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Abstract— Analysis of biomechanics is frequently used in both
clinical and sporting practice in order to assess human motion
and their performance of defined tasks. Whilst camera-based
motion capture systems have long been regarded as the ‘Goldstandard’ for quantitative movement-based analysis, their
application is not without limitations as regards potential
sources of variability in measurements, high cost, and
practicality of use for larger patient/subject groups. Another
more practical approach, which presents itself as a viable
solution to biomechanical motion capture and monitoring in
sporting and patient groups, is through the use of small-size lowcost wearable Micro-ElectroMechanical Systems (MEMs)based inertial sensors. The clinical aim of the present work is to
evaluate rehabilitation progress following knee injuries,
identifying a number of metrics measured via a wireless inertial
sensing system. Several metrics in the time-domain have been
considered to be reliable for measuring and quantifying patient
progress across multiple exercises in different activities. This
system was developed at the Tyndall National Institute and is
able to provide a complete and accurate biomechanics
assessment without the constraints of a motion capture
laboratory. The results show that inertial sensors can be used
for a quantitative assessment of knee joint mobility, providing
valuable information to clinical experts as regards the trend of
patient progress over the course of rehabilitation.
Keywords- Inertial Sensors; Wearable Microsystems; Signal
Processing; Data Analytics; Lower-Limb Rehabilitation; Motor
Performance.

I.

INTRODUCTION

This paper is an extended presentation of [1], a study on
the qualitative assessment of progress during rehabilitation via
wearable inertial sensors, first published at Global Health
2016.
Biomechanics is the science related to the study of the
internal and external forces acting on the human body and the
effects produced by them [2]. In particular, one aspect of
biomechanics analysis is the study of human locomotion and
of the forces causing movement and human kinetics.
This analysis is frequently used in both clinical and
sporting practice by clinicians and can play a crucial role in
athletes’ performance enhancement, injury prevention, and
effective rehabilitation. More specifically, in the latter case, it
is essential to track patient progress, and consequently to tailor

patients-oriented rehabilitation programs, through the
accurate assessment of human motion during the performance
of clinically defined tasks.
A common example of the technology regarded as being
the ‘Gold-standard’ of quantitative movement analysis is
shown by camera-based motion analysis systems (such as the
ones provided by Vicon [3], Optitrack [4], or Codamotion [5])
which, during formal gait analysis by rehabilitation
professionals, can help to ascertain measurements of
Temporal (Time) and Spatial (Distance) characteristics
associated with gait parameters. This enables clinicians to
identify gait deviations in paediatric and amputee populations,
in screening elderly people at risk of falling, to objectively
monitor a patient’s progress, and to help determine the
efficacy of surgical and therapy interventions [6-9].
While camera-based motion capture systems achieve very
high performance, their application is not without limitations
as regards potential sources of variability in measurements,
relatively high costs of instrumentation including access to
specialist motion labs, as well as practicality of application
for larger patient/subject groups, as discussed by Chau et al.
in [10]. Similar drawbacks have been demonstrated for other
accurate, clinical grade, gold-standard measurement systems,
such as marker less video [11], instrumented treadmills [12],
walkway contact mats [13], or force platforms [14].
From a clinical perspective, observational forms of
clinical gait analysis frequently forms the corner stone of
patient knee joint assessment, and is typically used in parallel
with manual clinical assessment techniques. These include
stress-testing evaluation of joint laxity, range of movement
(ROM), and manual and/or isokinetic strength assessment, as
well as contextual subjective patient questionnaires, such as
Knee Injury and Osteoarthritis Outcome Score (KOOS),
Oxford Knee Score (OKS), Tegner Lysholm Knee Scoring
Scale, International Knee Documentation Committee
(IKDC), and Western Ontario & McMaster Universities
Osteoarthritis Index (WOMAC) [15][16], which employ a
high degree of patient involvement.
However, the use of observational gait analysis (nonempirical assessments), even when utilised by experienced
clinicians, may not be adequate or sensitive enough to detect
subtle clinical pathological changes in movement following
knee surgery [8] [9].
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An alternative approach, which has been explored as a
more practical and viable solution to biomechanical motion
capture and monitoring in sporting and patient groups,
involves the use of small-size low-cost wearable inertial
sensors [17].
There has been a wide variety of work presented in
literature on inertial sensors applied to biomechanics. These
have been typically adopted for monitoring the lower-limbs
during rehabilitation or tele-rehabilitation and used to
objectively assess the performance of impaired subjects
throughout the process, in particular following knee injuries.
However, most of those investigations were focused on a
one-time assessment rather than a longitudinal evaluation
over several weeks looking at change in gait over longer
periods.
The aim of the present work is to evaluate motor
performance during lower-limb rehabilitation targeting
activities normally assigned by clinicians for at-home
rehabilitation. The work also addresses the assessment of the
performance of body-worn kinematic sensors in a
rehabilitative context, given their well-known potential in
accurately extracting parameters that inform qualitatively and
quantitatively movement parameters.
Informed by clinical partners involved in the
development and validation of the system, the study
investigates and derives a number of features and metrics,
related to gait and kinematic characteristics and statistical
analysis. These data sets will be analysed to establish which
of them are the most sensitive and helpful to determine
changes in motor capacity over a longitudinal study of nine
months. The data sets acquired will help develop, in future
works, better models for objectively estimating the
conditions and the motor performance of adults involved in
lower-limb at-home rehabilitation following knee injuries.
The derived outcome of this model will be analyzed by
clinicians and sport scientists to gain a comprehensive picture
of patients’ condition and provide more targeted medical
feedback.
The analysis is carried out by using a wearable inertial
sensing system developed at the Tyndall National Institute,
consisting of two sensors per limb, which is able to provide a
complete biomechanics assessment for a series of scripted
activities, based on best clinical practice.
The present work is organized as follows. Relevant recent
works are discussed in Section II while the description of the
hardware and of the test protocol used during the data
collection are described in Section III. The methodology
behind the feature selection is illustrated in Section IV. The
obtained results are shown in Section V and exhaustively
analyzed and discussed. Finally, conclusions are drawn in the
last section.
II.

RELATED WORKS

Inertial sensors are generally used in devices to measure
velocity, orientation, and gravitational force, and are used in

a great number of applications. These include industry quality
control, robotics, navigation systems, sports, augmented
reality systems, and so on [18-21]. Biomechanics, in
particular, has achieved significant progress from the
adoption of this technology [22].
More specifically, with regards to gait analysis,
accelerometers and gyroscopes have been used worn on the
lower-limbs to obtain gait parameters [23-26], which can be
derived by the integration of linear acceleration or angular
velocity, after the correct identification of the beginning and
the end of each gait cycle. Interesting innovations have been
proposed in [27] by L. Atallah et al. in the development of
an ear-worn sensor for gait monitoring, or by S. Kobashi et
al. [28] who included magnetic sensors in combination with
inertial sensing to estimate knee joint angle in three
dimensions.
This technology has not only been taken into account for
healthy subjects. Such systems have also been used for the
detection of pathologic conditions, discriminating clinical
indications between symptomatic and asymptomatic subjects
in a number of diseases. Conditions which have been
investigated in this way include cerebral palsy [29],
hemiplegia [30-31], Parkinson’s [32], dementia [33], old age
[34], and Anterior Cruciate Ligament (ACL) injury [35].
In recent years, researchers have increasingly been
investigating the use of inertial sensors in gait rehabilitation.
Most of the studies in this area focused on the implementation
of a lower-limb monitoring system for remote rehabilitation
or tele-rehabilitation [36-38], or in the performance
assessment of specific rehabilitation exercises [39-46]. In the
latter case, machine learning techniques are adopted to
discriminate between the correct and incorrect execution of
recommended exercises. The most advanced techniques can
also highlight if multiple incorrect postures are present while
performing the test. Typically, a number of body-worn
sensors are used for the classification. However, there is a
significant body of research in the investigation of the
efficacy of the adoption of only one sensor [47-50]. This can
be obtained also through the adoption of specific
biomechanical models related to particular exercises.
Immersive virtual reality, computer games, or
visualization tools are recently being developed in order to
enhance patients’ adherence to the rehabilitation program and
enhance motivation [51-53]. The accuracy and reliability of
those inertial sensors and biofeedback-based rehabilitation
systems have been shown in [54-55].
To date, however, few studies considered the quantitative
assessment of patients’ lower-limb performance via bodyworn sensors during the complete rehabilitation process. This
task is particularly challenging as it consists of isolating the
gradual changes in movements due to recovery and
improvement despite the presence of a multitude of sources
of variability. The temporal and spatial sources of intra- and
inter-variability (e.g., dissimilarities in repetitions of an
exercise when performed by one subject, and dissimilarities
between different subjects, respectively) are already evident
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in healthy subjects, given the different characteristics of
gender, age, height, and weight, etc…, and are even more
significant in patients following rehabilitation, due to
different levels of pain, fatigue, and possible compensations.
For instance, Lin et al. [56] estimated the joint angles with
a novel extended Kalman filter on 14 exercises performed by
a cohort of elderly patients monitored from the first day of
admission until discharge, with the average patient’s
treatment lasting 5.7 days.
Similarly, Field et al. [57] investigated the gradual
changes of motion with new proposed metrics, by monitoring
the symmetry between the left and right sides of the body for
14 subjects over repeated rehabilitation exercises in a period
of 12 weeks. However, despite the completeness of the
method, the study required the patient to wear a motion
capture suit consisting of 17 sensors, which is cumbersome
and not feasible for at-home rehabilitation.
Finally, in [58], a novel machine learning technique has
been proposed that estimates the continuous measurement of
patient improvement which is capable of handling a variety
of rehabilitative exercises. The approach was tested by
adopting two wearables sensors on thigh and shank on
clinical data collected on 18 elderly patients involved in
rehabilitation following hip and knee replacements for a
range of 4-12 days.
However, the main limitations of those studies are related
to the short period for data collection which explores only the
initial part of the rehabilitative process without considering
the long-term effects or the pre-surgery conditions. Another
limitation is the need of a large and specific initial dataset on
which the machine learning method has to be trained. Finally,
the lack of definition of the variation of the selected features
throughout the analysis period and their impact on the final
outcome is a constraint in using this approach.
The present study, as an extended version of [1], will
analyze the data collected from a patient in pre/post-surgery
conditions for an overall period over nine months, with the
twofold aim of:
1. investigating, through body-worn inertial sensing,
the effects of rehabilitation over different periods,
also in the long-term, monitoring patient’s progress,
2. understanding which parameters, taken from a wide
range of features described in literature, and
informed by clinical inputs, can be the most
beneficial and sensitive for clinicians when
monitoring patients in the course of lower-limb
rehabilitation.
III.

HARDWARE AND PROTOCOL FOR DATA COLLECTION

The biomechanical monitoring system consists of two
Tyndall Wireless Inertial Measurement Units (WIMUs) [59]
per leg, each one with 3D accelerometer and gyroscope (@
250 Hz) and Bluetooth Low-Energy for wireless
communication (Figure 1). WIMUs have been attached to the
anterior tibia, 10 cm below the tibial tuberosity, and to the

lateral thigh, 15 cm above the tibial tuberosity using surgical
adhesive tape.

Figure 1. Tyndall Wireless Inertial Measurement Unit (WIMU)

The rehabilitation exercises (or scenarios) considered are
walking, half squat, hamstring curl, and flexion/extension –
defined by physiotherapists as good indicators of
rehabilitation progress. These are described as follows:


In the walking scenario, the subject walks on a treadmill,
which is operated at defined speeds (3-4-6 km/h) for
approximately one minute per test.



In the half squat scenario, the subject stands with the feet
shoulder’s distance apart and arms crossed on the chest.
Keeping the chest lifted, the hips are lowered about 10
inches, planting the weight in the heels. The body is then
brought back up to standing by pushing through the
heels.



In the hamstring curl scenario, the subject stands and
bends the knee raising the heel toward the ceiling as far
as possible without pain, relaxing the leg after each
repetition. This is repeated on both legs.



In the flexion/extension scenario, the subject lies supine
on the floor and bends the knee raising it toward the chest
as far as possible without pain, relaxing the leg after each
repetition. This is repeated on both legs.

The system has been tested with an impaired subject. The
impaired subject is a female athlete, age: 44, height: 161 cm,
and weight: 52 kg, with good general health status, with a
history of knee injuries and surgery (reconstructed anterior
cruciate ligament in the left leg following a sporting injury).
The tests were carried out during the course of the
rehabilitation program, e.g., starting 1 month before surgery
and finishing 7 months after surgery. Overall, the subject has
been evaluated through three periods: once in pre-surgery
conditions (e.g., 1 month before surgery), then 6 times in a
range of 20 weeks starting one month after surgery (namely
short-term post-surgery), and finally once 3 months after the
last data capture (e.g., during long-term post-surgery period).
A number of repetitions has been collected for each
scenario, so as to provide an accurate picture of the overall
conditions, and each scenario was evaluated during almost
every data capture. The hamstring curl scenario as well as the
walking test at 3 and 4 km/h was performed at every session.
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Similarly, the flexion/extension test was always recorded
except in the pre-surgery session due to subject’s impairment
of movement. For the same reason, half squat and walking at
6 km/h were not recorded in the first 2 sessions of the shortterm post-surgery period.
IV. FEATURES SELECTION
The metrics taken into account for the patient’s assessment
are divided into three main categories: statistical metrics, gait
characteristics, and time-domain kinematic measurements.
i.
Statistical Features
This category takes into account various well-known
statistical features extrapolated from the time-domain. Those
variables are applied on every segmented walking
stride/exercise repetition for both legs performed during the
sessions. The selected features are described below:
o Mean, standard deviation, variance, skew, kurtosis, root
mean square, signal magnitude area, energy (given by
the integration over the repetition of the squared absolute
signal) of the acceleration and angular velocity
magnitudes;
o Mean, minimum, maximum, median, standard deviation,
coefficient of variation (CV), peak-to-peak (PP)
amplitude, and root mean square of the x-, y-, and z-axis
of the acceleration and angular rate signals;
o Autocorrelation on the x-, y-, and z-axis of the
acceleration and angular rate signals measured taking
into account all the repetitions/strides in a session as a
whole and not separately.
All those features are calculated for each of the 4 sensors
used for data collection.
ii.
Gait Characteristics
Well-known gait measures [1] are calculated from the data
recorded by the inertial sensors attached on the shanks as
follows:
o Gait cycle time (GCT), which is the time-interval
between two consecutive toe-offs of the same leg;
o Stance phase, defined as the weight-bearing phase of the
GCT in which the body is supported, and is expressed by
the difference between a heel-strike and the following
toe-off of the same leg;
o Relative stance phase, the ratio between stance phase and
GCT;
o Swing phase, which is the non-weight bearing phase of
GCT, and is expressed by the difference between a heelstrike and the previous toe-off of the same leg;
o Relative swing phase, the ratio between the swing phase
and the GCT;

o
o

o
o

Double support, the time-interval when both feet are in
ground contact;
Stride length, indicated as the distance between two
successive placements of the same foot, computed as the
total trajectory on the sagittal plane made by the sensor
attached to the shank. The approach is based on a double
integration of inertial data collected in a stride. The
integration process is reset at the end of each stride;
Stride speed, computed by the ratio between stride length
and GCT;
Clearance, defined as the maximum height reached by
the sensor during the swing phase and obtained by the
vertical displacement calculated to establish the stride
length during the swing phase.

For each variable, also the related CV has been
extrapolated, and consequently, also the associated
symmetry, defined for each specific parameter as

(1)
where stride _ speed  is the average of the measured stride
speed for that specific session.
Moreover, the Balance Index (B.I.), as shown in [31],
expressed as the absolute ratio between the difference of the
left and right leg’s values of a specific gait parameter and
their sum, was obtained for all the variables.
This information is obtained for both legs for the walking
scenario only.
iii.
Kinematic Variables
Finally, the third category is related to kinematic metrics,
occasionally adopted for gait analysis, but that can provide
useful information on the movement analysis, and have been
proposed in recent works in literature. Those metrics are as
follows:
o Knee Range of Motion (ROM), defined as the peak-topeak amplitude of the knee joint angle during a
repetition;
o Regularity [60], e.g., the ratio between the unbiased
autocorrelation coefficient at the first dominant period
and the coefficient at the second dominant period, both
measured taking into account all the repetitions within
the same analyzed scenario;
o Range of Angular Velocity (RANG) [61-62]: the
difference between the minimum and the maximal value
of the angular velocity magnitude within each repetition;
o Jerk-based smoothness measures, where the jerk is the
rate of change of the acceleration in a repetition. Several
jerk-based metrics have been proposed, including
integrated squared jerk (ISJ), mean squared jerk (MSJ),
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o

o

o

o

o

cumulative square jerk (CSJ), root mean square jerk
(RMSJ), mean square jerk normalized by peak speed
(N_MSJ), integrated absolute jerk (IAJ), mean absolute
jerk normalized by peak speed (N_MAJ), and
dimensionless square jerk, whose mathematical
definitions are shown in [63];
Vertical acceleration [64], defined as the maximum
value over a repetition of the difference between the
acceleration magnitude (filtered with a 2nd order
Butterworth low-pass filter with cut-off frequency 3 Hz)
and the gravitational force;
Vertical velocity [64], defined as the integration over a
repetition of the difference between the acceleration
magnitude (filtered with a 2nd order Butterworth lowpass filter with cut-off frequency 3 Hz) and the
gravitational force;
Fluency [64], e.g., the integration over a repetition of the
absolute difference between the raw and the filtered x, y,
and z-axis acceleration signals. Again the filter used is a
2nd order Butterworth low-pass filter with cut-off
frequency 3 Hz;
Stability [65], defined as the dynamic time warping of
the x-, y-, and z-axis of the acceleration and angular rate
signals measured at two consecutive repetitions/strides,
then averaged based on all the repetitions present in a test
session;
Kinetic Value (KV) [66], defined as the squared integral
of the magnitude of the acceleration signal over a
repetition, multiplied by m/2, where m is the subject’s
body weight.

All those features in this class are calculated for each of
the 4 sensors used for data collection.
The data analysis is implemented off-line over the data
collected using a commercial software package (MATLAB
R2015a, The MathWorks Inc., Natick, MA, 2015) [67]. Each
repetition/stride was visually segmented.
V.

RESULTS AND DISCUSSION

In each session, each scenario was divided in two separate
tests (both logged for 60 sec), and in each of the two tests a
series of repetitions have been carried out by the subject. The
overall number of repetitions recorded for all the sessions was:
184 hamstring curls (92 left and 92 right), 134
flexion/extensions (67 left and 67 right), 66 half squats, 478
strides for both legs when walking at 3 km/h, and similarly
544 strides when walking at 4 km/h, and 512 strides when
walking at 6 km/h. For each test, the features described in
Section IV were extrapolated and compared among the
different sessions, in order to provide a clear understanding of
which metrics can be more valuable during rehabilitation. The
results are summarized in different tables (collected in the

Appendix, which is available as a PDF file at the following
link: https://www.tyndall.ie/contentfiles/Tables_IARIA.pdf )
where each table consists of 9 columns given by all the
sessions in which the test were carried out. Each session is
divided in three sub-columns: one for indicating the results for
the left leg, one for the right leg, and the last one for the mean
difference (expressed in percentage) between left/right values
(considering the right leg values as references), the Pearson’s
r coefficient and the p-value between the left/right leg results,
calculated when appropriate. The sub-columns related to left
and right results are merged in case of gait metrics which in
their calculation takes into account aspects from both legs.
Due to the fact that the subject could not perform all the
scenarios during each session, not all the columns in the tables
are filled. Moreover, owing to malfunctioning issues during
data recording, results from the right leg in the hamstring curl
scenario on the first session are not available.
Given the number of tables extrapolated from the data,
only a small subset of those tables are included in this paper
for clarification, while full details are shown in the Appendix.
The mean difference, in particular, is an important
estimator of the dissimilarities between the two legs which, in
an ideal case, should be close to zero in any case for a healthy
unimpaired subject. Given its definition, negative values of
the mean difference indicate that results for the right leg are
larger compared to the left one, and vice versa for positive
values.
Finally, in order to have the same reference system for
both WIMUs worn on the same leg, the method proposed by
Seel et al. [68] has been adopted to virtually rotate around an
axis the raw inertial data recorded on the shank. As a result,
for all the WIMUs involved, the x-axis represents the mediolateral axis, the y-axis is the anteroposterior one, while the zaxis is the vertical axis. Thus, the plane y-z represents the
sagittal plane.
Results from data analysis, divided in three categories, are
described below.
i.
Gait Metrics
The analysis performed on the gait characteristics is
summarized in Tables I-II-III available in the Appendix and
in this paper, which represents the walking test at 3, 4, and 6
km/h, respectively. All the gait features are indicated in those
tables, with B.I. and symmetry calculated for each metrics
and shown together in the same row.
Considering the gait results at 3 km/h, there are several
metrics which may be beneficial for showing the patient’s
progress during rehabilitation. As an example, even though
the p-value related to the GCT in all sessions is above 0.05
(e.g., there is no statistical difference between the two legs),
the calculated mean difference between left/right for this
parameter has a clear convergence to zero during the
monitoring phase, and the same trends are evident also for the
mean difference of the CV, B.I., and symmetry associated to
GCT. Similar considerations can be observed in the results
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provided by the CV obtained for the stance phase, swing
phase, and double support. In particular, the mean difference
associated to the CV of the stance phase shows a convergence
after the second session, as it is evident a clear increase of the
mean difference between the first two sessions (the presurgery session, and the first test after surgery), due to the
early stage of the recovery process post-surgery.
Again, even though the p-values for the stride length is
constantly below 0.05 in the different sessions (e.g., there is
always a significant difference between the two legs), the
Pearson’s coefficient continuously increases, while the mean
difference tends to zero. The mean difference of the CV and
the B.I. of the stride length shows a comparable convergence
as well, also for what concerns the dissimilarities between the
pre-surgery session and the first post-surgery one. Similar
considerations may be drawn for the stride speed, also
explained by the uniformity of the results given by the GCT.
The gait scenario at 4 km/h shows similar trends for the
GCT-related parameters, and the mean difference of the CV
related to the stance phase and double support, with an
evident convergence towards zero and a strong disparity in
the first two sessions. However, no particular correlation is
clear for the stride length values. On the other hand, clearance
may highlight some significant information. P-values are
always lower than the statistical threshold (0.05), except that
in the last session recorded seven months after surgery, and
its mean difference and the B.I. measure show a clear
convergence toward zero during the rehabilitation
assessment, indicating, thus, a certain gained equivalence
between the two legs.
Finally, gait results at 6 km/h show significant trends only
for what concerns the mean difference of the CV of the
double support and clearance-related parameters.
In summary, it is evident how, at slow speed, temporal
parameters (especially indicated through their CV) and the
stride length values should be considered for assessing
differences between left and right legs during rehabilitation,
whereas, increasing the speed, clearance seems to gain higher
priority than time-related parameters. Only the mean
difference of the CV of the double support shows a similar
trend at all the tested speeds. Some of the discussed results
are illustrated in Figures 2-4. The markers in the figures
indicate the mean value obtained for a specific session, while
the green line is a reference for zero.
ii.
Statistical Features
The statistical features described in Section IV has been
calculated for each repetition/stride for all the four WIMUs
adopted and for both acceleration and angular rate signals.
Results are summarized for all the scenarios in the tables in
the Appendix and discussed below.
In the hamstring curl scenario, for example, the thigh is
not significantly involved in the movement. Indeed, there are
no specific variables showing improvements. Conversely, the

shank is more informative. Standard deviation, variance,
calculated on the acceleration magnitude, and standard
deviation, CV, and peak-to-peak amplitude obtained from the
z-axis acceleration all show clear convergences. Moreover,
those trends are even more evident from metrics obtained by
the angular rate collected on the shank. For instance, mean,
standard deviation, variance, level of skew, signal magnitude
area calculated from the magnitude signal, and minimum,
maximum, standard deviation, and peak-to-peak amplitude
on the three axis are all significant variables (Figure 5).

Figure 2. Mean difference for different gait parameters at 3 km/h showing
the trends of progress during rehabilitation. CV GCT/stance phase/swing
phase are shown

Figure 3. Mean difference and balance index for different gait parameters
at 4 km/h showing the trends of progress during rehabilitation. Clearance
CV GCT, and B.I. clearance are shown. Each variable is normalized
according to its mean value for visualization purposes

In the flexion/extension scenario, the movement requires
a higher involvement of the thigh compared to the curl which,
thus, present several metrics useful for progress monitoring
(Figure 6). Examples are the mean, standard deviation,
variance, skewness, kurtosis, signal magnitude area, and
energy obtained from the angular rate magnitude, minumum,
standard deviation CV, and peak-to-peak amplitude from the
acceleration vertical axis, and minimum, maximum, standard
deviation, and peak-to-peak amplitude from the angular rate
collected around the sagittal axis. There are also numerous
metrics related to the shank, such as the mean, standard
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deviation, variance, skewness, signal magnitude area, and
energy obtained from the acceleration and angular rate
magnitude, and a number of variables obtained from the
single axis of the inertial sensors and associated to the sagittal
plane. This higher number of metrics is due to the intrinsic
movement as defined by the exercise which occurs almost
completely on the sagittal plane and, thus, the information is
highlighted around the rotation axis and not divided along the
three axes. Indeed, this characteristic is not present in the
remaining scenarios.

Figure 6. Mean difference for different statistical parameters in the
flexion/extension scenario showing the trends of progress during
rehabilitation. Minimum/st dev/PP amplitude for the acceleration thigh zaxis are shown

Figure 4. Mean difference and symmetry for different gait parameters at 6
km/h showing the trends of progress during rehabilitation. Clearance,
symmetry stride speed, and CV double support are shown. Each variable is
normalized according to its mean value for visualization purposes

Figure 7. Mean difference for different statistical parameters in the half
squat scenario showing the trends of progress during rehabilitation.
Mean/skewness/energy for the gyro shank magnitude are shown

Figure 5. Mean difference for different statistical parameters in the curl
scenario showing the trends of progress during rehabilitation. Mean/St.
dev/skewness for the gyro shank magnitude are shown

In the half squat scenario only a few metrics are evident
on separate axes. For example, the maximum and peak-topeak value of the acceleration on the y-, z-axis measured on
the thigh and shank, and the standard deviation, CV, and
peak-to-peak amplitude measured along the sagittal axis on
the angular rate of the lower-limbs illustrate a reasonable
progress during the rehabilitation period, while the metrics
(mean, level of skew, area, energy) calculated from the
magnitude of the inertial data on the shank are more
informative (Figure 7).

Similar considerations are evident on the gait test (Figures
8-10). The level of thigh movement, in this scenario, is not
particularly informative, except for a reduced number of
variables. Examples of these parameters are the root mean
square calculated on the gyro magnitude and the standard
deviation of the gyro around the vertical axis (when walking
at 3 km/h), the CV of the acceleration/angular rate around the
z-axis, and the maximum of the angular rate around the
mediolateral axis (when walking at 4 km/h), and mean/peakto-peak amplitude over the gyro x-axis, and the minimum of
the gyro z-axis (when walking at 6 km/h). A higher number
of helpful metrics is instead detected in the inertial data
collected on the shank consistently for all the speeds. For
instance, variables obtained from the acceleration magnitude
can reliably show patient’s progress over the rehabilitation
course still highlighting the difference between left and right
leg. Some parameters can be the mean, standard deviation,
variance, level of skew, signal magnitude area, and energy
when walking at slow speed, while increasing the speed may
reduce the number of metrics to the standard deviation and
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TABLE I.

GAIT METRICS (3 KM/H)
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TABLE II.

GAIT METRICS (4 KM/H)
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TABLE III.

GAIT METRICS (6 KM/H)
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TABLE IV.

KINEMATICS METRICS - R ANGE OF MOTION
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variance (at 4 km/h), and level of skew and energy (at 6
km/h). Analyzing the decomposed acceleration around the
three components, other useful metrics are provided by the
peak-to-peak amplitude/CV around the vertical axis (for both
3-4 km/h), standard deviation over the sagittal plane (at 3
km/h), mean around the x-axis (at 4 km/h), and the peak-topeak amplitude over the x-axis, and the y-axis maximum (at
6 km/h). Finally, also the angular rate over its three
components shows some trends. For example, the peak-topeak amplitude over the sagittal axis is present at every speed,
along with the y-axis standard deviation and PP at 4 km/h.
The minimum over the x-axis is a parameter showing specific
trends at every speed as well, together with the x-axis
maximum/y-axis minimum at 3 km/h.
It is also evident how some of those features present a
monotonic trend after the second session, showing a relevant
performance gap between the first two sessions, due to the
impact of the surgery event on the patient’s mobility.

Figure 8. Mean difference for different statistical parameters in the gait
scenario (3 km/h) showing the trends of progress during rehabilitation.
Mean/skewness/energy for the acceleration thigh magnitude are shown

Figure 9. Mean difference for different statistical parameters in the gait
scenario (4 km/h) showing the trends of progress during rehabilitation.
Mean/CV for the acceleration shank x-, z-axis are shown

Figure 10. Mean difference for different statistical parameters in the gait
scenario (6 km/h) showing the trends of progress during rehabilitation.
Skewness/energy for the acceleration shank magnitude are shown

Figure 11. Mean difference for autocorrelation values in different scenarios
showing the trends of progress during rehabilitation. X-axis thigh
acceleration/y-axis shank acceleration for the hamstring curl/flexionextension are shown

Finally, biased autocorrelation (e.g., the amplitude of the
first dominant) has also been considered for all the scenarios
(Figure 11). It has been calculated on both acceleration and
angular rate from thigh and shank, but the computation has
not been carried out on the single repetitions/strides but on
the whole recorded session. In the hamstring curl test,
autocorrelation on the x-axis of both acceleration and angular
rate signals shows specific trends. On the other side, only yaxis autocorrelation for the shank acceleration was helpful in
the flexion/extension scenario. Moreover, x-, z-axis
autocorrelation in the shank acceleration and y-, z-axis
autocorrelation in the thigh angular rate presented an
observable trend in the half squat test. Eventually, in the
walking scenario, the z-axis autocorrelation in the
acceleration (at 3-4 km/h) was detected as for the thigh, while
the x-axis autocorrelation for the gyro (4 km/h) and the y-axis
autocorrelation in the acceleration (at 6 km/h) were noticed
on the shank.
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iii.
Kinematics Features
Finally, the kinematic features described in Section IV
have been calculated as well for each repetition/stride for all
the four WIMUs adopted and for both acceleration and
angular rate signals. Results are summarized for all the
scenarios in the tables in the Appendix and discussed below.
The table related to the ROM calculation is also integrated in
the paper as an example (Table IV).
In the hamstring curl scenario, most of the detected
features are present on the sagittal plane, given that the
movement is mostly performed on this plane. The ROM over
the x-axis is a clear example, while thigh and shank present
similar results related to all the jerk-measures along the yaxis, and the fluency metrics over the sagittal plane.
Moreover, the shank shows additional helpful parameters in
the RANG and the vertical acceleration feature.
Similar results are shown for the flexion/extension
scenario. X-axis ROM is one of the key metrics for
highlighting patient progress, together with RANG shared by
both thigh and shank. The thigh is also characterized by other
metrics (in particular, jerk-measures N_MSJ, IAJ, and
M_MAJ over both the x-, z-axis), while the metrics
associated to the shank can be reduced to most of the jerkmeasures and fluency both along the z-axis, as well as KV.
In the half squat test, again, ROM over the x-axis proved to
be a helpful metrics, together with all the jerk-measures over
the y-axis (z-axis) obtained from the thigh (shank).
Additional metrics were detected in the z-axis stability for the
thigh, and the RANG and vertical velocity for the shank.
Results for these three scenarios are illustrated in Figure 12.
Gait tests have been also analyzed by using the kinematics
variables. While ROM is not always showing particular
trends (except at high speed over the x- and z-axis), there is a
certain similarity among the feature detection at different
speeds. For example, all jerk-measures over the
anteroposterior axis on the thigh present clear convergence
trends for every speed, while RANG and fluency over the
thigh y-axis are more evident at 4-6 km/h, and stability is
instead highlighted at slower speeds (3-4 km/h). Likewise,
regarding the shank, jerk-measures are highly informative at
every speed, especially over the y-axis, even though N_MSJ
and N_MAJ trends are also clear over the x-axis. Finally,
whereas vertical velocity and z-axis fluency metrics show
clear indications at 6 km/h, KV is more impactful at slower
speeds (3-4 km/h). Some of the results for the walking
scenarios are illustrated in Figure 13.
Regularity measures have been also obtained for all the
scenarios (Figures 14-16). While y-axis regularity and x-axis
one were observed in the shank acceleration and angular rate,
respectively, during the hamstring curl, only the thigh y-axis
regularity over the gyroscope was reliable for the
flexion/extension. Regularity calculated in the squat scenario
provides indications when obtained from the thigh data, in
particular the y-axis acceleration, and the x-, y-axis of the

angular rate. Conversely, in the gait test, the regularity
obtained from the shank are more informative, in particular
the acceleration y-, z-axis (for walking at 3 and 6 km/h
respectively) and the gyro z-axis (when walking at 4km/h).

Figure 12. Mean difference for different kinematics variables in a number
of scenarios showing the trends of progress during rehabilitation.
ROM/Fluency/RANG on the shank/thigh for the hamstring curl are on the
top, RANG/NMSJ/KV on the shank/thigh for the flexion/extension in the
centre, IAJ/Stability/RANG on the shank/thigh for the squat on the bottom
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Figure 14. Mean difference for regularity variables in a number of
scenarios showing the trends of progress during rehabilitation. Y-axis on
the shank acceleration for hamstring curl, x-axis on the gyro shank for
hamstring curl, and y-axis on the gyro thigh for flexion/extension are
shown. Each variable is normalized according to its mean value for
visualization purposes

Figure 15. Mean difference for regularity variables for half squat scenario
showing the trends of progress during rehabilitation. Y-axis on the thigh
acceleration, x-axis on the gyro thigh, and y-axis on the gyro thigh are
shown. Each variable is normalized according to its mean value for
visualization purposes

Figure 13. Mean difference for different kinematics variables in a number
of scenarios showing the trends of progress during rehabilitation.
Stability/NMSJ/KV on the shank/thigh for 3 km/h gait are on the top,
Fluency/RMSJ/KV on the shank/thigh for 4 km/h gait in the centre,
ROM/Fluency/NMAJ on the shank/thigh for 6 km/h on the bottom

Figure 16. Mean difference for regularity variables for gait scenario
showing the trends of progress during rehabilitation. Y-axis on the shank
acceleration, z-axis on the gyro shank, and z-axis on the shank acceleration
are shown. Each variable is normalized according to its mean value for
visualization purposes
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To summarize, this work analyzed the body-worn
inertial data collected from a patient over the course of
rehabilitation defining which features and metrics are the
most sensitive for better understanding and monitoring
patient’s progress in several test. As per gait metrics,
temporal variables (and, in particular their CV) can be useful
at slower speeds, while clearance-related parameters have
higher impact at faster speeds. However, those metrics cannot
be adopted for other types of movements which, in turn, can
be described through statistical and kinematics variables.
Given the movement typically performed on a 2D plane,
hamstring curl and flexion/extension show a number of
usable metrics obtained from both acceleration and angular
rate of the shank and thigh, while the squat is characterized
by less features. Probably, this can be due to the fact that the
squat test, differently from the other exercises, requires a
simultaneous movement of both legs which may involve
some compensation between the injured and uninjured limbs
not evident when only one leg is involved in the test. Gait can
be also illustrated through metrics extrapolated from the
inertial data collected on the shank, especially when
associated to the sagittal plane. Finally, kinematics variables,
in particular ROM, RANG, jerk-based measures, fluency,
KV and stability, have proved their sensitivity for a different
number of scenarios.
Even though this paper reviewed a large number of
features, there remain opportunities for further analysis. This
work has not considered frequency-domain, entropy-based,
or informatics-theoretic parameters. These parameters should
be also evaluated in future studies with the aim of developing
a complete framework for collecting data and monitoring
patients’ progress over the course of rehabilitation.
Moreover, as only one subject has been studied for the
present proof of concept study, an enhanced number of
athletes, with homogeneous characteristics, will also be
tested in future so as to have a more robust base for the study
and further validate the drawn conclusions in statistical terms.
Additional clinical trials are, thus, currently being planned.

conclusions in statistical terms. Additional clinical trials are,
thus, currently being planned.
However, the present study proved that inertial-based
time-domain features can be used for a quantitative
biomechanics monitoring and assessment of lower-limbs in
different tests over the course of a nine month rehabilitation
program, also defining which of those features should be
taken into account by clinicians during their analysis.
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