhang J.T., 2013) (Seel, 2014). Cloete studied the
performance of an Xsens system (MOVEN) for overground walking (Cloete T. &., 2008).
Significant errors (>9 degrees) were reported (table 2.1) and technological developments may
have substantially improved the performance of IMU based systems. Zhang studied the
performance for over ground walking and reported values lower (1.8-4.8 degrees) than
Cloete. However, the OMC marker clusters were secured on top of the Xsens inertial sensor
which may have resulted in improved accuracy values due to the elimination of skin artifacts.
Additionally, large errors were reported for hip abduction/adduction (4.83±3.16 degrees) and
the source of these errors was not clear. Seel reported the accuracy of IMU based systems for
knee flexion extension and ankle dorsi-plantarflexion for a transfemoral amputee for over
ground walking at a self-selected speed (Seel, 2014). Errors of 3 degrees were reported at
knee flexion/extension on the human leg and less than 1 degree on the prosthetic leg. For
ankle dorsi/plantarflexion both errors were about 1 degree.
The performance of IMU mo-cap systems on treadmills is unknown. They may be different
from those reported for over ground walking since the magnetic field will likely be distorted
by the metallic components of the treadmill and the field generated by the treadmill motors.
IMUs placed closer to the treadmill may be affected more strongly than the IMUs placed on
the pelvis. Gravimetric inclinometers can be slow and sensitive to transverse accelerations
(Foxlin, 1996). On the treadmill, the foot is subjected to a large lateral movement during the
stance phase and this may result in differences from over ground walking. Previous studies
involved participants walking at self-selected speeds which were variable across participants.
Thus, in addition to the effect of treadmill-based walking on IMU mo-cap systems, the effect
of walking speed on the performance of IMUs is unknown. Given that many biomechanical
analyses rely on treadmills, validating IMUs in this environment is a critical step towards
further experimentation.
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Table(2.1): RMS Errors of IMU Mo-cap System as reported by Cloete (Cloete T. &., 2008)

Table(2.2): RMS Errors of IMU Mo-cap System for level walking as reported by Zhang
(Zhang J.T., 2013)

Figure(2.1): Hip abduction/adduction gait cycle as reported by Zhang (Zhang J.T., 2013)
Solid Line represent Optotrak(OMC) and dotted lines are Xsens(IMU)
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Methods:
Ten subjects were setup with both the Xsens and PhaseSpace motion capture. The Xsens mocap system was calibrated using N-pose(fig 1.1). The N-pose is a static calibration method
where the subject is upright with both feet parallel. Both motion capture systems were
calibrated with the same reference position. Subjects walked on a split belt treadmill at 1m/s
and 0.5 m/s for 3 minutes each. The mean single gait cycle was compared for the two
different motion capture systems. RMSE error was calculated for each joint angle. Joint angle
curves for a representative subject are presented below.
Results:

Figure(2.2): RMS errors for 1 m/s, Mean and Std. Dev.

Figure(2.3): RMS errors for 0.5 m/s, Mean and Std. Dev.
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Figure(2.4) Joint Angle Curves IMU vs OMC at 1m/s
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Figure(2.5) Joint Angle Curves IMU vs OMC at 0.5 m/s
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Discussion:
In this experiment, we evaluated the accuracy of the Xsens system compared to OMC. We
found that the accuracy was reasonably high and no larger than four degrees. This compares
favorably with previous work evaluating the accuracy of the system.
The Xsens motion capture system had the least accuracy for Ankle dorsi/plantarflexion
motion. This is could be because it is closer to the treadmill and is thus most affected by the
magnetic disturbance and because of the large lateral movement during stance which can
affect the accelerometer (Foxlin, 1996). This is further supported by the differences in
measurement for over ground walking by Zhang (Zhang J.T., 2013). Knee flexion/extension
was the most accurate when expressed as a percentage of its range of motion. RMS errors for
Hip abduction/adduction were significantly lower than those reported by Zhang (1.82 deg vs
4.83 deg). However, RMS errors for Knee flexion/extension were higher than those reported
by Zhang (2.94 deg vs 1.87 deg). Unfortunately we cannot draw much of a conclusion from
this comparison because the OMC markers were fixed to the IMUs.
The previous study by Cloete et al., on the other hand, did place the OMC markers directly on
the skin and do form a valid comparison. All errors were lower than those reported by Cloete
(Cloete T. &., 2008). Errors were lower for 0.5 m/s than for 1m/s. The biggest difference is
for Ankle dorsi/plantarflexion which may indicate that the lateral movement during stance is
a contributor to the RMS error. The reduced error is most likely attributable to improvements
made in a later model system. Overall the error of each joint was greater than the
manufacturer’s estimation (1 deg), but less than previous studies, resulting in a system that is
mostly highly accurate, with modest accuracy at the ankles.
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Repeatability
Background
Repeatability of the measuring equipment is a prime concern in the observation of gait. When
comparing gait before and after an intervention, it is important to know (quantitatively) the
repeatability to distinguish real changes in gait from changes arising from the equipment.
Mills (Mills, 2007) reported the intra-trial, intra-day/inter-tester and inter-day/intra-tester
repeatability of kinematic gait data for an electromagnetic tracking system during treadmill
locomotion. Subjects walked on the treadmill at a self-selected speed for 20 minutes but the
sampled time duration was 30s and 10 strides were used for analysis, resulting in a data-poor
comparison.
Washabaugh (Washabaugh, 2017) measured the repeatability of IMUs in the measurement of
spatiotemporal metrics when IMUs were placed on the foot and ankle. Both over ground and
treadmill conditions were monitored but joint angles were not compared. They found IMU
systems to be accurate and repeatable for measuring spatiotemporal gait parameters. (LCC
0.77-0.99). They found the minimally detectable change in gait speed to be 0.09m/s with at a
95% confidence level.
Cloete studied the within-day and between test-day repeatability of an IMU based motion
capture system for over ground walking (Cloete T. &., Repeatability of an off-the-shelf, full
body inertial motion capture system during clinical gait analysis, 2010). In this study, nine
trial strides (three strides on three days) were used to report the CMC values [0.872-0.995].
Typically, these studies use the approach proposed by Kadaba (Kadaba, 1989) to measure the
repeatability of kinematic data using CMC (coefficient of multiple correlation) values. CMC
is the positive square root of CMD (coefficient of multiple determination).
The coefficient of multiple determination for evaluating the repeatability of waveforms
between test days is given by
∰
∰

2

= 1 − (∑ ∑ ∑(≅ − ̅≅ )

2̅

/( − 1))/(∑ ∑ ∑(≅ − )2 − 1))

=1 =1 ≅=1

=1 =1 ≅=1

Where,
=
=
= ∿∿
1
̅≅ = ∗ (∑ ∑ ≅ )
=1 =1
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=∿

= ∿
When the waveforms are similar, the ratio in equation for Ra2 tends to 0 and Ra2 tends to 1.
When the waveforms are very dissimilar, both the numerator and denominator approximately
represent the estimate of the same variance and the ratio tends to 1 and Ra2 tends to zero.
The measurements of an IMU based motion capture system may be affected by the magnetic
field environment in which they operate. The results from treadmill based walking may be
affected by the magnetic field generated by the treadmill motor as well as any metallic parts.
Additionally, recorded data from the work in this thesis (Figure (3.1), Figure (3.2)) suggests
that CMC values are dependent on the number of strides used to measure repeatability. Using
a lower number of strides can result in higher CMC values.

Figure(3.1): CMC vs Strides, Right Knee at 1m/s vs itself.
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Figure(3.2): CMC vs Strides, Inter-day repeatability of Right Knee at 1 m/s
Methods:
In this study, 9 subjects completed trials on two different days. Repeatability was evaluated at
0.5m/s and 1m/s. Subjects walked for three minutes at each condition and the entire steady
state data was used to evaluate repeatability. The motion capture setup was completed by the
same person on both days for all subjects.
The IMU based motion capture system was calibrated using N-pose. The subject completed a
trial at 1m/s, the treadmill was stopped, the IMU based motion capture system was
recalibrated and the subject completes a trial at 0.5 m/s.
CMC was calculated for each condition since the repeatability of the joint angles can provide
is a holistic view for the repeatability of the joint angles. Joint angles for repeatability at 1m/s
and 0.5 m/s for an example subject are also given for visual illustration of gait cycle
repeatability.
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Results
IMU

CMC (Mean ± Std. Deviation)

Hip flexion/extension

0.97±0.01

Hip abduction/adduction

0.92±0.05

Hip internal/external rotation

0.76±0.09

Knee flexion/extension

0.98±0.01

Ankle dorsi/plantarflexion

0.95±0.03

OMC

CMC (Mean ± Std. Deviation)

Hip flexion/extension

0.89±0.2

Hip abduction/adduction

0.87±0.08

Hip internal/external rotation

0.60±0.1

Knee flexion/extension

0.92±0.07

Ankle dorsi/plantarflexion

0.82±0.1

Table(3.1) : CMC values for repeatability at 1m/s
IMU

CMC (Mean ± Std. Deviation)

Hip flexion/extension

0.97±0.01

Hip abduction/adduction

0.90±0.05

Hip internal/external rotation

0.75±0.1

Knee flexion/extension

0.96±0.02

Ankle dorsi/plantarflexion

0.89±0.06

OMC

CMC (Mean ± Std. Deviation)

Hip flexion/extension

0.91±2

Hip abduction/adduction

0.88±0.1

Hip internal/external rotation

0.65±0.2

Knee flexion/extension

0.97±0.01

Ankle dorsi/plantarflexion

0.87±0.08

Table(3.2) : CMC values for repeatability at 0.5 m/s
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Discussion
In this work, we evaluated the repeatability of lower limb kinematic trajectories of both IMU
and OMC markers over a two-day period. Instead of examining features of joint motions,
such as range of motion, we examined the entire gait cycle as a waveform. We found that
IMUs exhibited higher levels of repeatability than OMC, although this is likely due to
reduced accuracy. Most joint angles had a correlation of approximately 0.9 or higher, with
hip internal-external rotation substantially lower at 0.75. We conclude that the IMU system is
sufficiently repeatable for use in gait.
The values follow a similar trend to those reported by Cloete (Cloete T. S., 2010) but are
lower. This may be because a larger number of cycles are used to estimate the CMC (100+ vs
9) which leads to increased variability. The repeatability at 0.5 m/s is lower than that for
1m/s. This is probably because of reduced range of motion for the same static calibration
error. It is possible that calibration variability is higher for the lower joints than at the lower
joints for N-pose. This error may be larger than the over ground error since the magnetic field
is disturbed by the treadmill.
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Figure(3.3) Repeatability of IMU Joint angles at 1m/s
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Figure(3.4) Repeatability of IMU Joint angles at 0.5 m/s
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Sensitivity of IMU based Motion Capture System
Background:
Motion Capture Systems are used to record gait data over different sessions. It is desirable to
use this gait data to monitor the results of an intervention. MDC (minimally detectable
change) has been used in the past to describe the minimum amount of change that must take
place before the difference can be considered to be real and not arising from measurement
error. Washabaugh (Washabaugh, 2017) calculated the MDC for different spatiotemporal
parameters using IMU sensors. The MDC for gait speed was found to be 0.09 m/s at a 95%
confidence level. These methods are typically based on a data snipping approach where the
entire gait cycle is described with one variable of interest. The statistics is then performed on
this single variable. This methodology does not utilize all the information regarding the gait.
While multiple spatiotemporal variables may be analyzed, an approach to effectively
combine them to yield the highest sensitivity is lacking.
The following section describes an experiment which aims to quantify the smallest difference
which can be accurately determined in gait for healthy subjects on a treadmill. We use the
single gait cycle for each joint as a descriptor of the overall information. Statistics are
performed by treating the entire gait cycle as a coherent entity to test the power of IMU based
systems to effectively distinguish between gaits.
Method:
10 volunteers were outfitted with the IMU based motion capture system and the OMC
markers as described in Figure(1.1). They walked on a BERTEC split belt treadmill. The left
side of the treadmill was kept at a constant 1.0 m/s. The right side of the treadmill was
operated at 0.95 m/s, 0.9 m/s ,0.85 m/s and 0.8 m/s for three minutes each. The IMU mo-cap
system was re-calibrated between each session. The subjects had already completed two three
minute walking trials on the split belt treadmill before any of the sensitivity conditions were
tested. Zeni (Zeni, 2010) found that sagittal plane kinematics stabilized after 5 min of
familiarization time.
In this experiment, the change in treadmill speed was used to induce small changes in gait.
Gait speed is useful as a global characteristic of performance (Lord, 2013). Gait data is often
reported in single gait cycles. We wished to differentiate between different gait cycles at
different speeds. We can compare them either in the time domain or in the frequency domain.
In the time domain, we could compare attributes like range of motion. In the frequency
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domain, Shumway (Shumway, 1998) proposed comparison at each frequency using t-tests
and attempting to find frequencies with significant differences. These approaches do not
combine all the overall available information.
Fan and Lin (Fan J, 1998) proposed a general method to detect statistically significant
differences between two sets of curves. In this method, the discrete Fourier transform of each
curve is obtained and then the mean curves for the different groups are compared. If known
to be important, only the low frequencies may be compared to improve the power of the test.
To compare multiple families of curves, High Dimensional Analysis of Variance(HANOVA)
is applied. If a difference is detected, pairwise adaptive Neyman tests can be applied to
determine differences between each set of curves. The procedure is outlined below.
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HANOVA:
∗

∶∱
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∗
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∶

Xij* (k) is arranged as 0th Fourier Coefficient, Real part of 1st Fourier frequency, Imaginary
part of 1st Fourier Frequency..
1
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∗
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1

(2 ∗ (∦ − 1) ∗ ) 2
̅∗
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̂ − {2

∗

=1 =1
∗

−2

∗

()/ ∑=1 ∗ ⇼̂ ()

∗

−2

+ 0.5 ∗ ∗ − 0.5 log(4 ∗ ∿)} We compare THANOVA with a table provided by Fan and

Lin with = ∗ to generate p values. The distribution of Jn which is used to generate the p
values is displayed in Figure(4.1).

Figure(4.1) :Distribution of Jn used to calculate p values, Values from Fan (Fan J, 1998)
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Adaptive Neyman Test
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We calculate and compare it with the distribution for Jn and obtain p values.
This approach was employed by Chau (Chau T, 2005) in an attempt to differentiate between
ankle angle curves from an above knee amputee using a prosthetic knee without and with a
swing phase control mechanism , Figure(4.2).

Figure(4.2): Adaptive Neyman Test on ankle angle curves (Chau T, 2005)
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Differentiate between population:
The High Dimensional Analysis of Variance was applied in an attempt to differentiate
between a group of people walking at 1m/s, 0.95 m/s, 0.9 m/s, 0.85 m/s and 0.8m/s. The set
of curves is created by combining the mean gait cycle at each speed. The gait cycle goes from
0-100 and its fourier representation contains 101 fourier coefficients.
The HANOVA method was applied using all 101 fourier coefficients.

Figure(4.3): Fourier Coefficients for Right Knee at different speeds
The Thanova statistic comes out to be -0.3718 which indicates that there is no statistically
significant difference for the Right Knee. It is possible to improve the power of the test by
reducing the number of dimensions to be compared. Figure(4.3) suggests that the first 10
Fourier coefficients are dominant in magnitude. When T* is reduced to 20, Thanova is 0.4086. While this is an improvement, these groups do not have a statistically significant
difference based on their mean single gait cycles.
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Differentiate between speeds for an individual:
The subjects walked at 4 different speed for three minutes at each speed. In clinical practice,
it is desirable to monitor the results of an intervention for the same subject. This section
describes the results from the use of HANOVA to distinguish between each of the conditions
for the same subject.
Sets of curves are obtained by combining the gait cycles over the duration of trial at each
speed. Since consecutive gait cycles may not be statistically independent, a single unit gait
cycle is obtained by finding the mean gait cycle of five consecutive gait cycles. For example,
128 gait cycles may be obtained for the duration of the trial. The first 125 cycles are divided
into units of 5. Thus 25 independent mean gait cycles are obtained for the duration of this
trial. This process is repeated for the same subject at different speed conditions. Thus
multiple sets of curves are obtained for a single subject. We then attempt to distinguish
between the grand mean of the gait cycles at different conditions. Figure(4.5) illustrates the
grand mean at different speeds for a single representative subject.

34

35

Figure(4.4) Mean Single Gait Cycle Plots at different speeds for a single subject
The Adaptive Neyman Test is performed for each joint angle pairwise between 1m/s and 0.95
m/s , 1m/s and 0.9 m/s , 1m/s and 0.85 m/s, 1m/s and 0.8 m/s respectively. Results from the
Adaptive Neyman tests for 1m/s and 0.95 m/s for a representative subject are provided for
illustration. We compute the results by using all of the Fourier coefficients i.e. T*=101.
While performing this comparison we note that the IMUs are re-calibrated before every set.
This can introduce a static calibration difference between each trial. This would present itself
in the form of an offset between the two trials. This could artifically inflate the difference of
the means. In order to compensate for this, we shift the gait cycles such that initial timepoint
for the grand mean gait cycle is 0 for each set.
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In doing so we may be overcompensating the correction for gait cycles which are very
different such as 1m/s and 0.8 m/s (Ankle dorsi/plantarflexion). We thus understimate the
difference of the means. This results in a conservative estimate of the sensitivity.

Figure(4.5a): Shift of gait cycles for re-calibration compensation. 1m/s vs 0.95 m/s

Figure(4.5b): Shift of gait cycles for re-calibration compensation. 1m/s vs 0.8 m/s
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Figure(4.6). HANOVA results for Knee flexion/extension
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Results:
Calibration Offset Uncorrected:
Joint Angle

THANOVA

P Value

Ankle dorsi/plantarflexion

17.40

<10^-5

Knee flexion/extension

21.08

<10^-5

Hip flexion/extension

9.25

0.0023

Hip abduction/adduction

118.18

<10^-5

Hip internal/external rotation

121.51

<10^-5

Table(4.1): HANOVA results for various joint angles, bias uncorrected, representative case
HANOVA for single subject, 1m/s , 0.95 m/s, 0.9 m/s, 0.85 m/s, 0.8 m/s
Calibration Offset corrected:
Joint Angle

THANOVA

P Value

Ankle dorsi/plantarflexion

96.81

<10^-5

Knee flexion/extension

13.83

2.91*10^-4

Hip flexion/extension

13.81

3.0*10^-4

Hip abduction/adduction

48.37

<10^-5

Hip internal/external rotation

-0.19

>0.5

Table(4.2): HANOVA results for various joint angles, bias corrected, representative case
HANOVA for single subject, 1m/s, 0.95 m/s, 0.9 m/s, 0.85 m/s, 0.8 m/s
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Pairwise comparisons
The adaptive Neyman test is now applied between 1m/s and each of the trial conditions. The
null hypothesis is that the mean of the curves is the same. The alternative hypothesis is that
they are different. Results for comparison between 1m/s and 0.95 m/s are given for
illustration.

Figure(4.7): Adaptive Neyman Test for Right Ankle dorsi/plantarflexion 1m/s vs 0.95 m/s

Figure(4.8): Adaptive Neyman Test for Right Knee flexion/extension 1m/s vs 0.95 m/s
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Figure(4.9): Adaptive Neyman Test for Right Hip flexion/extension 1m/s vs 0.95 m/s

Figure(4.10): Adaptive Neyman Test for Right Hip abduction/adduction 1m/s vs 0.95 m/s
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Figure(4.11): Adaptive Neyman Test for Right Hip internal/external rotation 1m/s vs 0.95
m/s
Joint Angle

P Value

Ankle dorsi/plantarflexion

4.4*10^-4

Knee flexion/extension

0.0787

Hip flexion/extension

0.2425

Hip abduction/adduction

8.4*10^-4

Hip internal/external Rotation

>0.5

Table(4.3): Adaptive Neyman test results, P values for example case with ∗ = 101
Subject
Joint Angle

1

2

3

4

5

6

7

8

9

Ankle DP

S

S

S

S

S

S

S

S

S

Knee FE

NS

S

S

S

NS

NS

S

S

S

Hip FE

NS

S

S

S

S

S

S

S

NS

Hip AA

S

NS

S

NS

S

NS

NS

S

NS

Hip IE

NS

NS

S

NS

NS

S

S

S

NS

Table(4.4): Adaptive Neyman Test Results 1m/s vs 0.95m/s
S: Significant Difference a <0.0025, NS : No Significant Difference, a >0.0025
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Subject
Joint Angle

1

2

3

4

5

6

7

8

9

10

Ankle DP

S

S

S

S

S

NS

S

S

S

S

Knee FE

S

NS

S

S

NS

S

NS

S

S

S

Hip FE

NS

S

S

S

S

S

S

S

S

NS

Hip AA

NS

S

S

S

S

S

NS

S

S

S

Hip IE

NS

NS

S

NS

NS

NS

NS

S

NS

S

Table(4.5): Adaptive Neyman Test Results 1m/s vs 0.9m/s
S: Significant Difference a <0.0025, NS : No Significant Difference, a >0.0025
Discussion
In this experiment we systematically varied the gait speed to obtain the minimum detectable
difference between joint kinematic waveforms. We found that at the lowest induced change in
gait speed, we were able to detect differences within subjects. It would appear that for most
cases, only recording ankle flexion would be sufficient to classify between conditions.
However, further study is needed to confirm the sensitivity of this method.
Correcting for joint angle offsets can result is significant changes as evidenced by the
different THANOVA values for corrected and uncorrected curves. Uncorrected curves for Hip
Int/Ext are very different as evidenced by the high THANOVA values. However, after correction
for calibration offset error, the curves are not differentiable. This indicates that the calibration
offset error dominates the differences. The difference is also lower for Knee flexion/extension
and Hip abduction/adduction. The gait cycles for Ankle dorsi/plantarflexion
and Hip flexion/extension show the opposite trend. It is likely that the offset error in this this
case acts such that it hides the differences between the curves. Insight into the joint angle
calibration errors can be obtained from the joint angle curves in the repeatability section. This
is particularly clear for Hip internal/external.
We see that Ankle dorsi/plantarflexion and Hip abduction/adduction are the joint angles
where the differences are likely to be stark. We can also note the contribution of the various
Fourier coefficients. We see that the first 20 coefficients are important for Knee
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flexion/extension and that the first 30 coefficients are important for Ankle
dorsi/plantarflexion, Hip abduction/adduction and Hip internal/external rotation.
When the gait speed is reduced by as little as 0.05 m/s (asymmetric), it is possible to
differentiate between the Ankle dorsi/plantarflexion gait cycles. For the example case, the
difference between Knee flexion/extension and Hip flexion/extension is not statistically
significant and we cannot reject the null hypothesis. However, this was not true for all
subjects. For the majority of subjects all sagittal plane curves showed significant differences.
A low alpha level is chosen to account for waveform distortion arising from recalibration
errors. More research through simulations could yield more insight on how this issue. One
subject was dropped for this comparison due to an error for that trial. It is thus possible to
distinguish between gait conditions that are very similar to each other using the IMU based
motion capture system. Comparison of waveforms in this manner could be used to detect
very small improvements across interventions.
Statistical power of the comparison is dependent on the number of Fourier coefficients being
compared. Fewer coefficients result in a higher power but may be insufficient to completely
describe the curve and gait features may be lost. Relative magnitudes of coefficients suggest
that at least first 30 coefficients are important for ankle dorsi/plantarflexion, hip
abduction/adduction and hip internal/external movements and first 20 coefficients may be
sufficient for knee flexion/extension and hip flexion/extension curves.
Standardized difference curves are valuable tools to visually observe the area in the gait cycle
where significant differences are detected in the time domain. They may provide clues in the
interpretation of results for experiments.
The results from sensitivity analysis do not follow the exact same pattern as accuracy. Ankle
dorsi/plantarflexion curve is least accurate but most sensitive. Sensitivity is most affected by
repeatability. If the gait cycle has a small variance and is repeatable across measurements
then it may be more sensitive depending on the nature of change induced. The change in this
case is linear speed and asymmetry. The ankle was thus the most sensitive to the change in
linear speed of the treadmill, changes in hip abduction/adduction may arise from asymmetric
walking. Since the sensitivity trials are randomized in order, we may see different patterns for
different subjects.
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Calibration error compensation:
The IMU system is recalibrated between trials. The difference betweeen two calibrations is
treated as an approximate joint angle offset. This was considered because between
calibrations, the IMU sensor setup is untouched and the calibration difference arises from the
variance in the subjects calibration pose and the limitaitons of the technology. The calibration
is different in 3 dimensions on more than one sensor. In reality, this difference can lead not
only to a joint angle offset but also to a waveform distortion. When monitoring patients , the
gait may be monitored across different days. Thus, the between day repeatability of static
calibration is of key concern.
Palermo (Palermo, 2014) studied the repeatability of a novel body-to-sensor calibration
procedure for inertial sensor based gait analysis. Accuracy and repeatability values less than 4
degrees were reported for each angle except ankle internal/external rotation. The adaptive
Neyman test is quite sensitive to differences in gait when the number of strides is large. A
mean difference of 3 degrees can lead to a high TAN (smaller p value). Palermo reported that
unrepeatability was dominated by the offset errors. Separation of calibration errors into offset
and waveform distortion errors can thus provide insight into the compensations that need to
be made in order to account for calibration errors. A higher waveform distortion could entail
more stringent significance levels but joint offset errors for similar curves could be
compensated with an approximate correction technique as outlined above. More research and
documentation on the repeatability of different calibration procedures is recommended. This
also highlights the importance of research for post-trial corrections to improve repeatability.
Research in clincial conditions on subjects that may not be healthy should highlight
challenges in ensuring repeatbility and efficacy of any methods undertaken to improve
repeatability of measurements. This may provide valuable insight into researchers working on
different domains (functional calibration,post-trial correction etc) into the most pressing
challenges in individual specific gait observation.
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Future Work
The accuracy of the IMU based motion capture system is currently acceptable. The
repeatability according to conventional expectations is sufficient. However, future research
needs to push the envelope in terms of repeatability, specifically the calibration repeatability.
A few simple experiments are suggested. Put two motion capture systems on the same
person. Calibrate both with the same reference position or functional calibration approach.
Record gait data on a treadmill at a specific speed. Then recalibrate the IMU based motion
capture systems. Record more data. Find the range of joint angle offset errors in repeatability.
Quantify the waveform distortion in degrees. Then take off the IMU sensors and the IMU
setup, put it back on and determine the repeatability when sensor position has changed
between trials. Find the range of calibration errors for this experiment. Thirdly, do the same
with a different tester, find the errors when different people complete the setup.
This data can then be used to simulate p values obtained due to calibration errors. These p
values will form the basis of significance levels needed when using the HANOVA and
adaptive Neyman test.
Suppose an experiment is being performed to test the efficacy of an intervention. If the initial
mean and variance curves for gait data is known, and the calibration errors are known, then is
it possible to obtain rough estimates of the number of strides required to estimate a new mean
curve (which can be assumed to have approximately the same variance as the initial curve)?
It is likely possible to improve the repeatability of existing calibration techniques using
simple approaches. Simple templates which constrain the position of feet may improve the
repeatability significantly. Effectiveness of such simple methods needs to be quantified and
documented.
There are many new promising approaches to calibration. Their repeatability when performed
by actual patients may not be same as healthy subjects. More insight on this subject is
essential.
Benefits:
Accurately tell when gaits are different:Once the repeatability and significance levels are
established it is possible to determine the effects of an interventions for very small changes in
gait. This may be key in acute stage where initial gains are important.
Accurately tell when gaits are similar:Detect fatigue: If the gait of a person is known(with
small variance) when he/she is fatigued and it is desirable to detect fatigue during work etc.
One can compare the gait with a fatigue reference. When a significant difference is not
detected, the person may be fatigued and can make a mistake during work etc.
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