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Abstract: The analysis of the body center of mass (BCoM) 3D kinematics provides insights on
crucial aspects of locomotion, especially in populations with gait impairment such as people with
amputation. In this paper, a wearable framework based on the use of different magneto-inertial
measurement unit (MIMU) networks is proposed to obtain both BCoM acceleration and velocity. The
proposed framework was validated as a proof of concept in one transfemoral amputee against data
from force plates (acceleration) and an optoelectronic system (acceleration and velocity). The impact
in terms of estimation accuracy when using a sensor network rather than a single MIMU at trunk
level was also investigated. The estimated velocity and acceleration reached a strong agreement
(p > 0.89) and good accuracy compared to reference data (normalized root mean square error
(NRMSE) < 13.7%) in the anteroposterior and vertical directions when using three MIMUs on the
trunk and both shanks and in all three directions when adding MIMUs on both thighs (p > 0.89,
NRMSE < 14.0% in the mediolateral direction). Conversely, only the vertical component of the BCoM
kinematics was accurately captured when considering a single MIMU. These results suggest that
inertial sensor networks may represent a valid alternative to laboratory-based instruments for 3D
BCoM kinematics quantification in lower-limb amputees.

Keywords: sensor network; wearable sensors; gait analysis; lower-limb amputation; CoM; prosthesis;
locomotion; MIMU; kinematics

1. Introduction

During the rehabilitation of people with lower-limb amputation, monitoring the
kinematics of the body center of mass (BCoM) or the 3D ground reaction forces may
reveal crucial information related to gait impairment [1-3]. Indeed, 3D BCoM motion has
been shown to provide insight on dynamical stability [4-6], gait energetics [7-9] and gait
asymmetries [1,10], in particular in this population. The gold standard methods to derive
3D BCoM motion rely on force plates and/or optical motion capture systems (OMCSs).
Force plates allow the direct retrieval of BCoM acceleration through the measurement of
the external forces applied on the body and the application of Newton’s second law [3].
While this method does not rely on any assumption regarding the body or its inertial
properties, integration constants must be determined to obtain the BCoM velocity or
displacement, which clearly impacts the accuracy of the results [2]. On the other hand,
OMCSs allow tracking the positions of body-worn markers. Therefore, the application
of the segmental analysis method, which consists in modeling the body as a chain of
rigid segments with known inertial properties, allows obtaining first the trajectory of the
segments’ centers of mass and, following a weighted average, that of the BCoM [11]. This
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method has been widely used in the literature for the estimation of BCoM displacement,
velocity and acceleration, with some authors proposing optimal marker sets to facilitate
the implementation of the method in the clinical field [12-15]. When this methodology is
used, it is important to ensure that the selected inertial model is adapted to the population
studied, as it has a significant impact on the estimated BCoM motion [2,16]. Both these
methods constrain the acquisition to occur in a dedicated laboratory, which may not be
adapted to clinical routine due to high system cost and complexity [17], and may result
in the acquisition of a few steps only, especially when the force-plate-based method is
adopted [2].

Therefore, in recent years, the use of wearable sensors has been advocated as an
alternative to laboratory-based instruments for the computation of BCoM motion and
ground reaction force [17,18]. In particular, magneto-inertial measurement units (MIMUs)
are lightweight and low-cost sensors, embedded with tri-axial accelerometers, gyroscopes
and magnetometers. These sensors measure the linear acceleration, the angular velocity
and the local magnetic field along/about the axes of an inertial frame defined by the
MIMU case (“MIMU local frame”). These signals can then be fused to provide an estimate
of the orientation of the MIMU local frame relative to a global (Earth-fixed) reference
frame [19,20]. Therefore, provided a MIMU is rigidly attached to a body segment, it might
provide an estimation of its motion and thus be used for segmental analysis [21-23].

However, the implementation of segmental analysis with MIMUs is not as straightfor-
ward as one may think.

First, for each MIMU-bearing segment, the acceleration is measured at the origin of
the MIMU local frame and must be transferred to the segment center of mass (SCoM),
which is not immediate since MIMUs do not provide an estimation of their absolute
position. To overcome this limitation, some authors have proposed positioning MIMUs or
accelerometers close to the underlying SCoM [22,24], which may compromise the accuracy
of the retrieved accelerations. Other authors have coupled a full-body inertial model to a
full-body kinematic chain [21,23]. This configuration is facilitated by commercial solutions,
such as the xSens MVN suit [25] or the myoMotion software and hardware systems [26].
However, these solutions are often expensive and can be cumbersome as they require
performing a rigorous sensor-to-segment calibration and impose the use of sensors on
each segment pertaining to the kinematic chain. Other authors have suggested using
OMCSs [27] or photographs [28] to initialize the absolute position of MIMUs with respect
to the relevant SCoMs.

Second, the obtained SCoM accelerations are expressed in the MIMU local frames
and must therefore be fused in a consistent global reference frame before computing
the BCoM acceleration. However, the global frames sensed by several MIMUs may not
be consistent across MIMUs [29-31], which might lead to errors when fusing data from
multiple sensors. To correct for this global frame inconsistency, several authors have
suggested using OMCSs [27,31,32] or photographs [30] in order to compute, for each MIMU,
the orientation of its self-sensed global frame in a consistently defined global reference
frame. Alternatively, a recent study has proposed using hypotheses on the orientation of
segments during a static posture and sensor-to-segment calibration procedures to correct
the global frames sensed by each sensor [33].

In order to facilitate MIMU-based segmental analysis in the clinical field, it is essential
to keep the number of required sensors as low as possible while achieving sufficient
accuracy [14,17]. Therefore, similarly to what is done with OMCSs, the sacral method
paradigm, consisting of using a single sensor positioned on the lower back, has been widely
investigated [34-39]. While this approach is quick and easy to implement, it was shown to
lack accuracy when dynamical motion of the upper body was involved [2,37,39] or in case
of asymmetrical gait pattern [15,35], such as for people with lower-limb amputation [40,41].
Some authors have therefore proposed optimal sensor networks in order to limit the
number of segments instrumented with MIMUs for the computation of BCoM-derived
parameters [39,42,43]. To identify the optimal location and number of sensors, several



Sensors 2021, 21, 3129

30f18

approaches were used: Zijlstra and coworkers instrumented the trunk and pelvis segments
based on their higher mass compared to the other body segments [43], Najafi and coworkers
instrumented the shank, thigh and trunk based on the observation that the motion studied
(golf swing) involved mainly rotations around the ankle and hip joint [39] and, lastly,
Shahabpoor and coworkers have proposed identifying the optimal location of sensors by
analyzing the contributions of the individual accelerations of each SCoM in the total BCoM
acceleration [24]. This last methodology is of particular interest since it is the only one
applied for gait and since the MIMU-bearing segments are chosen both based on their mass
and their motion. Consequently, it has been recently applied to the gait of ten people with
transfemoral amputation and has shown that instrumenting the trunk, thighs and shanks
or feet allows an accurate estimation of BCoM acceleration [44]. However, in this study,
MIMU data were simulated using an OMCS in order to overcome the two above-mentioned
issues related to reference frame consistency and absolute position. The validation of the
obtained optimal sensor networks in the same population, i.e., people with transfemoral
amputation, using data from actual MIMUs remains to be performed.

Another challenge when using MIMUs rather than OMCSs is the inherent noise in the
sensor signals, which may lead to drift when integrating the acceleration to compute the
instantaneous velocity—or displacement—of the BCoM. A solution to mitigate the drift
is to express the instantaneous velocity over a gait cycle as the sum of a cyclical term and
an average velocity of progression, computed from the stride length divided by the stride
duration [38,45].

In light of all these considerations, this work aimed at proposing a wearable framework
allowing the estimation of both the BCoM acceleration and instantaneous velocity from
an optimal network of MIMUs. Several networks of MIMUs were investigated based
on the results obtained in ten people with transfemoral amputation using an OMCS in a
previous work [44]. As a proof-of-concept, the framework implemented in one person with
transfemoral amputation is presented. Its accuracy was validated against force platforms
(BCoM acceleration) and optical motion capture data (BCoM acceleration and velocity).
The following criteria were taken into account in the development and validation of the
proposed wearable-based framework: (1) setup and acquisition durations should be as
short as possible, with a minimum number of sensors; (2) calibration procedures and
processing complexity should be kept at a minimum. Compliance with these criteria is
assumed to facilitate the future transfer of the proposed framework to the clinical field.

2. Materials and Methods
2.1. Implementation of a Wearable Framework

In order to estimate BCoM acceleration and velocity using an optimal sensor network
of segment-mounted MIMUs, a wearable framework was implemented, consisting of the
three following steps:

e Computation of the 3D acceleration of each SCoM from MIMU data based on an
inertial model;
Expression and fusion of SCoM accelerations in a consistent common global frame Rg;
Estimation of the 3D BCoM acceleration and velocity from a weighted average of
selected SCoM accelerations.

Since trunk, thighs, shanks and feet are the major contributors to 3D BCoM acceleration
for people with transfemoral amputation [44], seven MIMUs were mounted on these
segments and manually aligned with their respective longitudinal axes. Consistently with
the cited reference, in the present work, the BCoM acceleration and velocity obtained
from different combinations of sensors including from three to five of the abovementioned
MIMUs were investigated with the proposed methodology (see Section 2.1.3). The next
paragraphs describe the three steps of the framework in further detail, while its evaluation
is detailed in Section 2.2.
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2.1.1. Computation of 3D SCoM Acceleration in the MIMU Local Frames

In a first step, 3D SCoM accelerations are computed from segment-mounted MIMUs
in their respective MIMU local frame R1;mu;-

For each MIMU-bearing segment, the computation of SCoM acceleration (a;c,p,) from
the acceleration measured at the origin of the MIMU (a,/puy;,) is straightforward under the
assumption that the SCoM and the MIMU are both rigidly attached to the same rigid body,
and it only requires knowing the relative position between the SCoM and the MIMU origin
(Equation (1)).

ascom; = Aormu; + Qumu; A (Qumu; A Timu—scom;) + Quviu, A Timu,—scom; I Ryimu, (1)

where Qpy;, is the angular velocity measured by the MIMU, Q mu; is the MIMU angular
acceleration and ryp1y;,—scon; is the relative position between the MIMU origin and the
SCoM expressed in Ryimu;-

However, it is not possible to directly obtain the position of a SCoM in its associated
MIMU local frame. With the assumption that MIMUs are rigidly attached to their respective
underlying segments, the relative position between each pair of SCoM and MIMU is
constant in the MIMU local frame. Therefore, it is sufficient to determine this relative
position at just one single instant in another reference frame, provided that the orientation
of the MIMU local frame is known in this reference frame. Using an inertial model
personalized to each participant with calibrated photographs, both the SCoM and the
MIMU positions can be retrieved in a consistent reference frame corresponding to that
of the photographs. The relative positions being expressed in the photograph frame, the
orientation of each MIMU local frame in the photograph frame must be determined to
express the relative position in the MIMU local frame and deduce the acceleration of each
SCoM from Equation (1).

The present framework relies on a 15-segment subject-specific inertial model derived
from Pillet and coworkers [46]. Similarly to [46], the photographs are calibrated using
retro-reflective markers located on the ground and on the upper body. The positions of
these markers are recorded with an OMCS while the photographs are being taken. For each
MIMU, the position of its origin is then manually identified on the photographs, which
allows computing its relative position with respect to the underlying SCoM (ro1pmu;—scom;)
in the OMCS reference frame Ropcs- Then, the transformation matrix Popics— mimu; from
each MIMU local frame Ryjpmu; to Ropmcs must be known during the static acquisition.
While the global frame R¢r, sensed by each MIMU has its vertical axis (z¢r,) coincident
with that of the OMCS, each MIMU global frame and the OMCS frame may have a
different heading due to perturbations of the magnetic field [29,30,47]. Consequently, the
orientation output provided by each MIMU PgF, _ pimu; cannot be directly used to estimate
the transformation matrix Popcs— mrmu; from Ryiimu, to Roycs during the static phase.
Instead, the framework relies on the knowledge of the manual alignment of MIMUs with
the OMCS frame during the initial static posture.

The static posture in which the participant is being photographed has been defined
such that he/she is standing facing the direction of progression. It is assumed that,
in this position, each MIMU is aligned such that one of the axes of the MIMU local
frame lies in the sagittal plane of the participant (which coincides with that of the OMCS
frame—Equation (2)). Under this assumption and considering that (1) the vertical axis
of the MIMU global frame coincides with that of the OMCS (Equation (3)) and (2) the
orientation of the MIMU local frame in its global frame is known, it is then possible to ex-
press the orientation of the OMCS reference frame in the MIMU local frame Popics—mrmu;
during the static acquisition (Equations (4)—(7)). Figure 1 details the procedure for a MIMU
positioned at the trunk level.

xmimu; € {Xomcs ;zomcs} 2)

zomcs = zgr known in Ryimy, 3)
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Figure 1. Computation of the orientation of the trunk MIMU local frame in the OMCS reference frame Py7pr17—onics during
the static posture (at t = t(). To determine the orientation matrix, the axes of the OMCS reference frame must be determined
in the MIMU local frame. Pprpr17—cr is retrieved from the orientation output of the MIMU at t = f( (a). Pyimu—omcs
is unknown at t = tg (b) but it might be approximated using (c). Using the orientation output of the MIMU, the vertical
direction zgr of the MIMU-sensed Earth-fixed frame is known in Ry Furthermore, since MIMUSs’ attitude is not
affected by magnetic perturbations, the vertical direction detection by MIMU s is robust and is consistent with that of the
OMCS global frame Rppcs. Therefore, zgr = zomcs in Rypmu.- The manual alignment of the MIMU on body segments
and the static posture taken by the participant allows assuming that the x axis of the MIMU local frame xprp17 is in the
plane defined by xpprcs and yoprcs axes. This in turn can be used to approximate xpoprcs and yoaics in Ry (d). Lastly,
Pyiimu—onmcs is obtained at t = tg as the inverse of Popcs— mivu (€)-

From Equations (2) and (3):
xomcs € {xmimu, ;ZGF}RMIMU 4)

Then, yonmcs is orthogonal to the plane defined by {xymimu, ;z6r } Ry, A0

ZGF|Rpmu; ¢ *MIMU;| Ry,

Yomcs| Ry, =

‘ ©)

HZGHRMIMUZ- X XMIMU; Ry,

XOMCS|Ryimu; = YOMCS| Ry, ™ 2GRy, (6)
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XoMCs
Pomcs—mimu; = Yomcs ()

ZoMcCs Ry,

The transformation matrix Popcs—mimu, obtained during the static phase allows
expressing the vector 71y, —scom; obtained in the OMCS frame Ropcs in the MIMU local
frame Ryymy;- It follows that SCoM accelerations can be computed in their respective

sensor frame at all timestamps following Equation (1), where Qy Mu; is obtained using a
5-point stencil differentiation of the angular velocity Qjp;.

2.1.2. Merging SCoM Accelerations in a Consistent Common Global Frame

Since MIMUs may sense inconsistent global frames (Rgr) [29], a consistent common
global reference frame R must be defined consistently for all MIMUs in order to merge
the SCoM accelerations in a global reference frame and to compute the BCoM acceleration.
In the present study, the reference frame sensed by the trunk MIMU Rgp, ., rotated so
that one axis is coincident with the direction of progression, is chosen as the common
global reference frame ( Rg = R;(0) x Rgp,,,, see Figure 2). This choice is supported
by the lesser exposition of the trunk MIMU to magnetic perturbations compared to the
MIMUs located on other segments, as the trunk lies farther from the ground [30] and is
subject to low height variation while walking [48]. The direction of progression can be
inferred from the orientation output of the trunk MIMU using the fact that one of its axes
lies in the sagittal plane of the participant and is, therefore, oriented towards the direction
of progression.

Direction of progression (DoP)

............................................... >

RMiMUpymic (t0)

PMIMU k=G F traumic (F0)

Identification of the rotation
R,(0) required to ensure that the
trunk global reference frame has
one axis pointing towards the

b direction of progression (DoP)

Rumimu, oy (t0)

asnasnsansp

DoP.

os® t... >
* ....../e X
..*
RGF[runk(tO)

Figure 2. Rotation R; () of the trunk-MIMU-sensed Earth-fixed frame (Rgp,, ) to align one of its axes with the direction of
progression, using the orientation of the trunk MIMU local frame (Rp11pmu1,,,,,,.)-

For each MIMU;, the constant transformation matrix Pg_gr, between the MIMU’s
sensed global frame Rgf, and the common global reference frame Rg = R;(0) x RgF,,,,
is obtained during the initial static posture at the beginning of each acquisition using
the known orientation in Rppcs of both the trunk MIMU (Poacs—mimu,,,,, ) and MIMU;
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(Pomcs—miI Mu,-) (Section 2.1.1), as well as their known orientation outputs (Pys; MUyt — Gt ?
Prmrvu,—cr;) (Equations (8)~(10)):

Pc_cr,,,, = R=(0) 8)

PG_GFI' = PG_Gthnk X PGthnk_GFi = RZ (9) X PGFtrunk_GFi (9)

Pc_cr, = Rz(0) x Pgr,,,.—MIMU,,, (to) X Pmimu,,,—omcs (to) X Pomcs—mimu; (to) X Pumrmu,—cr (to) — (10)

Using the constant transformation matrix P;_gr, and the orientation output pro-

vided by each MIMU ( Pyiimu,—Gr, = Pg, I}, _MIMU; ), the acceleration of each SCoM can be
expressed in a consistent global reference frame at all timestamps:

MIMU;
aSGCOMl-(t) = Pecr, X Per—mimu; (£) X acop, () (11)

2.1.3. Estimating 3D BCoM Acceleration and Velocity
Selected Sensor Networks

As mentioned above, based on the results of a previous work that analyzed the contri-
butions of the body segments to the BCoM acceleration in ten people with transfemoral
amputation [44], three sensor networks each composed of 3 to 5 segments were considered
as good candidates for the estimation of BCoM acceleration and velocity (Table 1). BCoM
acceleration and velocity obtained using a unique MIMU at the trunk level were also
analyzed to verify the hypothesis that using multiple sensors instead of a single sensor
would improve the accuracy of the estimates.

Table 1. List of the sensor networks investigated for the estimation of 3D BCoM acceleration and
velocity using the wearable framework.

Number of Sensors Instrumented Segments
5 Trunk, thighs, shanks
5 Trunk, thighs, feet
3 Trunk, shanks
1 Trunk
3D BCoM Acceleration

For each of the selected sensor networks, SCoM accelerations of the included seg-
ments were expressed in Rg and fused to compute 3D BCoM acceleration, with g,
representing the mass of the ith segment derived from the personalized inertial model
and N representing the number of MIMU-bearing segments included in the network

(Equation (12)):
N
acom = ) Nmiﬂscmi (12)
i=1 Lij=1 Mseg;
3D BCoM Velocity

The 3D BCoM velocity was computed stride per stride as the sum of the average
walking speed and the cyclical component. Stride segmentation was performed at the
prosthetic heel strike from shank MIMU readings [49,50]. Subsequently, the average
component of 3D BCoM velocity (or “average walking speed”) was estimated as the ratio
of the displacement of the prosthetic shank along the direction of progression within a
stride to the stride duration, using the kinematic model specifically developed for people
with lower-limb amputation by Durrafourg and coworkers [51]. The cyclical component of
the 3D BCoM velocity was computed from direct numerical integration of 3D MIMU-based
BCoM linear acceleration followed by high-pass filtering [52].
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2.2. Evaluation of the Wearable Framework
2.2.1. Experimental Protocol

A proof-of-concept validation was performed to evaluate the wearable-based frame-
work. One male individual with transfemoral amputation (mass: 83 kg, stature: 1.69 m,
age: 35 years old) gave his written informed consent to participate in the study, which was
conducted according to the guidelines of the Declaration of Helsinki and approved by an in-
dependent Ethics Committee (Comité de Protection des Personnes, NX06036, approved on
1 March 2019). He was instrumented with a full-body marker set and seven MIMUs (Xsens
Technologies B.V., Enschede, The Netherlands, 100 samples-s_l) on the feet, shanks, thighs
and trunk, each mounted on a 3D-printed plastic support with housings for four reflective
markers (Figure 3). An OMCS (Vicon, Oxford Metrics, UK, 200 samples-s~1) recorded the
markers’ 3D position while four photographs (front, back, both sides) were taken. Then,
starting from a static standing posture, the participant walked at self-selected speed along
an 8 m pathway, with three force plates (AMTI, Advanced Mechanical Technology, Inc.,
Watertown, MA, USA, 1000 Hz) in the middle. Synchronization between instruments was
achieved by an electronic trigger signal. Only trials with three successive foot contacts on
the force plates (i.e., a complete stride), were considered for further analysis.

Figure 3. Full-body marker set and custom 3D-printed plastic MIMU housing.

2.2.2. Data Processing

Data were filtered using a zero-phase fourth-order Butterworth filter. Cut-off fre-
quencies were identified using a spectral analysis approach (5 Hz for marker and MIMU
raw data, 10 Hz for force plates). Reference SCoM accelerations were obtained by double
differentiation of OMCS-based SCoM positions. Each differentiation step was followed by
a zero-phase low-pass Butterworth fourth-order filter with cut-off frequencies set to 8 Hz
(velocity) and 10 Hz (acceleration). Reference 3D BCoM acceleration was computed from
the force plates’ signal while reference 3D BCoM velocity was computed from the inertial
model, to avoid error propagations due to ill-chosen integration constants when estimating
the velocity from force platforms.

For each sensor network configuration, reference and MIMU-based SCoM and BCoM
accelerations/velocities were compared using Pearson’s correlation coefficient p, root mean
square error (RMSE) and peak-to-peak normalized RMSE (NRMSE, as introduced in [53])
averaged over the trials. Errors in the estimation of BCoM velocity were also quantified
in percentage of the average walking speed in the direction of progression (ARMSE).
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The average and standard deviation of the (normalized) RMSE respectively indicate the
accuracy and precision of the methods.

3. Results

Seven trials, resulting in thirteen strides, were analyzed. Only the middle strides
occurring entirely on the force plates were considered for the investigation of BCoM
acceleration accuracy (i.e., seven strides), whereas the whole set of strides was analyzed for
the SCoM acceleration and BCoM velocity.

3.1. SCoM and BCoM Acceleration

Results of the comparison between MIMU-derived and OMCS-based SCoM acceler-
ations are provided in Table 2. Correlations between MIMU-based and reference SCoM
acceleration were small at both feet and moderate at the sound shank in the mediolateral
direction but were strong otherwise (p > 0.7).

Table 2. Accuracy of segments’ center of mass accelerations estimated with MIMU compared to the optical motion capture

reference in terms of root mean square error (RMSE), normalized RMSE and Pearson’s correlation coefficient (p). Means

(standard deviations) over the considered stride cycles are reported.

RMSE (m-s—2) NRMSE (%) Pearson’s p

Segment Anteroposterior Mediolateral Vertical Anteroposterior Mediolateral Vertical Anteroposterior Mediolateral Vertical
P “’fs.ff)‘fﬁc 2.94 (0.61) 2.74 (0.65) 2.00 (0.21) 52 (1.1) 26.1 (4.0) 6.6 (0.7) 0.97 (0.01) 0.27 (0.14) 0.96 (0.01)
Sound foot 3.64 (1.10) 3.99 (0.70) 3.31 (1.05) 6.3 (1.9) 22.1 (5.4) 8.4 (1.4) 0.96 (0.03) 0.19 (0.18) 0.90 (0.06)
Pr;’ﬁi‘i““ 1.58 (0.33) 1.21 (0.39) 1.38 (0.08) 5.0 (1.0) 16.7 (5.3) 124 (0.8) 0.97 (0.01) 0.71 (0.16) 0.88 (0.02)
Sound shank 2.08 (0.43) 1.49 (0.43) 1.56 (0.19) 8.9 (1.6) 189 (4.1) 12.4 (1.9) 0.93 (0.03) 0.42 (0.20) 0.83 (0.05)
P f?ﬁitgﬁhc 1.94 (0.07) 0.50 (0.11) 0.79 (0.02) 18.5 (0.6) 7.6 (1.7) 7.5 (0.4) 0.83 (0.03) 0.94 (0.04) 0.96 (0.00)
Sound thigh 2.10 (0.66) 0.72 (0.12) 0.94 (0.33) 10.5 (1.5) 14.6 (1.8) 9.5 (1.7) 0.85 (0.10) 0.74 (0.08) 0.90 (0.07)
Trunk 0.95 (0.05) 0.48 (0.04) 0.43 (0.22) 12.8 (1.1) 129 (1.1) 5.7 (2.4) 0.73 (0.04) 0.89 (0.02) 0.97 (0.03)
As‘gf;‘lgeit(:)” 2.04 (0.99) 1.47 (1.25) 1.39 (0.95) 10.0 (4.6) 16.6 (6.3) 9.1(2.8) 0.87 (0.10) 0.62 (0.30) 0.92 (0.06)

Results of the comparison between MIMU-based and force-platform-based BCoM
accelerations are provided in Table 3 and in Figure 4. Correlations between MIMU-based
and reference BCoM acceleration were strong for all the tested sensor networks in all
directions (p > 0.7). The added value of using multiple sensors instead of a single sensor at
trunk level is demonstrated by the increased accuracy and the better fit of reference BCoM
acceleration in the anteroposterior and mediolateral directions when using multiple-sensor
networks (Table 3, Figure 4).

Table 3. Accuracy of sensor-network-based MIMU-derived BCoM acceleration as compared with force-platform-based

acceleration in terms of root mean square error (RMSE), normalized RMSE and Pearson’s correlation coefficient (p). Means

(standard deviations) over the considered stride cycles are reported.

Sensor RMSE (m-s—2) NRMSE (%) Pearson’s p
Network Anteroposterior Mediolateral Vertical Anteroposterior Mediolateral Vertical Anteroposterior Mediolateral Vertical
Tru;‘fé;fsghs’ 0.54 (0.02) 0.32 (0.03) 0.57 (0.06) 13.7 (0.9) 14.0 2.1) 8.5 (0.5) 0.93 (0.01) 0. 89 (0.04) 0.95 (0.01)
Trunlf‘ég‘ighs' 0.33 (0.02) 0.37 (0.03) 0.51 (0.05) 9.7 (0.7) 13.7 (0.7) 7.4(0.4) 0.93 (0.01) 0.88 (0.02) 0.96 (0.01)
gﬁaur?lfs 0.40 (0.06) 050 (0.05) 0.54 (0.04) 116 (2.1) 215 (2.7) 7.7 (0.4) 0.89 (0.03) 0.74 (0.08) 0.96 (0.00)
Trunk 0.66 (0.05) 0.70 (0.05) 0.63 (0.06) 17.0 (1.2) 235 (2.0) 8.8 (0.6) 0.78 (0.02) 0.76 (0.05) 0.95 (0.00)

3.2. BCoM Velocity

A comparison of the accuracy of sensor-network-based BCoM velocity to that of the
reference inertial model is presented in Table 4. MIMU-based and reference BCoM velocity
averaged over the thirteen prosthetic strides are displayed in Figure 5. Interestingly, the
sensor networks that achieved the best estimation of BCoM velocity were different from
those that achieved the best fit for BCoM acceleration. The five-MIMU sensor network
including the shanks performed better than that including the feet in all directions, as
displayed by the higher Pearson’s correlation coefficients and the lower RMSEs. BCoM
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velocity estimated with the trunk SCoM acceleration achieved a good fit of BCoM velocity
with excellent correlations in the mediolateral and vertical direction (p > 0.92), but only
a moderate agreement in the anteroposterior direction (p = 0.57). Furthermore, high
errors were recorded for this model in the anteroposterior and mediolateral directions
(RMSE > 0.08 m-s~1).
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Figure 4. Acceleration of the body center of mass derived from force platform measures (gray straight line) and from the
four different optimal sensor networks, consisting in the weighted sum of center of mass accelerations of the included
segments (colored dashed and dotted lines), in the anteroposterior direction (AP), mediolateral direction (ML) and vertical
direction (CC). Shaded regions represent the interval [mean — standard deviation; mean + standard deviation] for the
estimates of the BCoM acceleration averaged over the 7 gait cycles of the participant.
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Table 4. Accuracy of body center of mass (BCoM) velocity derived from the sensor-network-based BCoM acceleration compared to the
reference velocity computed from optical motion capture in terms of root mean square error (RMSE), RMSE normalized to average
walking speed (ARMSE) and peak-to-peak normalized RMSE (NRMSE).

Sensor RMSE (ms—1) ARMSE (%) NRMSE (%) Pearson’s p
Network Anteroposterior Mediolateral Vertical Anteroposterior  Anteroposterior Mediolateral Vertical Anteroposterior ~ Mediolateral Vertical

Trunk,
thighs, 0.05 (0.02) 0.05 (0.01) 0.03 (0.02) 3.7 (1.0) 149 (4.2) 13.2(3.0) 6.0 (0.8) 0.94 (0.04) 0.96 (0.03) 0.99 (0.00)
shanks

thiﬁg}?:lf(éet 0.05 (0.01) 0.06 (0.02) 0.03 (0.01) 3.8(0.8) 18.6 (5.3) 15.6 (3.9) 6.0 (0.6) 0.84 (0.05) 0.90 (0.04) 0.99 (0.01)
ST}’f::]](‘s 0.04 (0.01) 0.05 (0.01) 0.03 (0.01) 3.0 (1.1) 132 (5.0) 13.7 (2.4) 6.7 (1.0) 0.92 (0.03) 0.94 (0.01) 0.99 (0.00)
Trunk 0.08 (0.01) 0.09 (0.01) 0.04 (0.01) 6.4 (0.6) 26.4 (2.8) 20.8 (1.7) 7.6 (0.8) 0.57 (0.06) 0.92 (0.02) 0.99 (0.00)
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Figure 5. Body center of mass (BCoM) velocity as estimated by the selected sensor networks (upper-left corner (blue dotted
lines): trunk, thighs, feet; upper-right corner (orange dashed lines): trunk, thighs, shanks; lower-left corner (yellow dashed
lines): trunk and shanks; lower-right corner (green dashed lines): trunk) in comparison with the reference BCoM velocity

obtained by optical motion capture (gray straight line). Shaded regions represent the interval [mean — standard deviation,
mean + standard deviation] for each estimate of the BCoM velocity averaged over the thirteen prosthetic gait cycles of the
participant in the anteroposterior (AP), mediolateral (ML) and vertical (CC) directions.
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4. Discussion

This study aimed at proposing and validating a framework for the estimation of both
BCoM acceleration and velocity from an optimal network of MIMUs. Based on the results
of an OMCS-based study performed on ten people with transfemoral amputation [44],
several sensor networks were investigated, including from 3 to 5 MIMUs positioned
on the trunk and on one or more pairs of the lower limb segments. The added value
of using a multiple-sensor network instead of a single sensor at trunk level was also
investigated by comparing the accuracy of the estimated quantities using the various
sensor networks to that obtained with a single trunk-mounted MIMU. This pilot study
demonstrated the feasibility of accurately estimating the 3D BCoM instantaneous walking
velocity and acceleration for people with transfemoral amputation by using five MIMUs.
The importance of this study resides in the lack of methods available to accurately estimate
3D BCoM kinematics from a limited number of sensors during gait, including for people
with a lower-limb amputation. However, the fact that the framework was validated on one
participant only should be kept in mind before generalization of the achieved results to the
population of transfemoral amputees.

4.1. SCoM and BCoM Acceleration

In the developed framework, the BCoM acceleration is estimated through a weighted
average of SCoM accelerations obtained from MIMUs. To the authors” knowledge, this
is the first study that reported accuracy results for the estimation of SCoM accelerations
from MIMUs.

Interestingly, when more than three sensors were used for estimating the BCoM
acceleration, higher errors were recorded on average for the estimation of accelerations
at the SCoMs than at the BCoM. Accelerations estimated at the shanks and feet had the
highest errors and were poorly (sound limb) or moderately (prosthetic limb) correlated
with the reference SCoM acceleration in the mediolateral direction. A possible reason for
this discrepancy lies in the assumptions made regarding the alignment of the MIMU local
frames with those of the global reference frame in static condition. Indeed, the participant
was not specifically asked to stand with his feet parallel, which necessarily affected the
hypothesis that one axis of the foot-mounted MIMU local frames lies in the sagittal plane.
Natural outward alignment of the feet of 20° has been reported in the literature [54], which
would have had an impact on the orientation of both the feet and the shanks. However,
sensor networks that included feet and thigh segments were shown to be superior to
their counterparts using shank-mounted MIMUs in terms of accuracy with the BCoM
acceleration (Table 3).

In the present study, BCoM acceleration estimated using a single trunk-mounted
sensor resulted in lower accuracy in the anteroposterior and mediolateral directions than
that reported by Mohamed Refai and coworkers with a single MIMU at pelvis level in
eight asymptomatic participants [35]. However, the presented framework achieved higher
accuracy in the vertical direction and higher consistency with the reference acceleration
pattern in the mediolateral and vertical directions, as demonstrated by higher correlation
coefficients. When estimated using multiple sensors, MIMU-based BCoM acceleration
results were in agreement with those reported in healthy subjects using OMCS-ba