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Abstract—The analysis and assessment of motor tasks, such as gait, can provide important information on the progress of
neurological disorders such as Parkinson’s disease (PD). In this paper, we design a Boby Sensor Network (BSN)-based system for the
characterization of gait in Parkinsonians through the extraction of kinematic features, in both time and frequency domains, embedding
information on the status of the PD. The gait features extraction is performed on a set of 34 PD patients using a BSN formed by only
three inertial nodes (one on the chest and one per thigh). We investigate also the relationship between the selected kinematic features
and the Unified Parkinson’s Disease Rating Scale (UPDRS) scores assigned to patients by expert neurologists. This work extends a
previously proposed approach to the analysis of leg agility and sit-to-stand tasks and, as such, represents a further step to develop a
system for automatic and comprehensive evaluation of different PD motor tasks. A performance analysis of different classification
techniques is carried out, showing the feasibility of an automatic (and, eventually, remote) UPDRS scoring system, suitable for
tele-health applications in the realm of affective medicine.
Index Terms—Parkinson’s disease (PD), gait analysis, unified Parkinson’s disease rating scale (UPDRS), inertial measurement units (IMU),
tele-health
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INTRODUCTION

P

OPULATION ageing, in place almost worldwide in recent
decades, has led to a growing interest of the scientific
community towards neuro-degenerative disorders such as
Alzheimer’s and Parkinson’s diseases. In the industrialized
countries, the prevalence of PD is about 0.3 percent of the
whole population and increases up to 4 percent in people
over the age of 80 [1]. Main PD symptoms are related to difficulties in body movements, including bradykinesia, tremor at
rest, postural instability, rigidity and gait impairments, beside
a general progressive degeneration in the ability of performing motor tasks. All the current therapies for symptoms management, based on the use of dopaminergic drugs, such as
Levodopa and dopamine agonist, have shown a loss of
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efficacy over time and have also been associated with a variety of side effects including dyskinesias and motor fluctuations, which can even worsen the motor deficiencies induced
by the disease. An accurate clinical evaluation of the
symptoms’ severity is fundamental to identify an effective
therapy but, often, neurologists can rely only on qualitative
observations and on their experience.
In order to obtain a more objective assessment of the PD
symptoms, semi-quantitative evaluation scales are widely
used, such as the Movement Disorder Society—Unified
Parkinson’s Disease Rating Scale (MDS-UPDRS) [2], which
can help neurologists in determining more accurately the
progress degree of the disease. Achieving a high reliability
in the evaluation, however, may be difficult and impractical,
as it requires a continuous monitoring of the subjects by
medical personnel or self-reports by patients (which may
likely be unreliable). For this reason, in recent years several
works about systems for long-term monitoring of the symptoms [3] and for the automatic evaluation of motor tasks in
PD patients, such as the sit-to-stand task [4], [5], the leg agility
task [6], [7], [8], [9], and tremors [10], have appeared in the
literature.
The assessment of the Gait Task (GT) in Parkinsonians is a
widely studied field [11], [12], [13]. Walking, in fact, is the
motor task that mostly affects PD patients’ daily life and independence, being representative of the global ability of patients
to perform complex movements and also very sensitive to
fluctuations between the periods in which the drug’s effect is
active and those in which it is not (ON-OFF state fluctuations).
Classical Gait Analysis (GA) systems are based on foot
switches [14], Ground Reaction Forces (GRFs) [12], and
optoelectronic systems [15]. These technologies need to be
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used in controlled clinical environments, may be expensive,
and often require experienced and specifically trained personnel. Inertial Measurement Unit (IMU)-based GA is currently
the most adopted alternative approach, because it is costeffective, reliable, and easy-to-use [16], [17], [18].
The adoption of this inexpensive and non-intrusive
technology to monitor and assess Parkinsonians’ symptoms represents an important step in the direction of practical and effective home health care systems, which may
connect patients and clinicians, bringing benefits to both
of them. In particular, patients, at their homes, would feel
more comfortable, relaxed, and motivated to do their
exercises. Moreover, they could save time and money,
avoiding to go to the ambulatory for each visit. Clinicians,
on the other end, would assist a larger number of subjects,
who, otherwise, could not be followed continuously by a
movement disorder specialist. This would allow doctors
to rely on more accurate and up-to-date clinical pictures
of the patients [19].
The aim of this work is to accurately characterize gait in
Parkinsonians, extracting relevant kinematic features
through an IMU-based BSN. In particular, we consider a
BSN formed by only three nodes (one on the chest and one
per thigh): this makes the proposed system easy-to-use and
attractive for affective medicine. We then investigate the
relationship between the extracted features and the UPDRS
scores assigned by neurologists. Finally, we design a classification system for the automatic assessment of the UPDRS
score in the GT.
The preliminary results presented in [20] are extended
considering a larger set of patients, new gait parameters (in
both time and frequency domains), an improved algorithm
for gait cycle segmentation, and, finally, evaluating the performance of an automatic UPDRS score estimation system.

1.1 The Gait Task
MDS-UPDRS is the most popular rating system used in the
clinical study of PD and its accuracy and reliability have
been proved in different studies [21]. MDS guidelines for
the assessment of the motor symptoms, through 18 specific
and simple functional tasks, are described in the UPDRS
document—Part III [22]. In the following, we focus our
attention on the GT.
1.1.1 Task Description
The MDS defines the GT as follows: the patient is asked to
walk, at his/her preferred speed, away from the examiner
for at least 10 m and in straight line, then to turn around
and return to the starting point. This exercise should be performed in an obstacle-free environment and the initial/final
acceleration phases should be discarded to avoid border
effects in the analysis. The parameters of interest are those
strictly related to the gait characteristics, such as: the stride/
step amplitude and speed; the cadence; the gait cycle time;
parameters related to the turning phase; the variability
between left and right steps; and the arm swing. Freezing of
gait should be evaluated separately and is not considered in
this work. Arm swing will not be considered as well, as no
inertial sensor is placed on the arms. This is an interesting
extension of our approach.
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Fig. 1. (a) A Shimmer device (IMU) and its reference coordinate system.
The considered experimental testbed in: (b) the actual acquisitions in
clinical environment; (c) the optoelectronic validation.

1.1.2 UPDRS Evaluation
By observing the gait characteristics (outlined in Section 1.1.1) during a patient’s walk, doctors should assign
him/her an integer score between 0 and 4. In particular: a
UPDRS score equal to 0 corresponds to normal walking;
UPDRS scores 1 and 2 are assigned to patients who can
walk independently but present some minor (UPDRS score
1) or substantial (UPDRS score 2) impairments, such as
slow walking, short steps, and festination; finally, if the subject cannot walk without any help, it is necessary to evaluate
the level of assistance needed to perform the walking task or
if he/she cannot walk at all (UPDRS score from 3 to 4). The
evaluation of the GT is usually performed without the support of any technological instrument so that the neurologist
assesses the task in a qualitative way and relies especially
on his/her experience and training. Therefore, assessments
may vary from neurologist to neurologist (inter-rater variability) or from one evaluation session to another by the
same neurologist (intra-rater variability) [23].
1.2 Paper Structure
The structure of this paper is the following. In Section 2, the
experimental set-up, with the details of the used hardware,
the set of considered subjects, and the trials’ acquisition procedures, is described. In Section 3, we present the methods
for the estimation of the parameters which characterize gait,
in both time and frequency domains. The obtained experimental results are shown and discussed in Section 4. Conclusions are finally drawn in Section 5.

2

EXPERIMENTAL SET-UP

2.1 Hardware Description
The BSN is formed by Shimmer (Sensing Health with Intelligence, Modularity, Mobility, and Experimental Reusability)
nodes [24], i.e., small and low-power wireless sensing platforms that can capture and communicate a wide range of
sensed data in real time. A Shimmer node and its reference
coordinate system are shown in Fig. 1a. The main module is
a compact wearable device (size: 53 mm  32 mm  25 mm;
weight: 22 g) equipped with: a TI MSP430 microcontroller;
Bluetooth (Roving Networks RN-42) and IEEE 802.
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15.4-compliant (TI CC2420) radios; an integrated 2 GB
microSD card slot; a 450 mAh rechargeable Li-ion battery;
and a triaxial accelerometer (Freescale MMA7361). Moreover, the device is designed so that different external sensing modules can be easily connected. The 9DoF Kinematic
Sensor expansion module, which is supplied with a triaxial
gyroscope (InvenSense 500 series) and a triaxial magnetometer (Honeywell HMC5843), is used. The sampling rate f is
set at 102.4 Hz.
For validation purposes, additional data have been
recorded for a limited group of subjects, using a Vicon
optoelectronic system capable of providing the 3D coordinates of passive markers positioned on specific anatomical
landmarks of the subject with an average accuracy of
approximately 0.21 mm.

2.2 Subjects and Acquisition Procedure
In this paper, we extend the set of PD patients considered in
our preliminary work [20] from 24 to 34. The group of Parkinsonians includes 22 males and 12 females with average
age equal to 67.4 years (max = 79 years, min = 31 years) and
standard deviation equal to 11.6 years. Furthermore, four
healthy subjects (average age equal to 65.5 years and standard deviation equal to 2.88 years), labeled with an UPDRS
score equal to 0 in all the trials, have also been included in
the set of subjects as a benchmark and to increase the rating
range. The number of healthy controls has been limited to
four in order to avoid the polarization of the observed
results towards the UPDRS 0 class because of the motor performance of non-Parkinsonian (i.e., healthy) subjects.
Each subject is equipped with three Shimmer nodes
attached to the body with Velcro straps. The placement of the
three sensors (one per thigh, one on the chest) is shown in
Fig. 1b. Since this work is part of a more general study, which
aims at analyzing multiple UPDRS tasks (namely, the sit-tostand task [5] and the leg agility task [7], [8], [9], in addition to
the GT) with the same BSN, the nodes’ configuration has
been chosen in order allow the analysis of the considered
tasks without changing the configuration of the nodes, thus:
minimizing the patients’ stress; simplifying the acquisition
procedure; and allowing sequential execution of the tasks.
Moreover, the IMUs’ placement facilitates the extraction of
kinematic parameters through the measurement of angular
velocities, inclinations, and accelerations. These measurements are more accurate and reliable than the measurements
of positions or displacements, which are derived from the formers and usually introduce additional errors in the data analysis. The nodes are oriented trying to align the x axis of the
their reference system to the upward-downward direction,
the y axis to the right-left direction, and the z axis with the
antero-posterior direction.
In each trial, the examiner asks the patient to walk, at his/
her preferred speed, in an obstacle-free environment for a
variable distance between 7 and 15 m and then to turn
around and go back to the starting point. The acquisitions
have been taken in different locations and, due to the lack of
space, it has not always been possible to perform the GT
walking continuously for at least 10 m, as the MDS suggests.
However, even in the few cases in which the shortest distance (7 m) was travelled, the minimum number of complete
gait cycles per leg was between 2 and 4 (after discarding the

Fig. 2. Distribution of the 55 UPDRS scores assigned to the GT trials.

acceleration and deceleration phases) in both directions,
leading to a minimum total number of complete gait cycles
per leg between 4 and 8 in the entire trial. The obtained
results (presented in the following) show that this minimum
number of gait cycles is sufficient to estimate accurately the
gait parameters. Moreover, this number is consistent with
the number of gait cycles considered in classical GA systems
based on other technologies.
A total of 55 complete trials have been acquired, as some
patients performed the task in both ON and OFF conditions
or at different times. To increase the homogeneity of the
assessment, the acquisitions have been evaluated by expert
neurologists, using a non-integer scale with intermediate
scores (:5) to label the trials in which the neurologists were
undecided between consecutive (integer) UPDRS classes. In
Fig. 2, the distribution of the 55 UPDRS scores assigned to
the GT trials is shown.
The validation of the system was performed by comparing
synchronized inertial and optical data on a heterogeneous
subgroup of five persons (three males and two females),
including both healthy subjects (3) and Parkinsonians (2). The
testbed for data validation is shown in Fig. 1c. The details on
the optoelectronic-based validation can be found in [9].

3

GAIT CHARACTERIZATION

3.1 Gait Features in the Time Domain
We first analyze gait in the time domain. Besides extracting
spatio-temporal parameters and kinematic variables used in
classical GA, we consider other features based on the autocorrelation of the accelerometric signal to detect periodic
patterns in gait.
3.1.1 Temporal Parameters
Even though the human gait is a complex movement that
involves many muscles and joints, it normally has a relevant
rhythmic and repetitive component which allows one to segment it into simpler blocks, denoted as gait cycles. Two fundamental events per leg are needed to identify a complete gait
cycle and all the other temporal parameters which define the
different gait phases: the Heel strike (HS) (i.e., the instant at
which the foot touches the ground) and the Toe-off (TO) (i.e.,
the instant at which the foot leaves the ground). In particular,
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Fig. 3. Recorded trunk accelerations for (a) a healthy subject and (b) a Parkinsonian with mild symptoms (UPDRS score equal to 1.5). Circles represents peaks in the linear vertical acceleration avert . Triangles and asterisks on the antero-posterior acceleration az denote, respectively, HS and TO
events. In the medio-lateral acceleration ay HS points are connected with following TO points by a line whose slope allows to discriminate left leg
(blue line, positive slope) from right leg features (red line, negative slope).

a gait cycle starts with the HS of a foot and ends with the following HS of the same foot. The complete sequence of events,
considering for example a gait cycle starting with the right
leg,1 is the following: right HS (HSR ), left TO (TOL ), left HS
(HSL ), right TO (TOR ), right HS (HSR ).
In order to identify the fundamental events for each gait
cycle, we propose a novel approach, based on proper processing of accelerometric signals of the chest-mounted IMU,
which improves the accuracy of the algorithm described
in [20]. The vertical, the medio-lateral, and the antero-posterior components of the acceleration are denoted as ax , ay ,
and az , respectively.
By following a heuristic approach, a preliminary visual
investigation was performed detecting manually the HS
and TO events and labeling them from the optoelectronic
ground truth data synchronized with the accelerometer signal. We observed that HS events are usually located in
proximity of negative and positive peaks in vertical and
frontal accelerations, respectively. Physically, this is due to
the fact that, just before the HS instant, the trunk reaches
the maximum vertical acceleration intensity (with negative
sign because the body is falling toward the ground) and
also the maximum frontal acceleration (because the body is
moving forward and then suddenly decelerates after the
foot contact). In our previous work [20], the negative peaks
in vertical acceleration were chosen to estimate the HS
instants because the acceleration in the upward-downward
direction is usually sharper and stronger than the one in the
antero-posterior direction and maintains a more uniform
pattern among different walking styles or increasing gait
1. If not specified, we always refer to a right gait cycle.

impairments. In the current work, the algorithm for the
identification of the HS instants is refined to achieve a better
accuracy, taking into account both the acceleration components. In particular, the peaks in a preprocessed version of
the vertical acceleration have been used to define a limited
region in which peaks in frontal acceleration, corresponding
to the HS events, are searched. The estimation of the TO
instants and the automatic labeling of the right/left events
are performed according to the approach described in [20],
considering the local minima after the HSs in the anteroposterior acceleration and the projection of HSs’ and TOs’
instants in the medio-lateral acceleration, respectively (the
details of this procedure are given in the following).
Typical acceleration patterns of a healthy subject and of a
Parkinsonian, measured by the accelerometer placed on the
trunk for a few consecutive gait cycles, are shown in Fig. 3,
where the sampling interval, denoted as D, is equal to
1
f ¼ 9:76 ms. Although the accelerations, in a normally walking (healthy) person, are more defined and have wider
excursions, the described features can be easily identified
also in the accelerometric data recorded for a Parkinsonian.
The algorithm used for the estimation of the HS and TO
events can be detailed as follows. First of all, the raw accelerometric signals are low-pass filtered with a fourth-order
zero-lag Butterworth filter with bandwidth equal to 20 Hz:
this is expedient to reduce high frequency noise components.
In order to avoid attenuation effects in the vertical acceleration ax , caused by an imperfect alignment of the sensors with
the direction of the gravity, the three-dimensional orientation of the Shimmer node, in the Earth’s frame (i.e., the reference system in which the x axis points toward the magnetic
north, the y axis points toward east, and the z axis points
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downward, toward the center of the Earth, according to the
direction of the gravity), is estimated through an orientation
filter based on a gradient descent algorithm [25]. The contribution of the gravity (9.81 m/s2 in the z axis) is then subtracted from the acceleration component in the Earth frame’s
z axis: the effective linear vertical acceleration, denoted as
avert , is thus obtained. We remark that, since avert refers to the
Earth frame, downward accelerations are positive, whereas
upward accelerations are negative. For this reason, as shown
in the second row of Fig. 3, while the body is falling towards
the ground (i.e., just before an HS event) the values of avert
are positive and their peaks are good candidates to accurately estimate a step/stride. Therefore, we now describe the
approach followed to estimate the instants corresponding to
the peaks.
In order to make the peak selection more accurate, the signal avert is further processed as follows. First of all, avert is lowpass filtered (using a fourth-order zero-lag Butterworth filter
with cut-off frequency set to 5 Hz) to make it smoother. Then,
the filtered signal is shifted by adding a quantity equal to the
minimum value (with sign) of avert measured in the entire
trial, in order to have only positive values. Finally, since we
observed that the highest peaks were always higher than
1 m/s2 , the obtained signal is squared to magnify further
highest peaks. At this point, the resulting signal, denoted as
apreproc , is analyzed to extract instants of the highest positive

N

peaks
peakvert ðj  1Þgj¼2
, are larger than another threshold,
denoted as Thdistance (dimension: [s]), to avoid considering, as
valid, peaks higher than Thheight but pair-wise too close to represent consecutive HS events. The values of these two thresholds have been chosen on the basis of the trunk acceleration
patterns observed in both healthy subjects and PD patients. In
particular, Thheight is set to 25 percent of the maximum value
of the signal apreproc measured in the considered trial, whereas
Thdistance is set to 40 samples (approximately 390 ms), assuming that the time intervals between consecutive steps are
always longer than 0:39 s for both healthy controls and PD
patients.
For each instant peakvert ðjÞðj ¼ 1; . . . ; Npeaks Þ, the peaks in
antero-posterior acceleration, coinciding with the actual HS
instants, are searched in the interval (peakvert ðjÞ  250 ms,
peakvert ðjÞ þ 50 ms) and labeled as fpeakHS ðjÞg. Similarly,
local minima in the antero-posterior acceleration are searched
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inside the interval (peakHS ðjÞ, peakHS ðjÞ þ 250 ms). The nearest one, after peakHS ðjÞ, is selected as TO. Finally, to correctly
label the features for each leg, we consider the slope m of the
line passing through the value of the medio-lateral acceleration sample, corresponding to the instant of the first detected
HS (denoted as HS1 ), and the value of the sample coinciding
with the following TO instant (denoted as TO1 ). If m  0, then
a left gait cycle is starting, so that HS1 is labeled as HSL and
the contralateral TO1 as TOR ; if m  0, HS1 is labeled as HSR
and TO1 as TOL . The following HS and TO are labeled consequently, alternating right and left labels.
The designed algorithm differs from typical trunk-accelerometry approaches for temporal parameters identifications proposed in the literature, such as the one by
Zijlstra [17]. In particular, we use a sensor placed on the
chest, not on the dorsal side of the trunk, and we consider
all the components of the acceleration (including the linear
vertical acceleration) to detect the events of interest.
Once all the HSs and TOs have been identified for both
legs, the following temporal parameters can be calculated
for the kth gait cycle.


Gait Cycle Time (GCT ) (dimension: [s]): the time
interval between the HS of a foot to the next HS of
the same foot. In particular:
GCTR=L ðkÞ ¼ HSR=L ðk þ 1Þ  HSR=L ðkÞ:

N

peaks
,
peaks, generally denoted as peakvert ¼ fpeakvert ðjÞgj¼1
where Npeaks is the number of highest peaks in the trial, which
approximately identify the HS instants. In particular, in order
to detect only the correct peaks and discard those related to
other gait cycle’s phases (different from the HS instants), the
Matlab function findpeaks(data, ’MinPeakHeight’, Thheight ,
’MinPeakDistance’, Thdistance ) is used, where: data is the signal
in which the peaks should be searched (apreproc in this case);
and
(’MinPeakDistance’,
(’MinPeakHeight’,
Thheight )
Thdistance ) are (name, value) pair arguments, which impose
constraints for refining the peaks’ selection procedure. More
specifically: the former imposes to consider as possible candidates for peak instants only the positive peaks in apreproc with
a height greater than a threshold, denoted as Thheight
(dimension: [m/s2 ]), whereas all the others are discarded; the
latter imposes that the distances (in terms of samples)
between consecutive selected peaks, i.e., fpeakvert ðjÞ
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Stance Time (ST ) (adimensional, % of GCT): the time
percentage (relative to the corresponding gait cycle)
during which a foot is in contact with the ground. In
particular:
STR=L ðkÞ ¼ 100 



TOR=L ðkÞ  HSR=L ðkÞ
:
GCTR=L ðkÞ

Swing Time (SW ) (adimensional, % of GCT): the
time percentage (relative to the considered gait
cycle) during which a foot is not in contact with the
ground. In particular:
SWR=L ðkÞ ¼ 100  STR=L ðkÞ:



Double Support (DS) (adimensional, % of GCT): the
time percentage (relative to the considered gait cycle)
during which both feet are in contact with the ground.
This happens twice during a gait cycle: at the beginning and at the end of one foot’s stance phase. The first
DS phase is denoted as Initial Double Support (IDS)
and the second one is denoted as Terminal Double
Support (TDS). They can be expressed as follows:
IDSðkÞ ¼ 100 

TOL ðkÞ  HSR ðkÞ
GCT ðkÞ

TDSðkÞ ¼ 100 

TOR ðkÞ  HSL ðkÞ
:
GCT ðkÞ

Finally, the DS can be given the following
expression:
DSðkÞ ¼ IDSðkÞ þ TDSðkÞ:
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A quantity related to DS, denoted as Limp, is defined
as follows:
LimpðkÞ ¼ jIDSðkÞ  TDSðkÞj:

3.1.2 Spatial Parameters
The most commonly considered spatial parameters for gait
characterization are the following.


Stride Length (SL) (adimensional: % of subject’s
height): the distance travelled from the HS of one foot
to the following HS of the same foot (i.e., a stride).
 Stride Velocity (SV ) (dimension: [% of subject’s
height/s]): the average linear velocity of a foot during a stride.
 Step Length (StepLR=L ) (adimensional: % of subject’s
height): the distance travelled from the HS of one
foot to the HS of the other foot (i.e., a step).
 Step Velocity (StepVR=L ) (dimension: [% of subject’s
height/s]): the average linear velocity of a foot during a step.
As for the temporal features, step length and velocity are
estimated using only the accelerometer placed on the chest. In
the literature, different mathematical models exist for the
description of the body movements during walking. One of
these models simply considers human gait as an inverted pendulum in which the vertical displacement h (dimension: [m])
of the Center of Mass (CoM) can be used to estimate the forward distance D (dimension: [m]) traversed at each step. Usually, while a person is walking, the CoM lies within the pelvis
but its movements have often been approximated using a sensor device placed in proximity of the second sacral vertebrae [17]. In the same way, in our case we assume that the
vertical displacement of the sensor attached to the chest and
the one of the CoM are similar. As described in [17], the relationship between vertical and forward displacements is given
by the following equation:
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
(1)
D ¼ 2K 2‘h  h2 ;
where ‘ is the leg length (dimension: [m]) and K is an
empirically calibrated constant (adimensional). The vertical
displacement h can be obtained by double integration
of the linear vertical acceleration avert ¼ favert ðiÞgN1
i¼0
(dimension: [m/s2 ]), where N is the length of the
signal avert . More precisely, the vertical velocity
vvert ¼ fvvert ðiÞgN1
i¼0 (dimension: [m/s]) of the trunk at the
ith sample can be computed as
vvert ðiÞ ¼ vvert ði  1Þ þ avert ðiÞDi ¼ 1; . . . ; N  1
where: vvert ð0Þ is assumed to be equal to 0; D corresponds
the sampling period (dimension: [s]); and . Then, the position p vert ¼ fpvert ðiÞgN1
i¼0 (dimension: [m]) of the trunk at the
ith sample can be expressed as
pvert ðiÞ ¼ pvert ði  1Þ þ vvert ðiÞDi ¼ 1; . . . ; N  1;
where pvert ð0Þ is set to 0. The position data pvert are finally
high-pass filtered (using a fourth-order zero-lag Butterworth filter with cut-off frequency set to 0.1 Hz), to remove
integration drift, and the total displacement amplitude is
then calculated as the difference between the maximum and
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the minimum values of the trunk position during each step
cycle (i.e., the time interval between the HS of one foot and
the HS of the other foot). Considering the kth gait cycle, the
vertical displacement of the trunk for the right step (hR ðkÞ,
dimension: [m]) can be given by the following expression:
HSL ðkÞ

HSL ðkÞ

i¼HSR ðkÞ

i¼HSR ðkÞ

hR ðkÞ ¼ max pvert ðiÞ  min pvert ðiÞ;
where HSR ðkÞ (HSL ðkÞ) indicates the first sample of the kth
HS for the right (left) leg. The value of the vertical displacement during a left step (hL ðkÞ) can be calculated in the same
way. The step lengths (StepLR=L ) are estimated using (1).
The step velocities (StepVR=L ) are obtained from the step
lengths and the duration of the step cycles. Stride spatial
parameters can be obtained by adding the values of the features associated with the right and left steps for each gait
cycle. Finally, all the values for the spatial parameters,
which are initially calculated in meters, are expressed as
percentage of the height of the considered subject.2

3.1.3 Additional Features
Thigh’s Range of Rotation
Measuring the joint angles and segment inclinations of the
lower limbs may provide important information about the
characteristics of the movements during gait [26]. The used
sensor configuration (including one node per thigh) allows
to retrieve only the data regarding the flexion/extension of
the thighs.
The angular rate signal measured by the gyroscopes on
both legs can be integrated, during each gait cycle, in order
to find the instantaneous inclination angle of the thighs’ segments. From the thigh angular velocity signal v ¼
Nv 1
(dimension: [deg/s]), where Nv is the length of
fvðiÞgi¼0
the signal v, and the sampling period D, the value of the
v 1
angle u ¼ fuðiÞgN
(dimension: [deg]) can be calculated
i¼0
for the ith sample using the following equation:
uðiÞ ¼ uði  1Þ þ vðiÞDi ¼ 1; . . . ; Nv  1:
The initial angle uð0Þ, at the beginning of each cycle, is set to
zero. The Range of Rotation (RoR) (dimension: [deg]) of the
right thigh (the RoR of the left thigh can be calculated in the
same way), inside the kth gait cycle, is assumed to be equal
to the difference between the maximum and the minimum
values of the instantaneous angle, i.e.:
HSR ðkþ1Þ

HSR ðkþ1Þ

i¼HSR ðkÞ

i¼HSR ðkÞ

Thigh RoRR ðkÞ ¼ max uðiÞ 

min uðiÞ:

During the experiments, we also collected, in each gait
cycle, the maximum value of the angular velocity, denoted
as Max vR=L , for both thighs.
Autocorrelation-Based Features
As mentioned at the beginning of Section 3.1.1, the movement of the body during walking has a strong repetitive
component and the measured acceleration signals reveal
2. Differently from our previous work [20], we use the % of subject’s
height as measurement unit for the spatial parameters to avoid errors
related to different leg lengths.
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In Fig. 4, the autocorrelation Aunbiased ðmÞ is shown for
both (a) a healthy subject and (b) a PD patient (UPDRS score
equal to 2). Only the right half portion of the autocorrelation
sequence, properly normalized to 1, has been considered
because of its symmetry with respect to the zero phase shift.
In both subfigures, one can observe that, besides the maximum at the zero phase shift (m ¼ 0), the amplitude of the
autocorrelation coefficient presents several peaks for
increasing values of m. The first dominant period d1 is
located in correspondence to the first peak after the zero
phase shift and represents the phase shift associated with
one step. The amplitude of the autocorrelation coefficient in
this point, denoted as Aunbiased ðd1 Þ, is representative of the
regularity of the vertical acceleration signal between steps.
This is due to the fact that the amplitude of the autocorrelation at a certain point will be large if the original signal
presents regular patterns with a periodicity similar to the
phase shift corresponding to the considered point. Similarly, the following peak indicates the second dominant
period d2 , which corresponds to the stride phase shift, and
the value of the autocorrelation Aunbiased ðd2 Þ is representative of the stride regularity.
Given the previous defined variables associated with the
autocorrelation Aunbiased ðmÞ, the following parameters can
be defined:


Cadence (C) (dimension: [steps/minute]): number of
steps per minute. In particular:

Fig. 4. Unbiased autocorrelation sequences computed from the vertical
trunk acceleration for: (a) a healthy subject and (b) a PD patient (UPDRS
equal to 2).

periodic patterns which can be estimated computing the
autocorrelation of the signal sequence. In [27], the authors
show that the autocorrelation of accelerometric signals,
recorded with a trunk-mounted sensor, can be used to estimate some relevant gait parameters in a simple way. A brief
overview of the details of the algorithm used to calculate
these parameters is now presented.
The raw autocorrelation coefficient A of the linear vertical
trunk acceleration avert , defined as the sum of the products
between each sample avert ðiÞði ¼ 0; 1; . . . ; N  1Þ and its time
lagged replication avert ði þ mÞ, is computed as follows:
AðmÞ ¼

Njmj
X

avert ðiÞavert ði þ mÞ;

i¼1

where the lag parameter m represents the phase shift (in
terms of samples) and may be any positive integer smaller
than N. The unbiased3 autocorrelation can be calculated
dividing AðmÞ by the number of samples representing the
overlapping part of the time series and the time-lagged replication, i.e.:
Aunbiased ðmÞ ¼

AðmÞ
:
N  jmj

3. We use the unbiased autocorrelation to avoid the attenuations in
amplitudes due to the increasing value of the lag parameter m that
occur in the biased version of the autocorrelation.

C¼



60f
;
d1

where f is the sampling rate (dimension: [sample/s])
at which the accelerometer signal has been recorded
(see Section 2.1).
Regularity (R) (adimensional): representative of the
periodicity of the subject’s steps/strides. In particular:
Rstep ¼ Aunbiased ðd1 Þ;
Rstride ¼ Aunbiased ðd2 Þ:



The closer to 1 Rstep=stride , the higher the regularity in
steps/strides.
Symmetry (S) (adimensional): ratio between step
and stride regularities. In particular:
S¼

Aunbiased ðd1 Þ
:
Aunbiased ðd2 Þ

Values of S close to 1 indicate a high symmetry
between steps and strides.

3.2 Gait Features in the Frequency Domain
We now investigate the possibility to extract additional
information about the gait characteristics of a walking subject by analyzing the collected BSN-based inertial signals in
the frequency domain. For simplicity, we take into account
only the accelerometric signal of the sensor placed on the
chest. In particular, we consider the estimated vertical linear
acceleration (avert ) together with the lateral (ay ) and anteroposterior (az ) components of the trunk acceleration. The signals are preliminary filtered with a fourth-order zero-lag
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Fig. 5. Two-dimensional representation of the amplitude spectrum of (a) the linear vertical trunk acceleration avert , (b) the lateral trunk acceleration ay ,
and (c) the frontal trunk acceleration az , for all available GT trials (one vertical line per trial). The magnitude of the spectrum is mapped to a color that
ranges form blue (lowest values) to red (highest values). The GT trials are sorted in ascending order and grouped by UPDRS scores (form 0 to 3),
separated by a vertical red line.

Butterworth filter with bandwidth equal to 20 Hz and properly segmented in order to exclude initial and final acceleration/deceleration phases and to avoid the introduction of
additional noise. The Discrete Fourier Transforms (DFTs) of
the signals are computed using a Fast Fourier Transform
(FFT) algorithm for each GT trial. Considering the linear
vertical acceleration a vert , the kth component of the spectrum X avert ¼ fXavert ðkÞgN1
k¼0 can be computed as follows:
Xavert ðkÞ ¼

N1
X

2p

avert ðnÞejk N n k ¼ 0; . . . ; N  1:

n¼0

The corresponding amplitude spectrum, denoted as
Xampl;avert , is obtained by dividing the absolute value of Xavert
by N:
Xampl;avert ¼

jXavert j
:
N

In the same way, the spectra of the lateral (Xay ¼ fXay ðkÞ
N1
gN1
k¼0 ) and the antero-posterior (Xaz ¼ fXaz ðkÞgk¼0 ) accelerations can be computed.
In Fig. 5, the amplitude spectra Xampl;avert , Xampl;ay , and
Xampl;az , associated with all the 55 GT trials, are shown. The
spectra have been grouped according to the UPDRS score
assigned to the trials by neurologists and sorted in ascending order (from UPDRS 0 to 3). It can be observed that spectrum amplitude peaks are centered in correspondence to
step frequency (approximately around 2 Hz) and their magnitudes tend to decrease moving from low to high UPDRS
values (from left to right): the higher the UPDRS, the “less
powerful” the movement. This intuitive consideration can
be translated into a new feature representative of the
“power” of the movement. For the signal avert , we define the
spectrum power Pavert as follows:
Pavert ,

1
X
1N
ðXavert ðkÞÞ2 :
N k¼0

Similarly, the spectrum powers of X ay , denoted as Pay , and
of X az , denoted as Paz , are computed. Finally, the feature
Psum , which takes into account the power of all the components, is computed as follows:
Psum ¼ Pavert þ Pay þ Paz :

3.3 Overall Features
For ease of readability, in Table 1 we summarize all the 29
considered features.4

4

RESULTS AND DISCUSSION

4.1 System Validation
A preliminary validation procedure was performed in order
to verify the consistency between features’ estimation
through the inertial BSN and through the optoelectronic reference system. The estimation errors, defined as the difference between the values obtained using our inertial
measurement system and the ground truth (given by the
optoelectronic system), considering various spatio-temporal
parameters, are shown in Table 2. The average errors are
comparable to those obtained in other studies, with both similar and different methods [16], [17], [28], and are sufficiently
low to be considered almost negligible for our purposes. In
particular, the errors in the detection of HS and TO events are
likely to be systematic (they have always the same sign) and
could thus be corrected at a later stage. For what concerns the
measure of the thighs’ inclination, the system validation has
already been performed in [9] with similar precision.
4.2 Features Analysis
As anticipated in Section 1, the aim of this work is to investigate the connection between gait features in PD patients and
the UPDRS scores assigned to them by clinicians. Our ultimate goal is to define a protocol for automatic UPDRS scoring of Parkinsonians.
In Fig. 6, the average values of all 29 considered features,
calculated over all the GT trials belonging to each UPDRS
class are shown. The features’ values have been normalized
between 0 and 1, matching the maximum value of each feature to 1. It can be observed that some of the displayed parameters reveal clear monotonic trends as functions of the UPDRS
score. For ease of visualization, in the following we consider
only a subset of the 29 features, trying to maintain the relevant
information about the gait characteristics and to reduce
redundancy. The parameters with right and left components
have been replaced with the arithmetic average of the two values. For instance, the new feature GCTmean is computed by
4. For some features, only the formula associated with the right leg
is shown for lack of space. The formula for the left leg is straight
forward.
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TABLE 1
Summary of All the 29 Considered Gait Features
Feature

Dimension

Formula

Gait Cycle Time: the time interval between
the HS of a foot to the next HS of the same foot.
Stance Time: portion of the GCT during which
a foot is in contact with the ground.
Swing Time: portion of the GCT during which
a foot is not in contact with the ground.
Initial Double Support: portion of the GCT during
which both feet are in contact with the ground
(in the first step of the gait cycle).
Terminal Double Support: portion of the GCT
during which both feet are in contact with the
ground (in the second step of the gait cycle).
Double Support: total portion of the GCT during
which both feet are in contact with the ground.
Limp: difference between IDS and TDS in the
same gait cycle (absolute value).

s

GCTR=L ðkÞ ¼ HSR=L ðk þ 1Þ  HSR=L ðkÞ

%

STR=L ðkÞ ¼ 100 

%

SWR=L ðkÞ ¼ 100  STR=L ðkÞ

%

R ðkÞ
IDSðkÞ ¼ 100  TOL ðkÞHS
GCT ðkÞ

%

ðkÞHSL ðkÞ
TDSðkÞ ¼ 100  TORGCT
ðkÞ

%

DSðkÞ ¼ IDSðkÞ þ TDSðkÞ

%

LimpðkÞ ¼ jIDSðkÞ  TDSðkÞj

Temporal Features

TOR=L ðkÞHSR=L ðkÞ
GCTR=L ðkÞ

Spatial Features
Stride Length: distance travelled during a
complete gait cycle.
Stride Velocity: the average linear velocity
of a foot during a gait cycle.
Step Length: distance travelled form the HS of
one foot to the HS of the contralateral foot
(step cycle).
Step Velocity: the average linear velocity of a foot
during a step cycle

% of subject’s height

SLðkÞ ¼ StepLR ðkÞ þ StepLL ðkÞ

% of subject’s height/s SV ðkÞ ¼ SLðkÞ
GCT ðkÞ
% of subject’s height

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
StepLR=L ðkÞ ¼ K2 2‘hR=L ðkÞ  hR=L ðkÞ2

% of subject’s height/s StepVR ðkÞ ¼
HS

StepLR
L ðkÞHSR ðkÞ

Additional Features
Thigh Range of Rotation: maximum
flexion/extension excursion of the thighs.
Maximum Angular Velocity: maximum value
of a thigh’s angular velocity in a gait cycle.
Cadence: step number per minute.
Step Regularity: measure representative of
step periodicity.
Stride Regularity: measure representative of stride
periodicity.
Symmetry: ratio between step and stride
regularity.

deg

Thigh RoRR ðkÞ ¼ maxi2GCTR ðkÞ uðiÞ  mini2GCTR ðkÞ uðiÞ

deg/s

Max vR ðkÞ ¼ maxi2GCTR ðkÞ vðiÞ

steps/minute
adimensional

C ¼ 60f
d1
Rstep ¼ Aunbiased ðd1 Þ

adimensional

Rstride ¼ Aunbiased ðd2 Þ

adimensional

Aunbiased ðd1 Þ
S¼A
ðd2 Þ
unbiased

Features in the Frequency Domain
Spectrum Power for the linear vertical acceleration.
Spectrum Power for the medio-lateral acceleration.
Spectrum Power for the antero-posterior
acceleration.
Total Spectrum Power.

adimensional
adimensional
adimensional

P
2
Pavert ¼ N1 N1
k¼0 ðXavert ðkÞÞ
P
N1
2
1
Pay ¼ N k¼0 ðXay ðkÞÞ
P
2
Paz ¼ N1 N1
k¼0 ðXaz ðkÞÞ

adimensional

Psum ¼ Pavert þ Pay þ Paz

averaging GCTR and GCTL . The 11 features in the reduced set
are fGCTmean , STmean , DS, Limp, SL, StepVmean , C, Rstep , S,
Thigh RoRmean , Psum g. In Fig. 7, the average values of the features in the reduced set, averaged, over all trials, for each
UPDRS class, are shown through a radar plot. It can be
observed that the values of the temporal parameters, such as
GCT , ST , and DS, are generally increasing for increasing
UPDRS score, as observed in other works [11]. Patients with
gait impairments, in fact, tend to walk more slowly than
healthy subjects (walking normally) and remain longer in the
double support phase. This, in turn, implies also lower values
of cadence C, due to longer GCT s which influence the

number of steps which patients can perform in a minute. It is
possible to remark that subjects who present festinating gait,
i.e., an alteration in gait pattern typical of Parkinsonians, characterised by a quickening and shortening of normal strides,
perform short steps with a very high cadence, thus leading to
low values of temporal parameters even for high UPDRS
scores.
Regarding the spatial parameters and the flexion/extension excursion of the thighs, the trend is clearly decreasing for
increasing values of the UPDRS score. SL, StepV , and
Thigh RoR have similar trends, with a reduction of approximately 60 percent between the UPDRS class 0 and the UPDRS
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TABLE 2
Estimation Errors for Relevant
Spatio-Temporal Parameters
Parameter
HS
TO
GCTR
GCTL
STR
STL
DS
C
SL

Mean
8.22 ms
6.83 ms
0 ms
16.27 ms
0.03 %
1.62 %
0.55 %
0.7 steps/min
4.23 cm

STD
17.6 ms
26.33 ms
13.81 ms
28.74 ms
3.46 %
1.23 %
4.63 %
1.8 steps/min
4.94 cm

classes 2.5 or 3. This result is consistent with clinical observations of Parkinsonian walking, in which patients with increasing gait impairments perform shorter steps, with reduced
velocity and reveal, in general, a more limited movement
range in lower limbs [29]. In the same way, Rstep , which is a
feature representative of the homogeneity of the rhythmic
component of gait, tends to decrease consistently (almost
70 percent) from healthy subjects (normal walking) to subjects
with high UPDRS score. The symmetry of walking, expressed
by the feature S, maintains, instead, a low variability across
all UPDRS values, except for the UPDRS 3 subject: this seems
to be more related to the single subject walking characteristics
than to the entire scoring cluster.
Finally, the Psum feature, which synthesizes the frequency-domain gait characterization, shows a very high
correlation with the UPDRS score, with a clear monotonic
decreasing trend and a range excursion of almost 95 percent
between the lowest (0) and the highest (3) UPDRS classes.
This behaviour is due to the fact that the overall “power” of
the subject’s gait decreases consistently in correspondence
to: a reduction in amplitude and velocity of strides; a limited regularity in steps’ cadence; and rigidity or, more generally, movement impairments.
We now analyze two illustrative pairs of features, among
those just introduced, to highlight the existence of
“parametric trajectories” in terms of UPDRS values. In Fig. 8a,
all the stride length/power sum pairs fðSLi ; Psum;i Þg55
i¼1 for all

Fig. 7. Average normalized values of the reduced set of features for each
UPDRS class.

gait trials are shown on the same two-dimensional plane.
Each pair (i.e., a point in the two-dimensional plane) corresponds to a trial and is colored in accordance to the UPDRS
score assigned to the patient in the considered test. For each
UPDRS score cluster, the centroid is denoted by a star marker
(of the same color of its UPDRS class). Furthermore, all centroids are connected by a black piece-wise line, which highlights the parameters’ trend for increasing UPDRS scores.
Finally, the (red) exponential curve, obtained by minimum
mean square error fitting and representing a smoothed version of the centroids’ trajectory, is also shown. It can be clearly
observed that the centroids move smoothly toward the bottom-left corner for increasing values of the UPDRS score,
since both stride length and spectrum total power decrease.
Similarly, in Fig. 8b the pairs fðRstep;i ; Thigh RoRmean;i Þg55
i¼1
are shown on the same two-dimensional plane. The centroids
identify a sharp decreasing trajectory toward the bottom-left
corner, which corresponds to (i) a more limited rotation range
in thighs movements and (ii) a lower step regularity. Note,
however, that the pairs of features belonging to UPDRS classes 2.5 and 3 are almost overlapped.
We remark that a few points in both Figs. 8a and 8b are far
from the main trajectory because neurologists took into
account, for the assignment of the UPDRS scores, other qualitative variables, such as the movement of the upper limbs,
which cannot be assessed with the used BSN configuration.
From the obtained results, one can conclude that some
gait characteristics, measurable with the proposed inertial
BSN, are strongly related to the UPDRS scores assigned to
patients by neurologists. Therefore, investigating the feasibility of a classification system for automatic UPDRS score
assessment of the GT in Parkinsonians is meaningful.

4.3 Automatic UPDRS Evaluation
For completeness, we have performed a Principal Component Analysis (PCA) on the 11-element reduced set of
parameters5 introduced above. This allows us to reduce further its dimensionality while retaining most of the variability (i.e., information content) of the original data [30]. For
Fig. 6. Average normalized values of all the estimated features for each
UPDRS class.

5. The original 11-dimensional data have been normalized before
applying PCA.
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Fig. 9. Average CDFs of the absolute error e evaluated applying NCC,
kNN, and SVM on both original and PCA-projected data. The black solid
line represents the best CDF, obtained using kNN on the combination of
features (STmean , StepVmean , S) and with k = 6.

b of the UPDRS score for each
output an estimated value u
sample corresponding to a GT trial.
The absolute UPDRS classification error is defined as
follows:
e , jb
u  uj;

Fig. 8. Average features pairs graphically visualized on the same plane.
In (a) the fðSLi ; Psum;i Þg55
i¼1 pairs are considered while in (b) the
fðRstep;i ; Thigh RoRmean;i Þg55
i¼1 pairs are displayed. Each point represents
a single GT trial and is colored in accordance to its UPDRS score. The
centroids of the UPDRS score clusters are shown as colored stars and
linked with a black piece-wise line. The red curve is a smoothed (exponential) version of the piece-wise line.

conciseness, no trajectory in the reduced-dimensionality
features space is shown.
In order to devise an automatic UPDRS score detection
system, we consider three classification methods: Nearest
Centroid Classifier (NCC), k Nearest Neighbors (kNN),
and Support Vector Machine (SVM) [30]. Several tests
have been performed using different system configurations and parameters, both on original data and on PCAprojected data, evaluating the results for: (i) all the combination of the 11 features;6 (ii) increasing number of the
principal components (from 1 to 11). When the kNN classification method is used, the considered value of k
ranges from 0 to 10. A leave-one-out cross-validation
method has been adopted to avoid bias in the classification performance. This means that each point of the original dataset is used, in turn, as the new (unknown) point
to be classified and the remaining points are used to train
the classifiers. The classification procedure returns as
6. We considered the reduced set of features for convenience but
experimental results showed that performing the same analysis on the
entire set of features does not increase the classification performance.

where u is the actual UPDRS score assigned to trials by a neurologist. To better understand the classification accuracy
achieved by the considered algorithms, we compute the
Cumulative Distribution Function (CDF) of the error e. In
Fig. 9, the average (over all the possible parametric configurations) CDFs obtained by each classifier on both original
and PCA-projected data are shown. The Area under the
Curve (AuC) is selected as a representative performance
metric. It can be observed that, on average, almost all the
classification methods achieve similar results. The best accuracy is reached by the kNN algorithm applied on the original
dataset, closely followed by SVM and NCC on the same dataset. The use of PCA slightly worsens the classification performance. The CDF which maximizes the AuC, i.e., guarantees
the best performance, corresponds to the system using kNN,
with k ¼ 6, on the subset of features fSTmean ; StepVmean ; Sg.
With this configuration, the system classifies correctly (with
e ¼ 0) approximately 53 percent of the trials and with e  1
almost the entire set of trials (about 98 percent).
Finally, in Fig. 10 we graphically visualize, in a threedimensional space, the ensemble of realisation of the features triplets fSTmean;i ; StepVmean;i ; Si g55
i¼1 that achieved the
best performance in Fig. 9. Each point corresponds to a trial
and centroids are calculated by averaging the features’ values among samples belonging to the same UPDRS class.
Even though the trajectory identified by the centroids is not
as smooth as the trajectories in Fig. 8, a clear trend emerges
and allows a good separation between UPDRS classes. This,
in turn, corresponds to a robust classification performance.

4.4 Clinical Applications
The performance achieved by the automatic scoring system,
discussed in the previous subsection, compares favorably
with typical inter/intra-rater variability which can affect
neurologists’ decisions while assigning UPDRS scores to PD
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Fig. 10. Three-dimensional representation of the points fðSTmean;i ;
StepVmean;i ; Si Þg55
i¼1 associated with the features that achieved the best
performance. Each point represents a single GT trial and is colored in
accordance to its UPDRS score. The centroids of the UPDRS score clusters are shown as colored stars and linked by a black piece-wise line.

patients [23]. In Fig. 11, the CDF of the error e, defined as the
(absolute) difference between the UPDRS scores assigned
by the automatic system and the neurologist, is compared
with the CDF of the (absolute) difference d between the
UPDRS evaluations by two different neurologists. It can be
observed that the two CDFs have very similar trends and
the maximum variability in the UPDRS scoring between the
automatic system and the neurologists is (almost) always
within one UPDRS class: this is consistent with the interrater variability between clinicians–an exhaustive discussion on this finding, considering different UPDRS tasks
(namely, leg agility, sit-to-stand, and gait tasks), is presented in [31]. On the basis of this observation, it can be concluded that the proposed system has the potential to mimic
the evaluation performance of medical personnel. Obviously, further investigations on the accuracy and the reliability of the proposed system (using a larger set of
patients, a more uniform distribution of scores across all the
UPDRS classes, and additional evaluations by more neurologists) should be required to make the performance analysis
more meaningful from a statistical point of view.
Nevertheless, the achieved results make the designed
system suitable to real applications in the e-health scenario
and this, in turn, can provide an added value to the clinical
evaluation of the PD. For example, the development of a
telemedicine systems for remote monitoring of PD patients
could allow the quantitative measurement of motor fluctuations multiple times throughout the day (unlike the usual
time-limited evaluation performed in the clinics), providing the neurologists with a more reliable clinical “picture”
of the patient and allowing more accurate symptoms’
assessment and management.

5

CONCLUSION

In this paper, an exhaustive characterization of the GT in Parkinsonians, based on the estimation of a large set of gait features, has been performed with the aim of investigating the
connection between the measured kinematic variables and
the UPDRS scores assigned to patients by neurologists.
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Fig. 11. Comparison between the CDF of the automatic classification
error e (i.e., the absolute difference between the (best) score by the automatic system and the score by one of the neurologists) and the absolute
difference in the UPDRS scoring between two neurologists.

Different parameters have been calculated using a low-complexity BSN formed by three wearable IMUs. An in-depth
analysis of the collected data has been carried out in both
time and frequency domains, in order to identify the gait features which are particulary representative of the UPDRS
class. In particular, we have focused our attention on (i) a
novel approach to estimate temporal parameters from trunk
accelerometric signals and (ii) the spectral analysis of the GT,
which has revealed a strong connection between the
“power” of the movements during walking and the level of
gait impairments of the patients. A validation procedure has
been carried out to check the accuracy of the proposed system and has been shown that the UPDRS estimation error is
almost negligible for the purposes of this work. We have performed an experimental investigation considering 34 PD
patients. The observed results show that some parameters,
such as SL, StepV , Rstep , Thigh ROR and Psum , are clearly
related to the UPDRS score and decrease almost linearly
with increasing UPDRS values, in accordance with actual
clinical observations of walking PD patients. Finally, we
have designed and implemented an automatic detection system capable of assessing the GT performed by PD patients
and assigning them a suitable UPDRS score. The lowest classification error has been obtained by the kNN algorithm
applied on the features fSTmean ; StepVmean ; Sg and with k = 6.
The achieved results, together with the possibility to integrate in the same system the automatic evaluation of different UPDRS tasks through the same simple BSN, represent a
good starting point for the creation of a tele-health application, easily integrable in an affective computing scenario.
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