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Abstract: Recent advances in the performance and evaluation of walking in exoskeletons use various
assessments based on kinematic/kinetic measurements. While such variables provide general charac-
teristics of gait performance, only limited conclusions can be made about the neural control strategies.
Moreover, some kinematic or kinetic parameters are a consequence of the control implemented on the
exoskeleton. Therefore, standard indicators based on kinematic variables have limitations and need to
be complemented by performance measures of muscle coordination and control strategy. Knowledge
about what happens at the spinal cord output level might also be critical for rehabilitation since an
abnormal spatiotemporal integration of activity in specific spinal segments may result in a risk for
abnormalities in gait recovery. Here we present the PEPATO software, which is a benchmarking
solution to assess changes in the spinal locomotor output during walking in the exoskeleton with
respect to reference data on normal walking. In particular, functional and structural changes at the
spinal cord level can be mapped into muscle synergies and spinal maps of motoneuron activity. A
user-friendly software interface guides the user through several data processing steps leading to a
set of performance indicators as output. We present an example of the usage of this software for
evaluating walking in an unloading exoskeleton that allows a person to step in simulated reduced (the
Moon’s) gravity. By analyzing the EMG activity from lower limb muscles, the algorithms detected
several performance indicators demonstrating differential adaptation (shifts in the center of activity,
prolonged activation) of specific muscle activation modules and spinal motor pools and increased
coactivation of lumbar and sacral segments. The software is integrated at EUROBENCH facilities to
benchmark the performance of walking in the exoskeleton from the point of view of changes in the
spinal locomotor output.

Keywords: walking; muscle coordination; spinal locomotor output; body unloading; exoskeletons;
benchmarking

1. Introduction

In the last decades, lower limb exoskeleton robotic devices have been developed
for various purposes, including gait assistance and the rehabilitation of patients [1]. For
instance, to provide patients with some degree of locomotion capability, passive unpowered
orthoses are often prescribed [2], though these devices have limitations, including the
high energy expenditure and low utilization by individuals with severe gait impairments.
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Powered exoskeletons are extensively developed to provide new possibilities for severely
paralyzed patients to walk [1,3–8]. In addition to medical applications for gait assistance
and rehabilitation in patients, exoskeletons are also being developed for other applications
for healthy subjects (military, industry, agriculture, etc.). Many of these devices include
some form of body weight support and adjustable levels of robotic guidance forces.

The development of exoskeletons and new control implementations, including brain-
machine interfaces, can benefit from appropriate procedures and metrics for their evalua-
tion [9,10]. Various indicators of gait performance in the exoskeleton can be used based
on kinematic/kinetic measurements, such as maximal speed, travelled distance, range
of angular motion, joint torques, symmetry of lower limb movements, cognitive effort,
etc. Generic kinematic and kinetic indicators seem to prevail, in spite of the metrics of
human–robot interaction [8]. While such variables provide general characteristics of gait
performance, only limited conclusions can be made about the neural control strategies
based on these characteristics. Furthermore, some kinematic or kinetic parameters are a
consequence of the control implemented on the exoskeleton. Therefore, standard indicators
based on kinematic variables have limitations and need to be complemented by perfor-
mance measures of muscle coordination and control strategy such as those proposed by
our approach.

In recent years, many researchers put significant efforts into assessing the functional
output of the spinal locomotor circuits in humans [11]. The principles that the central
nervous system uses to govern hundreds of muscles to control whole-body movements
include a modular organization of the neuronal networks [12]. In particular, functional
and structural changes at the spinal cord level induced by exoskeleton assisted walking
can be mapped into muscle synergies and spinal maps of motoneuron (MN) activity,
as a means to look backward from the periphery to the central motor programming.
Decoding the spinal locomotor output and assessment of the spatiotemporal muscle activity
patterns, as indicators of motor function, have become an essential tool for investigating
the function of pattern generation networks in the spinal cord [13–20]. Additionally,
considerable changes in the muscle coordination output might occur with body unloading
and during walking with the exoskeleton [21–23]. An abnormal spatiotemporal integration
of activity in specific spinal segments may result in a risk for failure or abnormalities in
gait recovery [17,24]. There is also a differential involvement of spinal motoneuronal and
interneuronal circuits in different locomotor tasks [24,25]. Therefore, this new information
and the corresponding benchmarking performance indicators are much needed in the
context of locomotor adaptation and impairments, evaluating the effect of exercise while
walking in the exoskeleton and spinal plasticity.

Here we present the PEPATO software (SW), which is a benchmarking solution to
assess changes in the spinal locomotor output during walking in the exoskeleton. The
proposed outcomes may provide important information about changes in the neural
control strategy and spinal locomotor output, that will complement other performance
indicators and enrich evaluation capabilities of wearable exoskeletons and their users.
First, we describe the protocol, the SW pipeline, and the initial data pre-processing
(Sections 2.1.1 and 2.1.2). The detailed description of the performance indicators is pro-
vided in Section 2.1.3 (motor modules) and Section 2.1.4 (spinal maps). Finally, we present
an example of usage of this SW (Sections 2.2 and 3) for evaluating walking in an unloading
exoskeleton [26] that allows a person to step in simulated reduced (the Moon’s) gravity. The
reason for using the unloading exoskeleton was to demonstrate the wide variety of tasks
in which the SW can be applied. Simulated reduced gravity represents a well-controlled
technique to study body weight unloading and is widely used in gait rehabilitation as a
tool to facilitate locomotor activity in individuals with neuromotor disorders, such as spinal
cord injury, stroke, Parkinson disease, multiple sclerosis, cerebral palsy, etc. [27].
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2. Materials and Methods
2.1. PEPATO Software for Evaluating Changes in the Spinal Locomotor Output during Walking in
the Exoskeleton

The proposed software provides performance indicators (PI) of muscle coordination
and spinal locomotor output based on EMG signals. It generates the two main groups
of PIs related to muscle modules and spinal maps of motoneuron activity. Only offline
processing is available; the SW is not configured for real-time analysis. The general scheme
of the EMG data processing for walking with the exoskeleton is illustrated in Figure 1.
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Figure 1. Overview of the spinal locomotor output evaluation system for walking in the exoskele-
ton. The acquired EMG signals and kinematic events serve as an input, and two main groups of
performance indicators of the spinal muscle coordination output are generated as an output.

The rationale for the proposed performance indicators is the following. First, mus-
cle synergies during walking in the exoskeleton may demonstrate significant changes
in both synergy weights and synergy temporal activations with increasing exoskeleton
work and torque in unimpaired individuals [28,29]; the center of activity also shows
significant changes [21] along with a non-linear scaling and reorganization of EMG ac-
tivity [21–23]. Second, specific changes in the modular organization of muscle patterns
occur after neurological lesions [30–32]. Patients often exhibit decreased neuromuscular
complexity during gait [30,33], demonstrate impaired muscle synergies and temporal ac-
tivation patterns [30–32,34] and may increase neuromuscular motor module consistency
following rehabilitation [35]. Spinal functional topography can be assessed by mapping
multi-muscle EMG patterns onto the rostrocaudal location of the spinal MN pools and pro-
vides important information about pattern generator output during locomotion in terms of
segmental control rather than in terms of individual muscle control [36]. Widening of spinal
segmental output and alterations in the relative activation timing of sacral and lumbar
motor pools represent important physiological markers of pathological gaits [17,24,37,38]
and age-related changes [15,34,39]. Below we describe in detail the protocol and proposed
benchmarking performance indicators to assess changes in the spinal locomotor output
during walking in the exoskeleton.
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2.1.1. Protocol, Input, Reference Data, and User Interface

• Protocol

The protocol consists in walking on a treadmill at a constant speed: 2, 4, and 6 km/h.
This set of speeds evenly covers the common range of normal human walking speeds,
from a slow walk (2 km/h) to almost a run (6 km/h), and thus can serve as a reference for
exoskeleton walking. At least 10 consecutive strides should be recorded for each speed
condition. PEPATO software allows to characterize only one or two speed conditions in
case the participant cannot perform all speed conditions (e.g., some exoskeletons or their
usage by patients allow only slow walking).

• Input

- Electromyographic (EMG) activity recorded unilaterally from lower limb muscles
during walking in the exoskeleton. The current version of PEPATO processes EMG
activity of 8 muscles (unilaterally or bilaterally) that represent flexor and extensor
groups of both distal (shank) and proximal (thigh) lower limb segments and are
most accessible for recordings during walking in most exoskeletons: soleus (Sol),
gastrocnemius medialis (GaLa), tibialis anterior (TiAn), rectus femoris (ReFe),
vastus lateralis (VaLa), vastus medialis (VaMe), semitendinosus (SeTe), biceps
femoris (long head, BiFe). This set of muscles represent major extensor and flexors
groups of muscles controlling walking and are often used in both simulation
studies and when evaluating basic muscle modules [40–42]. Also, these muscles
constitute a relatively large part of the total cross-sectional area of lower limb
muscles [43]. The PEPATO SW can handle a lower (see the below experiment
with 7 bilateral muscles that include flexors and extensors of the thigh and shank
segments) or larger number of muscles (see below REFERENCE DATA).

- Gait events for the stride identification that specify the timing of touchdown
events of the recorded strides.

• Reference Data

For initial benchmarking of the PEPATO SW, we created two sets of reference data
according to the specifications provided below. However, future users of the SW may
want to create their own set of reference data based on the specific characteristics of the
population and conditions to be tested, e.g., age range, sex, typicality or pathology, normal
walking or walking with an exoskeleton, speed range, etc.

Reference data consist of EMG data and corresponding reference performance in-
dicators for comparing muscle coordination output with that of neurologically intact
individuals during normal walking without an exoskeleton on a treadmill at 2, 4, and
6 km/h. Each walking trial lasted ~40 s and was performed on a standard treadmill. The
intervals between trials were ~1 min. Prior to data collection, the subjects were trained on
each task, allowing them time to familiarize with the various walking conditions. EMG
data were recorded at 2000 Hz using a Delsys Trigno wireless system (Boston, MA, USA).
Kinematic data were recorded at 100 Hz by means of a Vicon-612 system (Oxford, UK) with
nine cameras. Sampling of kinematic and EMG data were synchronized. For each trial, at
least 10 full gait cycles were recorded, and no more than 10% of them were dropped due
to the artefacts of different nature (evoked by movement, electrode contact interruption).
Since the differences related to the operator’s age had been observed [15,44], a reference
database was obtained for the two groups of adults: young (n = 10 subjects, age range
19.9–36.4 years) for all speeds (2, 4, and 6 km/h) and elderly (n = 10 subjects, age range
65.0–80.1 years) for 2 and 4 km/h. Aging adults (65–80 years) may also serve as a control
group for the populations of patients with an older age (e.g., Parkinson disease, stroke,
etc.). Participants ranging from 40 to 65 years were not included, in order to sharpen
the age differences between the two groups, however, the PEPATO SW allows data ref-
erence updating. These data and corresponding performance indicators are available
at https://github.com/dzhvansky/pepato (accessed on 28 May 2022). In the PEPATO
software, the reference database serves to generate directly P1.5 and P2.4 performance indi-

https://github.com/dzhvansky/pepato
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cators (Figure 1) for the individual subjects walking in the exoskeleton, as well containing
other PIs for the subjects in the reference database that can be used for the subsequent
statistical analysis performed by the user to compare the group of participants walking in
the exoskeleton with the reference group.

• User Interface

Software was developed using Matlab (MathWorks Inc., Natick, MA, USA). It is
integrated at EUROBENCH facilities (https://eurobench2020.eu/, accessed on 28 May
2022), which is a benchmarking solution to produce assessments of changes in the spinal
locomotor output during walking in the exoskeleton with respect to reference data on
normal walking. Input and output data for the PEPATO software are compliant with
the EUROBENCH data format. PEPATO allows data reference updating to include more
muscles, subjects, and conditions. The software can be used also for other scenarios (directly
for all indicators that do not depend on the reference data or including the reference data
on the additional scenarios for indicators that depend on the reference data).

2.1.2. Data Pre-Processing

Data pre-processing is an integral part of the PEPATO software and serves not only to
upload the data and provide a necessary segmentation of EMG envelopes across several
gait cycles, but also to perform a quality check of the EMG data. The main steps of the data
pre-processing chain are illustrated in Figure 2a and contain: parameter selection, data
loading, initial data analysis and visualization of EMGs along with gait cycle timing and
EMG spectra for visual inspection, exclusion of gait cycles with potential artefacts, exclusion
of muscles with artefacts, identification of spectrum-related artefacts and their correction,
warning for potential artefacts based on advanced artefact detection in individual cycles
and their exclusion, EMG rectification, and low-pass filtering.

The raw EMG signals are initially band-pass (30–400 Hz) filtered using a zero-lag filter
and visualized on the screen along with the timing of gait touchdown events and Fourier
spectra. The ‘parameter selection’ option includes a confirmation (or a change) of some
default parameters and also a selection of the method that can be used for the selection
of the number of motor modules (see below). A segmentation of the gait cycles during
this visualization phase is particularly useful for a subsequent identification of cycles with
potentially noisy EMGs.

The quality check of the EMG channels is performed in order to warn for a potential
presence of noise and to improve the EMG data processing. Instrumental constraints
and artefacts of EMG data recording may be related to the difficulties in placing EMG
electrodes ‘safely’ on some muscles while walking in some types of the exoskeletons or
due to the vicinity of EMG sensors to the powered motors of the exoskeleton. Software
allows (after a confirmation by the user) to exclude gait cycles with suspicious muscle
activity and correct some types of artefacts. In particular, frequency-related artefacts may
take place (e.g., 50-Hz) when using some EMG sensors (e.g., see “spectrum-related artefact
detection” in Figure 2b with an example of the presence of simultaneous peaks in all EMG
channels at ~155-Hz frequency) and can be automatically filtered using the notch filter.
Visual inspection also allows to detect and exclude gait cycles with ‘evident’ artefacts (e.g.,
due to a temporal lack/saturation of the signal following EMG sensor detachment or its
direct contact with the metal part of the exoskeleton). Finally, we also implemented an
advanced detection of potential ‘artefacts’ in individual gait cycles to suggest candidates
for visual inspection. Individual cycle can be considered as an ‘outlier’ if its correlation
coefficient with the ensemble-averaged EMG envelope across all gait cycles is less than 0.6.
It is recommended nevertheless, prior to the experiments, to ensure the best placement of
the EMG electrodes and quality of data recording in order to minimize potential artefacts
since the PEPATO software provides an automatic detection and correction of some types
of artefacts but it cannot ‘restore’ the original EMG signals.

https://eurobench2020.eu/
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Figure 2. Pipeline and interfaces. (a) Pipeline of the PEPATO software for the EMG data analysis.
(b) Examples of interfaces (screenshots) for the main elements of the data pre-processing chain: initial
parameters selection (1), visualization of EMGs along with gait cycle timing and EMG spectra (2), exclusion
of gait cycles with potential artefacts (3), identification of spectrum-related artefacts and their correction
(4), warning for potential artefacts based on advanced artefact detection in individual cycles and their
exclusion (5). (c) Cumulative VAF and FWHM, used for assessing the number of basic modules and
the relative duration of basic pattern activity, accordingly. FWHM was calculated as the duration of the
interval (in percent of gait cycle) in which EMG activity exceeded half of its maximum.
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Following data pre-processing, the EMG signal from each muscle is full-wave rectified,
low-pass filtered using a fourth-order (zero-phase) Butterworth filter with a cut-off of
10 Hz, and time interpolated to 200 points for each individual gait cycle to be used for the
assessment of the spinal locomotor output (motor modules and spinal maps, see below).

2.1.3. Performance Indicators for the Assessment of Motor Modules

For the assessment of motor modules, the software algorithms evaluate both spatial
(muscle weightings or synergies) and temporal (basic patterns) components of muscle
modules. The amplitude of each rectified and low-passed EMG signal is normalized to its
maximum value across all strides and all speed conditions for each subject.

Motor modules are extracted using the NNMF algorithm, as previously described [34,45].
Briefly, the processed EMG envelopes were combined into an m × t EMG matrix (where
m is the number of muscles, and t is the number of gait cycles × 200). Then, the NNMF
algorithm extracts the basic activation patterns (P) and weighting coefficients (W) by
searching for an approximate solution of the root-mean-squared error between the EMG
matrix and W × P, according to the formula:

EMG = ∑n
i PiWi + error, n ≤ m (1)

Several criteria widely used in the previous studies are incorporated into the software
algorithms and can be chosen (‘parameter selection’), namely: the ‘best linear fit’ method
based on the percent of variance accounted for, VAF [45,46], using the threshold (for
instance, 90%) to account for the total variance in EMG data [20,42], or fixing the number
of locomotor modules to 4. The rationale for the latter criterion is that the number of basic
locomotor modules reported in numerous studies with a reduced number of recorded
muscles is typically four [13,41]. For the best linear fit, a method is based on a linear
regression procedure [46] by varying the number of basic patterns from 1 to 8 and selecting
the smallest n such that a linear fit of the VAF vs. n curve had a residual mean square error
<10−4.

The following performance indicators were chosen to characterize motor modules:
P1.1, the number of motor modules, P1.2, reconstruction quality (R2) of EMG patterns from
the number of motor modules in P1.1, P1.3, FWHM (full width at half maximum)—duration
estimate of basic patterns, P1.4, centre of activity (CoA) of basic patterns, P1.5, the degree of
similarity with the reference group.

Pattern decomposition (P1.2) is characterized by calculating the total variance ac-
counted for (VAF or R2) (Figure 2c, left panel) [47]:

VAF = sum of squared errors/total sum of squares (2)

where the total sum of squares is taken with respect to the mean over the rows of the data
matrix.

The FWHM (P1.3) is calculated as the sum of the durations of the intervals in which
the basic activation patterns exceeded half of its maximum (Figure 2c, right panel) [45].

The CoA (P1.4) characterizes the phase of basic activation patterns with respect to the
gait cycle and was calculated using circular statistics [48]. The CoA of the EMG waveform
is calculated as the angle of the vector (first trigonometric moment) which points to the
center of mass of that circular distribution using the following formulas:

A =
200

∑
t=1

(cos θt × EMGt) (3)

B =
200

∑
t=1

(sin θt × EMGt) (4)

CoA = tan−1(B/A) (5)
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The CoA was chosen because it was impractical to reliably identify a single peak of
activity in some of the basic patterns, especially in patients [21,32]. It can only be considered
as a qualitative parameter, because averaging between distinct foci of activity may lead to
misleading activity in the intermediate zone. Nevertheless, it can be helpful to understand
if the distribution of muscular activity remains unaltered across different groups.

The FWHM and CoA were calculated for all motor modules in each participant. To
order, analyse, and average the modules across participants, we used the degree of their
similarity with the reference group (P.1.5), assessed the characteristics of similar motor
modules, and identified unmatched motor modules (Figure 2a). A locomotor module is
considered as a functional unit implemented in a neuronal network of the spinal cord
to generate a specific spatiotemporal structure to muscle activations [49,50]. It involves
both a basic activation pattern (temporal structure) with variable weights of distribution
(spatial structure) to different muscles. Therefore, to identify and average similar motor
modules across participants and compare with the group of control (reference) subjects,
the degree of similarity is evaluated based on the best matching of both W and P using the
cluster analysis similar to that reported in our previous studies [34,45]. Cluster membership
for modules is defined as follows. In a 2 × m dimensional space (m features for muscle
weights and m features for basic temporal patterns [to this end, basic patterns are time
interpolated to m points]) all features are Z-normalized; after subtracting the mean, each
feature is divided by the standard deviation. Clusters are calculated in this space using
the k-means algorithm. A module is considered to belong to a cluster if the average (for
all features) Euclidean distance to the centre of the cluster does not exceed 0.8, and the
maximum Euclidean distance does not exceed 2. If motor modules were not matched to
the modules from the reference set, we isolated those unmatched (non-classified) modules.
In addition to associating motor modules with reference clusters (reference modules) for
the subsequent analysis and averaging across participants, the algorithms also provide
similarities of both basic patterns and muscle weights with the references set; the Pearson
correlation coefficient was used for patterns, and the normalized scalar product for weights.

2.1.4. Performance Indicators for the Assessment of the Spinal Maps of
Motoneural Activation

To assess the spatiotemporal organization of the spinal locomotor output, the EMG-
activity profiles are mapped onto the rostrocaudal anatomical location of MN-pools in
the human spinal cord, as previously described. This method can be used to characterize
the lumbosacral motor pool activation by considering relative intensities, and spatial and
temporal structure of the spinal segmental locomotor output [14,15,17,36,37,51–53]. Briefly,
each lumbosacral segment supplies several muscles, and each muscle is innervated by
several spinal segments. Even if the number of recorded muscles during walking in the
exoskeleton is limited, we have previously demonstrated that these muscles contribute
largely to the overall spinal maps [39,51]. Moreover, the recorded set of muscles constitute
a relatively large part of the total cross-sectional area of lower limb muscles [43]. To
reconstruct the MN output pattern of any given (L2–S2) spinal segment, we subdivided
each segment into six slices, according to the myotomal charts of Sharrard [54], resulting in
36 subsegments Sj. Then we applied the following formula [51]:

Sj =
∑

mj
i=1 EMGi

mj
(6)

where EMGi—the participant-specific envelope of the i-th muscle activity (in mV), and
mj—the number of muscles innervated by the j-th subsegment. To visualize a continu-
ous smoothed rostro-caudal spatiotemporal activation of the spinal cord [36], we used a
filled contour plot that computes isolines calculated from the activation waveform matrix
(36 slices × 200 points) and fills the areas between the isolines using constant colors (the
contourf.m function in Matlab). Using the Sharrard myotomal charts [54], the resulting spa-
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tiotemporal spinal map consisted in thirty-six discrete rostrocaudal activation waveforms
(since the anatomical data of the Sharrard chart are broken down into thirty-six slices),
but by averaging the activity of six slices in each segment we could reconstruct the MN
activation of each spinal segment to provide the performance indicators for the spinal maps
of MN activity.

To compare the relative activation of the lumbar and sacral segments in each walking
condition, we averaged the motor output patterns over the gait cycle in the upper part of
the lumbar (sum of the activity from L3 to L4) and the sacral segments (sum of activity
from S1 to S2). To reduce overlaps due to maps smoothing, the spinal segment L5 was
not considered, and the segment L2 was also not considered, as it contains considerably
smaller number of MNs than L3 and L4 [55].

The following performance indicators are chosen to characterize the spinal maps of
MN activity: P2.1, timing of maximum activation of sacral (S1 + S2) and upper lumbar
(L3 + L4) motor pools; P2.2, FWHM of activation of sacral (S1 + S2) and upper lumbar
(L3 + L4) spinal motor pools; P2.3, co-activation index (CI) of sacral and upper lumbar
motor pools; and P2.4, the degree of similarity (correlation) of activation of sacral and
lumbar motor pools with respect to the reference group.

To report the general spatiotemporal characteristics of the spinal maps, we calculated
the timing of the maximal activation (P2.1) and the FWHM (P2.2) throughout the gait cycle.
The FWHM was computed in the same way as for the motor modules (see above).

The co-activation index (P2.3) was assessed between the lumbar (L3 + L4) and sacral
(S1 + S2) segments using the following formula [34,56]:

CI =

200
∑

j=1
[(EMGH(j) + EMGL(j)/2)]× (EMGL(j)/EMGH(j))

200
(7)

where EMGH and EMGL represent the highest and the lowest activity between the pairs (for
calculating the CI, activity of the lumbar and spinal segments is normalized to its maximum
value). In order to have a global measure of the co-activity level, the CI was then averaged
over the entire gait cycle (j = 1:200). This method provides a sample-by-sample estimate of
the relative activation of the upper lumbar and sacral segments as well as the magnitude of
the co-contraction over the entire cycle. Using this equation, high co-contraction values
represent a high level of activation, whereas low co-contraction values indicate either low
level activation of these segments, or a high level activation of one along with low level
activation of another one in the pair [56].

2.2. Usage of the PEPATO Software for the Assessment of Walking in the Unloading Exoskeleton
2.2.1. Participants

Nine healthy volunteers (age range between 25 and 45 years, 7 males and 2 females,
height 179.4 ± 6.2 cm, weight 75.7 ± 11.1 kg [mean ± SD]) participated in the study. The
study conformed to the Declaration of Helsinki, and informed consent was obtained from
all participants according to procedures approved by the Ethics Committee of the Santa
Lucia Foundation (Prot. CE-PROG.274-22).

2.2.2. Unloading Exoskeleton

The unloading exoskeleton as an integral part of the tilting body weight support (BWS)
system (manufactured by RTC, Rome, Italy) was constructed to simulate more realistic
effects of gravity changes on both the stance and swing of legs in the sagittal plane (Italian
patent no. Rm2007A000489). The detailed description of the unloading exoskeleton and
tilted body weight support system is provided elsewhere [26,57,58]. Briefly, participants
lay on their right side with each leg suspended in the exoskeleton (Figure 3b, left panel),
allowing low-friction joint rotation due to bearing junctions. The length of the telescopic
thigh segment of the exoskeleton was adjusted according to the subject’s thigh length, and
the leg was attached to the exoskeleton (fastened by a cuff) to provide the best alignment
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of the axes of rotation of the knee and hip joints with those of the exoskeleton. The foot
segment remained unrestrained in air. The upper body of the subject was secured through
a chest and shoulder fixation, with the head placed on the pillow roller. Tilted BWS more
realistically simulates the downward force acting on both the center of mass (COM) and
swinging limbs [26,57,58] but prevents arm oscillations, adds inertia (15 kg chassis, 3 kg
exoskeleton), and somewhat limits trunk movements in the anterior–posterior direction.
The construction of the tilting unloading exoskeleton is based on the idea of neutralizing
the component of the gravity force normal to the lying surface [mg·cos (α), where α is
the angle of inclination] [59], while the component of the gravity force acting on the body
and swinging limbs in the sagittal plane is reduced in relation to the tilt angle [mg·sin
(α)]. The participant stepped on the treadmill that was tilted to the same angle (Figure 3b,
left panel). The apparatus permitted low-friction up-and-down (relative to the treadmill)
sliding of the supporting chassis over two parallel tracks formed by a steel beam. Although
anterior–posterior trunk movements were limited, the hip support could slide along the
anterior–posterior guides of the couch, thus allowing pelvis rotations. In this experiment,
the participants walked at 4 km/h and the BWS level was set to simulate the Moon’s gravity
(16% of body weight).
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Figure 3. Examples of the EMG activity recordings during normal walking (a) and walking in the
unloading exoskeleton (b) at 4 km/h. Experimental setup for recording of walking in the unloading
exoskeleton is schematically shown on the left. Vertical lines correspond to the touchdown events in
order to mark the individual gait cycles.
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2.2.3. Data Recording and Processing

We recorded kinematic data bilaterally at 100 Hz by means of the Vicon-612 system
(Oxford, England) with nine video cameras spaced around the walkway. Infrared reflective
markers (diameter 1.4 cm) were attached on each side of the subject to the skin overlying
the following landmarks: greater trochanter (GT), lateral femur epicondyle (LE), lateral
malleolus (LM), heel (HE), and fifth metatarso–phalangeal joint (5 MP). The spatial accuracy
of the system was better than 1 mm (root mean square). The GT marker of the right side
of the body could not be recorded (as the subject laid on the right side); additionally, the
GT and LE landmarks of the left leg were recorded by attaching the 20 cm sticks with
two markers to the appropriate joint and the GT and LE positions were reconstructed as a
midpoint between these two markers.

EMG activity of the Sol, GaLa, TiAn, ReFe, VaMe, SeTe, and BiFe muscles was recorded
bilaterally at 2000 Hz by means of surface electrodes using the wireless Zerowire system
(Aurion, Milan, Italy). The recording system bandwidth was 20–1000 Hz with an overall
gain of 1000. Sampling of kinematic and EMG data were synchronized.

Gait cycle was defined as the time between two successive foot contacts by the same
leg according to the local minima of the ‘vertical’ displacement of the HE marker [58] and
the timing of these gait events and EMG data were saved in the format adopted by the
PEPATO SW for the subsequent analyses.

2.2.4. Statistics

The experimental data set mostly did not meet the normal distribution criteria (the
Shapiro–Wilk W-test, p < 0.05), therefore non-parametric statistics were used for statistical
data analysis. Between-groups differences in the motor modules and spinal maps param-
eters were assessed by performing the Mann–Whitney tests. For paired comparisons of
two related groups, the Wilcoxon matched-pairs test was used. The analysis of CoA and
the timing of maximum activation for the spinal maps was performed using the Watson–
Williams test for circular data [60]. Multiple testing correction was assessed according to
the Benjamini–Hochberg procedure. Since there were no significant differences between
the data of the left and right body sides, the performance indicators were averaged between
both sides of the body. Descriptive statistics included medians, quartiles, and range of
values. Significance level was set at p < 0.05.

3. Results
3.1. EMG Activity during Walking in the Unloading Exoskeleton

Figure 3 illustrates an example of EMG activity of lower limb muscles in two partici-
pants walking at 4 km/h: one subject from the reference group (panel a) and one subject
who walked in the unloading exoskeleton (panel b). The timing of the touchdown events
was also depicted (vertical lines) to separate the individual gait cycles. Generally, the cycle
duration was longer during walking in the unloading exoskeleton when compared at the
same speed, in accordance with previous studies on the effect of body unloading [58].

Consistent with reduced muscle efforts during walking in the simulated Moon’s
gravity, overall there were considerable changes (decrease) of the amplitude of EMG
activity of all tested lower limb muscles, both extensors and flexors, with respect to normal
upright walking (Figure 3). Since there could also be very low activity in some muscles
in some individuals, especially at low speeds (e.g., <3 km/h, see [22]), we performed
these comparisons at a relatively high speed 4 km/h. Higher speeds were not considered
since locomoting at speeds >4 km/h in the unloading exoskeleton corresponds to running
gait rather than walking [26,57,58]. During walking in the exoskeleton at 4 km/h, all
subjects demonstrated prominent, even though smaller, EMG activity. Figure 3a,b illustrates
both similarities in the EMG patterns and some differences between these two subjects
(e.g., in the activity of flexor muscles, such as BiFe, SeTe, TiAn) and some changes in
the timing of EMG activity bursts. Changes in the spatiotemporal structure of the spinal
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locomotor output during walking in the unloading exoskeleton were then evaluated using
the PEPATO software.

3.2. Performance of the Benchmarking Software for Evaluating Motor Modules during Walking in
the Unloading Exoskeleton

The PEPATO software successfully generated the performance indicators for the
assessment of the motor modules and spinal maps of MN activity for each participant. If
during the execution of a quality check, the EMG data did not comply with the pre-defined
tolerance ranges for the absence of artefacts, the system detected them and provided the
corresponding visual feedback to the user suggesting to exclude specific EMG channels or
strides. In particular, after the quality check of the EMG data, overall ~5% of gait cycles
were excluded mainly due to the presence of movement-related burst ‘outliers’, and one
participant’s data were excluded due to the high percentage (>50%) of cycles and EMGs
treated as irrelevant. The data of remaining eight participants were successfully processed
for extracting motor modules and spinal maps features.

The results of the analysed EMG activities showed that all four motor modules of the
reference data were also present in most participants walking in the unloading exoskeleton.
The total VAF for EMG data reconstruction was similar for the two groups of subjects; more
than 90% of variance was accounted for by four basic patterns in each group (R2 > 0.9,
Figure 4d, left panel). However, the analyses also revealed significant differences with the
reference data.

First, using NNMF and a cluster analysis (see Materials and Methods), we determined
the percentage of motor modules in participants walking in the unloading exoskeleton
not associated with any of the reference data modules (statistics for both sides of the body
were pooled together): 14% for the 1st module, 14% for the 2nd module, 7% for the 3rd
module, and 33% for the 4th module. Thus, the 4th motor module was the least common
for participants walking in the exoskeleton.

Second, several characteristics (performance indicators) of the common motor modules
significantly differed between the two groups. Ensemble-averaged basic temporal patterns
and corresponding muscle weights are plotted for each group in Figure 4a. Muscle weights
were rather similar although some relatively small differences were present for the 2nd
module (VaMe p = 0.0007, ReFe p = 0.02) and 4th module (ReFe p = 0.007, GaLa p = 0.01)
(Figure 4a, right column). Similarities in the muscle weights assessed by using the scalar
products were comparable across modules despite some trend visible in Figure 4c (lower
panel) and reflecting some variability for the 4th module. Basic temporal patterns showed
more differences from those of the reference data. Similarities in the basic patterns assessed
by using correlations also showed some trends and a more variable pattern for the 4th
module (Figure 4c). The CoA demonstrated some differential changes for two modules
(while other modules did not differ): a shift of the CoA toward the midstance (later timing)
for the 1st module (p = 0.02) and toward early timing for the 3rd module (p = 0.0016) with
respect to the reference data (Figure 4d, middle panel). The FWHM differed significantly
and again showed differential changes depending on the motor module, being smaller
for the second basic temporal pattern (p = 0.015) and larger for the third and fourth basic
patterns (p = 0.003 and p = 0.009, respectively) (Figure 4d, right panel).

3.3. Performance of the Benchmarking Software for Evaluating Spinal Maps

The PEPATO algorithms revealed specific changes in the spinal maps of alpha MN
activity approximated by mapping the EMG-activity profiles onto the rostrocaudal anatom-
ical location of MN-pools in the human spinal cord. Figure 5a illustrates the examples of
the spatiotemporal patterns of MN activity in the lumbosacral enlargement obtained from
the subject walking normally (left panels) and the subject walking in the exoskeleton (right
panels). Various performance indicators were evaluated, including potential differences
between sacral and upper lumbar segment activations (see Materials and Methods), and
plotted in panel b. Similarity between the two groups of participants was higher for the
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lumbar segment activation than for the sacral segment activation (p = 0.016, Figure 5b, left
panel). Although no significant differences were observed in the peak activity timing, it
tended to be more variable for the group of subjects walking in the exoskeleton (Figure 5b,
second left panel). Other performance indicators differed significantly (Figure 5b, right
panels). In particular, the FWHM was smaller for the sacral segments (p = 0.019), but
larger for the upper lumbar segments (p = 0.019), and the treated group demonstrated
significantly higher co-activation of sacral and lumbar segments (p = 0.03).
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Figure 4. Assessment of performance indicators related to motor modules during walking in the
unloading exoskeleton (UE) with respect to normal walking (NW). (a) Ensemble-averaged basic
temporal patterns (±SD, left column) and corresponding muscle weights (right column, median and
quartiles) of the two groups of subjects with four modules assumed for each group. Basic patterns
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were plotted in a “chronological” order (with respect to the timing of the main peak) vs. normalized
gait cycle. (b) Biomechanical considerations: contributions of 4 basic patterns to the walking sub-tasks
of body support, forward propulsion and leg swing during NW (modified from [40] with permission
from Elsevier). Early stance (~15% of gait cycle), late stance (~45%), early swing (~70%), and late
swing (~85%) are shown. Arrows departing from the center-of-mass denote the resultant module
contributions to the horizontal and vertical ground reaction forces that accelerate the center-of-mass
providing body support and forward propulsion. Net energy flow by each module to the trunk or
leg is denoted by a + or - for energy increases or decreases, respectively. (c) Basic patterns similarity
between UE and NW and similarity of corresponding muscle weights. (d) EMG data reconstruction
(R2) using 4 modules, CoA of basic patterns, and FWHM. * Significant group differences.
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Figure 5. Assessment of spatiotemporal maps of MN activity in the lumbosacral enlargement during
walking in the unloading exoskeleton (UE) with respect to normal walking (NW). (a)—Examples
of individual maps during normal upright walking (on the left) and walking in the unloading
exoskeleton (on the right). Output pattern of each segment is shown in the top panels, while the
same pattern is plotted in a color scale at the bottom. The pattern is reported in mV (since the
EMG signal from each muscle was expressed in mV, see Materials and Methods). Motor output
(averaged across several strides) is plotted as a function of gait cycle and spinal segment level (L2–S2).
(b)—Performance indicators for the spinal maps (from left to right): similarities of sacral (S1 + S2)
and upper lumbar (L3 + L4) segment activity during walking in UE with respect to NW, timing of
maximum activity in the sacral and upper lumber segments, FWHM, and coactivation index. The
values are plotted as median and quartiles. * Significant group differences are marked by asterisks.

4. Discussion

An objective assessment of adaptation to walking in an exoskeleton was realized by
developing the benchmarking PEPATO software for processing the EMG activity recordings
from the lower limb muscles obtained throughout a predefined protocol of walking at
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specific speeds (Figures 1 and 2). The data acquired were saved, classified, and used for
a subsequent analysis based on synthetic metrics and performance indicators to detect
differences in the spinal motor output during walking in the exoskeleton with respect to
normal walking. The proof of principle for using this software is provided by analyzing the
spinal locomotor output and muscle coordination patterns during walking in an unloading
exoskeleton that allows a person to step in simulated reduced (the Moon’s) gravity by
tilting the body relative to the vertical (Figures 3–5).

Current approaches and available methodology to evaluate muscle coordination
patterns during locomotion are mainly based on selected and limited parameters of multi-
muscle activity and, to our knowledge, there is no SW that comprehensively assesses
both muscle modules and spinal maps of MN activation. For example, the SW muscle
synergies [61] offers a complete analysis framework of muscle synergies addressed to
scientists and more advanced users, with customizable sensible defaults depending on the
specifics of the study design, but without spinal maps of MN activation. Additionally, the
absence of a reference database for locomotion makes the interpretation and comparison
of results more challenging in clinical use. Even though some algorithms, such as NNMF,
have been used for synergy extractions by a large number of groups, the interpretation and
comparison of results also depend on small differences in application of the same basic
methodology, and variability across groups in the results obtained when performing the
same analysis has been observed. The software will allow the users, also with no expertise
in the assessment of spinal muscle coordination patterns, to test their exoskeleton according
to a consistent methodology and to have an index on how the exoskeleton perturbs the
operator’s control strategy and affects/improves the spinal muscle coordination output in
patients. Nevertheless, some experience in EMG data recording is required. Thus, while the
PEPATO software provides an automatic detection of some types of artefacts (that allowed
us to clean a part [even though small] of the EMG data, see Results), a caution should be
taken prior to the experiments to ensure the best placement of the EMG electrodes and data
recording to minimize potential artefacts, especially when using powered exoskeletons.

Various exoskeletons (passive, fully powered, with different degrees of freedom, as-
sisted as needed, etc.) and control policies are being developed [1,3–8] and their control
implementations can benefit from appropriate procedures and metrics for their evalua-
tion [9,10]. For some exoskeletons, low sensitivity of some performance indicators, when
compared with normal walking, can be related to non-significant changes due to ‘natural’
adaptation and/or a better matching between the subject’s locomotor output and the control
strategy of a particular exoskeleton. However, the previous studies on neurologically intact
individuals walking in the exoskeleton revealed some differences [21,23,28,29] as well as
the differences in the spinal locomotor output are highly expected for patients [17,34,38,62].

In the provided example of using the PEPATO software for assessing walking in the
unloading exoskeleton (Figure 3), the results revealed several significant changes in the
spinal locomotor output (Figures 4 and 5). An interesting finding consisted in specific
alterations in the basic temporal patterns (CoA, FWHM) and also their differential changes,
so that some motor modules were affected more than others for this particular exoskeleton.
For instance, the most affected module seems to be module 4 (Figure 4c), loaded mainly
on hamstring muscles and related to the control of the swing phase (Figure 4b) since (1).
The 4th motor module was the least common for participants walking in the exoskeleton
and participants during normal walking (see Results), and (2), its temporal pattern varying
significantly across the subjects (Figure 4c upper panel and 4d right panel, see also a variable
ensemble-averaged pattern in Figure 4a, lower panel). This result seems to corroborate our
previous findings on walking in the powered exoskeleton showing that the most variable
EMG activity was observed in the hamstring muscles [21]. Four basic locomotor modules
are associated with major biomechanical functions during gait [13,41] (Figure 4b) and their
differential impairment may help to get insights into specific impairments/adaptations
during human–exoskeleton interactions. In contrast to the computational approach of
assessing the motor modules based on common regularities in muscle activation, the spinal
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maps approach is based on an evolutionary adopted MN grouping of different muscles
in the spinal cord and the corresponding motor pool activation loci [50]. The analysis of
the spinal maps highlighted differential changes in the activation of sacral and lumbar
segments (Figure 5b), which might be important for understanding the neural substrates
and principles of the differential involvement of sacral and lumbar motor pools in the
control and adaptation of human gait [53,63]. Locomotor movements can be accommodated
to various external conditions and human–exoskeleton interactions in particular, and some
of the suggestions in this article based on the analysis of the spinal locomotor output
may possibly be revised or generalized as empirical data on the human–exoskeleton
accumulated locomotor behaviour.

5. Conclusions
Finding’s Remarks and Future Work

Exoskeleton robotic devices are now often used in the rehabilitation practice to assist
physical therapy. Here we presented the PEPATO software, which is a benchmarking
solution to assess changes in the spinal locomotor output during walking in the exoskeleton
and is integrated at EUROBENCH facilities (https://eurobench2020.eu/, accessed on
28 May 2022). An example of using this SW for evaluating walking in the unloading
exoskeleton demonstrated specific alterations in the basic temporal patterns related to the
‘impaired’ control of the swing phase (Figure 4) and specific changes in the spinal motor
output (Figure 5). The proposed performance outcomes for evaluating changes in the
neural control strategy based on the evaluation of muscle coordination patterns during
walking in an exoskeleton will allow to perform the tests in any laboratory settings and
compare the results with various exoskeletons. The PEPATO SW also envisages to create
the custom reference database/values (that can be generated automatically using only the
number of pre-processed trials stored in a standard format) to allow future users to have
multiple reference data sets and to select the option based on the specific application at
hand. In addition to medical applications for gait assistance and rehabilitation in patients,
exoskeletons are being developed also for other applications for healthy subjects (military,
industry, agriculture, etc.). Since market opportunities may be related to broad application
of the exoskeletons, people who develop exoskeletons and want to test them may benefit
from incorporating our methodology as an integral part of testing protocols. This will
allow to test lower limb exoskeletons developed for various purposes and will provide
indicators determining the variation of the spinal locomotor output during walking in such
exoskeletons with respect to reference values.
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1. Onose, G.; Cârdei, V.; Crăciunoiu, Ş.T.; Avramescu, V.; Opriş, I.; Lebedev, M.A.; Constantinescu, M.V. Mechatronic Wearable

Exoskeletons for Bionic Bipedal Standing and Walking: A New Synthetic Approach. Front. Neurosci. 2016, 10, 343. [CrossRef]
[PubMed]

2. Hsu, J.D.; Michael, J.; Fisk, J. AAOS Atlas of Orthoses and Assistive Devices; MOSBY Elsevier: Philadelphia, PA, USA, 2008.
3. Swinnen, E.; Duerinck, S.; Baeyens, J.-P.; Meeusen, R.; Kerckhofs, E. Effectiveness of Robot-Assisted Gait Training in Persons with

Spinal Cord Injury: A Systematic Review. J. Rehabil. Med. 2010, 42, 520–526. [CrossRef] [PubMed]
4. Cheron, G.; Duvinage, M.; De Saedeleer, C.; Castermans, T.; Bengoetxea, A.; Petieau, M.; Seetharaman, K.; Hoellinger, T.; Dan, B.;

Dutoit, T.; et al. From Spinal Central Pattern Generators to Cortical Network: Integrated BCI for Walking Rehabilitation. Neural
Plast. 2012, 2012, 375148. [CrossRef] [PubMed]

5. Sale, P.; Franceschini, M.; Waldner, A.; Hesse, S. Use of the Robot Assisted Gait Therapy in Rehabilitation of Patients with Stroke
and Spinal Cord Injury. Eur. J. Phys. Rehabil. Med. 2012, 48, 111–121. [PubMed]

6. Shapkova, E.Y.; Pismennaya, E.V.; Emelyannikov, D.V.; Ivanenko, Y. Exoskeleton Walk Training in Paralyzed Individuals Benefits
From Transcutaneous Lumbar Cord Tonic Electrical Stimulation. Front. Neurosci. 2020, 14, 416. [CrossRef]

7. Gad, P.; Gerasimenko, Y.; Zdunowski, S.; Turner, A.; Sayenko, D.; Lu, D.C.; Edgerton, V.R. Weight Bearing Over-Ground Stepping
in an Exoskeleton with Non-Invasive Spinal Cord Neuromodulation after Motor Complete Paraplegia. Front. Neurosci. 2017,
11, 333. [CrossRef]

8. Pinto-Fernandez, D.; Torricelli, D.; Sanchez-Villamanan, M.D.C.; Aller, F.; Mombaur, K.; Conti, R.; Vitiello, N.; Moreno, J.C.;
Pons, J.L. Performance Evaluation of Lower Limb Exoskeletons: A Systematic Review. IEEE Trans. Neural Syst. Rehabil. Eng. 2020,
28, 1573–1583. [CrossRef]

9. Bayón, C.; Delgado-Oleas, G.; Avellar, L.; Bentivoglio, F.; Di Tommaso, F.; Tagliamonte, N.L.; Rocon, E.; van Asseldonk, E.H.F.
Development and Evaluation of BenchBalance: A System for Benchmarking Balance Capabilities of Wearable Robots and Their
Users. Sensors 2021, 22, 119. [CrossRef]

10. Torricelli, D.; Veneman, J.; Gonzalez-Vargas, J.; Mombaur, K.; Remy, C.D. Editorial: Assessing Bipedal Locomotion: Towards
Replicable Benchmarks for Robotic and Robot-Assisted Locomotion. Front. Neurorobot. 2019, 13, 86. [CrossRef]

11. Ivanenko, Y.P.; Gurfinkel, V.S.; Selionov, V.A.; Solopova, I.A.; Sylos-Labini, F.; Guertin, P.A.; Lacquaniti, F. Tonic and Rhythmic
Spinal Activity Underlying Locomotion. Curr. Pharm. Des. 2017, 23, 1753–1763. [CrossRef]

12. d’Avella, A.; Giese, M.; Ivanenko, Y.P.; Schack, T.; Flash, T. Editorial: Modularity in Motor Control: From Muscle Synergies to
Cognitive Action Representation. Front. Comput. Neurosci. 2015, 9, 126. [CrossRef] [PubMed]

13. Lacquaniti, F.; Ivanenko, Y.P.; Zago, M. Patterned Control of Human Locomotion. J. Physiol. 2012, 590, 2189–2199. [CrossRef]
[PubMed]

14. Wenger, N.; Moraud, E.M.; Gandar, J.; Musienko, P.; Capogrosso, M.; Baud, L.; Le Goff, C.G.; Barraud, Q.; Pavlova, N.;
Dominici, N.; et al. Spatiotemporal Neuromodulation Therapies Engaging Muscle Synergies Improve Motor Control after Spinal
Cord Injury. Nat. Med. 2016, 22, 138–145. [CrossRef]

15. Monaco, V.; Ghionzoli, A.; Micera, S. Age-Related Modifications of Muscle Synergies and Spinal Cord Activity during Locomotion.
J. Neurophysiol. 2010, 104, 2092–2102. [CrossRef]

16. Goudriaan, M.; Papageorgiou, E.; Shuman, B.R.; Steele, K.M.; Dominici, N.; Van Campenhout, A.; Ortibus, E.; Molenaers, G.;
Desloovere, K. Muscle Synergy Structure and Gait Patterns in Children with Spastic Cerebral Palsy. Dev. Med. Child Neurol. 2022,
64, 462–468. [CrossRef] [PubMed]

17. Martino, G.; Ivanenko, Y.; Serrao, M.; Ranavolo, A.; Draicchio, F.; Rinaldi, M.; Casali, C.; Lacquaniti, F. Differential Changes in
the Spinal Segmental Locomotor Output in Hereditary Spastic Paraplegia. Clin. Neurophysiol. 2018, 129, 516–525. [CrossRef]
[PubMed]

18. Ivanenko, Y.P.; Cappellini, G.; Solopova, I.A.; Grishin, A.A.; MacLellan, M.J.; Poppele, R.E.; Lacquaniti, F. Plasticity and Modular
Control of Locomotor Patterns in Neurological Disorders with Motor Deficits. Front. Comput. Neurosci. 2013, 7, 123. [CrossRef]
[PubMed]

19. Stroman, P.W.; Wheeler-Kingshott, C.; Bacon, M.; Schwab, J.M.; Bosma, R.; Brooks, J.; Cadotte, D.; Carlstedt, T.; Ciccarelli, O.;
Cohen-Adad, J.; et al. The Current State-of-the-Art of Spinal Cord Imaging: Methods. Neuroimage 2014, 84, 1070–1081. [CrossRef]
[PubMed]

20. Dominici, N.; Ivanenko, Y.P.; Cappellini, G.; d’Avella, A.; Mondì, V.; Cicchese, M.; Fabiano, A.; Silei, T.; Di Paolo, A.;
Giannini, C.; et al. Locomotor Primitives in Newborn Babies and Their Development. Science 2011, 334, 997–999. [CrossRef]

21. Sylos-Labini, F.; La Scaleia, V.; d’Avella, A.; Pisotta, I.; Tamburella, F.; Scivoletto, G.; Molinari, M.; Wang, S.; Wang, L.;
van Asseldonk, E.; et al. EMG Patterns during Assisted Walking in the Exoskeleton. Front. Hum. Neurosci. 2014, 8, 423.
[CrossRef]

http://doi.org/10.3389/fnins.2016.00343
http://www.ncbi.nlm.nih.gov/pubmed/27746711
http://doi.org/10.2340/16501977-0538
http://www.ncbi.nlm.nih.gov/pubmed/20549155
http://doi.org/10.1155/2012/375148
http://www.ncbi.nlm.nih.gov/pubmed/22272380
http://www.ncbi.nlm.nih.gov/pubmed/22543557
http://doi.org/10.3389/fnins.2020.00416
http://doi.org/10.3389/fnins.2017.00333
http://doi.org/10.1109/TNSRE.2020.2989481
http://doi.org/10.3390/s22010119
http://doi.org/10.3389/fnbot.2019.00086
http://doi.org/10.2174/1381612823666170125152246
http://doi.org/10.3389/fncom.2015.00126
http://www.ncbi.nlm.nih.gov/pubmed/26500533
http://doi.org/10.1113/jphysiol.2011.215137
http://www.ncbi.nlm.nih.gov/pubmed/22411012
http://doi.org/10.1038/nm.4025
http://doi.org/10.1152/jn.00525.2009
http://doi.org/10.1111/dmcn.15068
http://www.ncbi.nlm.nih.gov/pubmed/34614213
http://doi.org/10.1016/j.clinph.2017.11.028
http://www.ncbi.nlm.nih.gov/pubmed/29353180
http://doi.org/10.3389/fncom.2013.00123
http://www.ncbi.nlm.nih.gov/pubmed/24032016
http://doi.org/10.1016/j.neuroimage.2013.04.124
http://www.ncbi.nlm.nih.gov/pubmed/23685159
http://doi.org/10.1126/science.1210617
http://doi.org/10.3389/fnhum.2014.00423


Sensors 2022, 22, 5708 18 of 19

22. Ivanenko, Y.P.; Grasso, R.; Macellari, V.; Lacquaniti, F. Control of Foot Trajectory in Human Locomotion: Role of Ground Contact
Forces in Simulated Reduced Gravity. J. Neurophysiol. 2002, 87, 3070–3089. [CrossRef] [PubMed]

23. Moreno, J.C.; Barroso, F.; Farina, D.; Gizzi, L.; Santos, C.; Molinari, M.; Pons, J.L. Effects of Robotic Guidance on the Coordination
of Locomotion. J. Neuroeng. Rehabil. 2013, 10, 79. [CrossRef] [PubMed]

24. Ivanenko, Y.P.; Poppele, R.E.; Lacquaniti, F. Distributed Neural Networks for Controlling Human Locomotion: Lessons from
Normal and SCI Subjects. Brain Res. Bull. 2009, 78, 13–21. [CrossRef]

25. Ivanenko, Y.P.; Cappellini, G.; Poppele, R.E.; Lacquaniti, F. Spatiotemporal Organization of Alpha-Motoneuron Activity in the
Human Spinal Cord during Different Gaits and Gait Transitions. Eur. J. Neurosci. 2008, 27, 3351–3368. [CrossRef]

26. Sylos-Labini, F.; Ivanenko, Y.P.; Cappellini, G.; Gravano, S.; Lacquaniti, F. Smooth Changes in the EMG Patterns during Gait
Transitions under Body Weight Unloading. J. Neurophysiol. 2011, 106, 1525–1536. [CrossRef]

27. Lacquaniti, F.; Ivanenko, Y.P.; Sylos-Labini, F.; La Scaleia, V.; La Scaleia, B.; Willems, P.A.; Zago, M. Human Locomotion in
Hypogravity: From Basic Research to Clinical Applications. Front. Physiol. 2017, 8, 893. [CrossRef]

28. Steele, K.M.; Jackson, R.W.; Shuman, B.R.; Collins, S.H. Muscle Recruitment and Coordination with an Ankle Exoskeleton. J.
Biomech. 2017, 59, 50–58. [CrossRef]

29. Rinaldi, L.; Yeung, L.-F.; Lam, P.C.-H.; Pang, M.Y.C.; Tong, R.K.-Y.; Cheung, V.C.K. Adapting to the Mechanical Properties and
Active Force of an Exoskeleton by Altering Muscle Synergies in Chronic Stroke Survivors. IEEE Trans. Neural Syst. Rehabil. Eng.
2020, 28, 2203–2213. [CrossRef] [PubMed]

30. Clark, D.J.; Ting, L.H.; Zajac, F.E.; Neptune, R.R.; Kautz, S.A. Merging of Healthy Motor Modules Predicts Reduced Locomotor
Performance and Muscle Coordination Complexity Post-Stroke. J. Neurophysiol. 2010, 103, 844–857. [CrossRef]

31. Cheung, V.C.K.; Turolla, A.; Agostini, M.; Silvoni, S.; Bennis, C.; Kasi, P.; Paganoni, S.; Bonato, P.; Bizzi, E. Muscle Synergy
Patterns as Physiological Markers of Motor Cortical Damage. Proc. Natl. Acad. Sci. USA 2012, 109, 14652–14656. [CrossRef]

32. Martino, G.; Ivanenko, Y.P.; Serrao, M.; Ranavolo, A.; d’Avella, A.; Draicchio, F.; Conte, C.; Casali, C.; Lacquaniti, F. Locomotor
Patterns in Cerebellar Ataxia. J. Neurophysiol. 2014, 112, 2810–2821. [CrossRef] [PubMed]

33. Rodriguez, K.L.; Roemmich, R.T.; Cam, B.; Fregly, B.J.; Hass, C.J. Persons with Parkinson’s Disease Exhibit Decreased Neuromus-
cular Complexity during Gait. Clin. Neurophysiol. 2013, 124, 1390–1397. [CrossRef] [PubMed]

34. Cappellini, G.; Ivanenko, Y.P.; Martino, G.; MacLellan, M.J.; Sacco, A.; Morelli, D.; Lacquaniti, F. Immature Spinal Locomotor
Output in Children with Cerebral Palsy. Front. Physiol. 2016, 7, 478. [CrossRef] [PubMed]

35. Ting, L.H.; Chiel, H.J.; Trumbower, R.D.; Allen, J.L.; McKay, J.L.; Hackney, M.E.; Kesar, T.M. Neuromechanical Principles
Underlying Movement Modularity and Their Implications for Rehabilitation. Neuron 2015, 86, 38–54. [CrossRef] [PubMed]

36. Ivanenko, Y.P.; Poppele, R.E.; Lacquaniti, F. Spinal Cord Maps of Spatiotemporal Alpha-Motoneuron Activation in Humans
Walking at Different Speeds. J. Neurophysiol. 2006, 95, 602–618. [CrossRef] [PubMed]

37. Grasso, R.; Ivanenko, Y.P.; Zago, M.; Molinari, M.; Scivoletto, G.; Castellano, V.; Macellari, V.; Lacquaniti, F. Distributed Plasticity
of Locomotor Pattern Generators in Spinal Cord Injured Patients. Brain 2004, 127, 1019–1034. [CrossRef]

38. Coscia, M.; Monaco, V.; Martelloni, C.; Rossi, B.; Chisari, C.; Micera, S. Muscle Synergies and Spinal Maps Are Sensitive to the
Asymmetry Induced by a Unilateral Stroke. J. Neuroeng. Rehabil. 2015, 12, 39. [CrossRef]

39. Ivanenko, Y.P.; Dominici, N.; Cappellini, G.; Paolo, A.D.; Giannini, C.; Poppele, R.E.; Lacquaniti, F. Changes in the Spinal
Segmental Motor Output for Stepping during Development from Infant to Adult. J. Neurosci. 2013, 33, 3025–3036. [CrossRef]
[PubMed]

40. Neptune, R.R.; Clark, D.J.; Kautz, S.A. Modular Control of Human Walking: A Simulation Study. J. Biomech. 2009, 42, 1282–1287.
[CrossRef]

41. McGowan, C.P.; Neptune, R.R.; Clark, D.J.; Kautz, S.A. Modular Control of Human Walking: Adaptations to Altered Mechanical
Demands. J. Biomech. 2010, 43, 412–419. [CrossRef]

42. Steele, K.M.; Rozumalski, A.; Schwartz, M.H. Muscle Synergies and Complexity of Neuromuscular Control during Gait in
Cerebral Palsy. Dev. Med. Child Neurol. 2015, 57, 1176–1182. [CrossRef] [PubMed]

43. Ward, S.R.; Eng, C.M.; Smallwood, L.H.; Lieber, R.L. Are Current Measurements of Lower Extremity Muscle Architecture
Accurate? Clin. Orthop. Relat. Res. 2009, 467, 1074–1082. [CrossRef] [PubMed]

44. Dewolf, A.H.; Sylos-Labini, F.; Cappellini, G.; Zhvansky, D.; Willems, P.A.; Ivanenko, Y.; Lacquaniti, F. Neuromuscular Age-
Related Adjustment of Gait When Moving Upwards and Downwards. Front. Hum. Neurosci. 2021, 15, 749366. [CrossRef]
[PubMed]

45. Martino, G.; Ivanenko, Y.P.; d’Avella, A.; Serrao, M.; Ranavolo, A.; Draicchio, F.; Cappellini, G.; Casali, C.; Lacquaniti, F.
Neuromuscular Adjustments of Gait Associated with Unstable Conditions. J. Neurophysiol. 2015, 114, 2867–2882. [CrossRef]

46. d’Avella, A.; Portone, A.; Fernandez, L.; Lacquaniti, F. Control of Fast-Reaching Movements by Muscle Synergy Combinations. J.
Neurosci. 2006, 26, 7791–7810. [CrossRef]

47. Torres-Oviedo, G.; Macpherson, J.M.; Ting, L.H. Muscle Synergy Organization Is Robust across a Variety of Postural Perturbations.
J. Neurophysiol. 2006, 96, 1530–1546. [CrossRef] [PubMed]

48. Batschelet, E. Circular Statistics in Biology; Academic Press: Cambridge, MA, USA, 1981; ISBN 978-0-12-081050-5.
49. Grillner, S. Neurobiological Bases of Rhythmic Motor Acts in Vertebrates. Science 1985, 228, 143–149. [CrossRef] [PubMed]
50. Ivanenko, Y.P.; Poppele, R.E.; Lacquaniti, F. Motor Control Programs and Walking. Neuroscientist 2006, 12, 339–348. [CrossRef]

http://doi.org/10.1152/jn.2002.87.6.3070
http://www.ncbi.nlm.nih.gov/pubmed/12037209
http://doi.org/10.1186/1743-0003-10-79
http://www.ncbi.nlm.nih.gov/pubmed/23870328
http://doi.org/10.1016/j.brainresbull.2008.03.018
http://doi.org/10.1111/j.1460-9568.2008.06289.x
http://doi.org/10.1152/jn.00160.2011
http://doi.org/10.3389/fphys.2017.00893
http://doi.org/10.1016/j.jbiomech.2017.05.010
http://doi.org/10.1109/TNSRE.2020.3017128
http://www.ncbi.nlm.nih.gov/pubmed/32804652
http://doi.org/10.1152/jn.00825.2009
http://doi.org/10.1073/pnas.1212056109
http://doi.org/10.1152/jn.00275.2014
http://www.ncbi.nlm.nih.gov/pubmed/25185815
http://doi.org/10.1016/j.clinph.2013.02.006
http://www.ncbi.nlm.nih.gov/pubmed/23474055
http://doi.org/10.3389/fphys.2016.00478
http://www.ncbi.nlm.nih.gov/pubmed/27826251
http://doi.org/10.1016/j.neuron.2015.02.042
http://www.ncbi.nlm.nih.gov/pubmed/25856485
http://doi.org/10.1152/jn.00767.2005
http://www.ncbi.nlm.nih.gov/pubmed/16282202
http://doi.org/10.1093/brain/awh115
http://doi.org/10.1186/s12984-015-0031-7
http://doi.org/10.1523/JNEUROSCI.2722-12.2013
http://www.ncbi.nlm.nih.gov/pubmed/23407959
http://doi.org/10.1016/j.jbiomech.2009.03.009
http://doi.org/10.1016/j.jbiomech.2009.10.009
http://doi.org/10.1111/dmcn.12826
http://www.ncbi.nlm.nih.gov/pubmed/26084733
http://doi.org/10.1007/s11999-008-0594-8
http://www.ncbi.nlm.nih.gov/pubmed/18972175
http://doi.org/10.3389/fnhum.2021.749366
http://www.ncbi.nlm.nih.gov/pubmed/34744664
http://doi.org/10.1152/jn.00029.2015
http://doi.org/10.1523/JNEUROSCI.0830-06.2006
http://doi.org/10.1152/jn.00810.2005
http://www.ncbi.nlm.nih.gov/pubmed/16775203
http://doi.org/10.1126/science.3975635
http://www.ncbi.nlm.nih.gov/pubmed/3975635
http://doi.org/10.1177/1073858406287987


Sensors 2022, 22, 5708 19 of 19

51. La Scaleia, V.; Ivanenko, Y.P.; Zelik, K.E.; Lacquaniti, F. Spinal Motor Outputs during Step-to-Step Transitions of Diverse Human
Gaits. Front. Hum. Neurosci. 2014, 8, 305. [CrossRef]

52. Yakovenko, S.; Mushahwar, V.; VanderHorst, V.; Holstege, G.; Prochazka, A. Spatiotemporal Activation of Lumbosacral Motoneu-
rons in the Locomotor Step Cycle. J. Neurophysiol. 2002, 87, 1542–1553. [CrossRef]

53. Dewolf, A.H.; Ivanenko, Y.P.; Zelik, K.E.; Lacquaniti, F.; Willems, P.A. Differential Activation of Lumbar and Sacral Motor Pools
during Walking at Different Speeds and Slopes. J. Neurophysiol. 2019, 122, 872–887. [CrossRef] [PubMed]

54. Sharrard, W.J.W. The Segmental Innervation of the Lower Limb Muscles in Man. Ann. R. Coll. Surg. Engl. 1964, 35, 106–122.
[PubMed]

55. Tomlinson, B.E.; Irving, D. The Numbers of Limb Motor Neurons in the Human Lumbosacral Cord throughout Life. J. Neurol. Sci.
1977, 34, 213–219. [CrossRef]

56. Rudolph, K.S.; Axe, M.J.; Snyder-Mackler, L. Dynamic Stability after ACL Injury: Who Can Hop? Knee Surg. Sports Traumatol.
Arthrosc. 2000, 8, 262–269. [CrossRef] [PubMed]

57. Ivanenko, Y.P.; Sylos Labini, F.; Cappellini, G.; Macellari, V.; McIntyre, J.; Lacquaniti, F. Gait Transitions in Simulated Reduced
Gravity. J. Appl. Physiol. 2011, 110, 781–788. [CrossRef]

58. Sylos-Labini, F.; Ivanenko, Y.P.; Cappellini, G.; Portone, A.; Maclellan, M.J.; Lacquaniti, F. Changes of Gait Kinematics in Different
Simulators of Reduced Gravity. J. Mot. Behav. 2013, 45, 495–505. [CrossRef]

59. Bogdanov, V.A.; Gurfinkel, V.S.; Panfilov, V.E. Human Motion under Lunar Gravity Conditions(Human Performance in Various
Locomotive Tasks under Simulated Lunar Reduced Gravity Conditions, Classifying Test Stands and Equipment). Kosm. Biol. Med.
1971, 5, 3–13.

60. Watson, G.S.; Williams, E.J. On the Construction of Significance Tests on the Circle and the Sphere. Biometrika 1956, 43, 344–352.
[CrossRef]

61. Santuz, A. musclesyneRgies: Factorization of electromyographic data in R with sensible defaults. J. Open Source Softw. 2022, 7,
4439. [CrossRef]

62. Scivoletto, G.; Ivanenko, Y.; Morganti, B.; Grasso, R.; Zago, M.; Lacquaniti, F.; Ditunno, J.; Molinari, M. Plasticity of Spinal Centers
in Spinal Cord Injury Patients: New Concepts for Gait Evaluation and Training. Neurorehabil. Neural Repair. 2007, 21, 358–365.
[CrossRef]

63. Cappellini, G.; Ivanenko, Y.P.; Dominici, N.; Poppele, R.E.; Lacquaniti, F. Migration of Motor Pool Activity in the Spinal Cord
Reflects Body Mechanics in Human Locomotion. J. Neurophysiol. 2010, 104, 3064–3073. [CrossRef] [PubMed]

http://doi.org/10.3389/fnhum.2014.00305
http://doi.org/10.1152/jn.00479.2001
http://doi.org/10.1152/jn.00167.2019
http://www.ncbi.nlm.nih.gov/pubmed/31291150
http://www.ncbi.nlm.nih.gov/pubmed/14180405
http://doi.org/10.1016/0022-510X(77)90069-7
http://doi.org/10.1007/s001670000130
http://www.ncbi.nlm.nih.gov/pubmed/11061293
http://doi.org/10.1152/japplphysiol.00799.2010
http://doi.org/10.1080/00222895.2013.833080
http://doi.org/10.1093/biomet/43.3-4.344
http://doi.org/10.21105/joss.04439
http://doi.org/10.1177/1545968306295561
http://doi.org/10.1152/jn.00318.2010
http://www.ncbi.nlm.nih.gov/pubmed/20881204

	Introduction 
	Materials and Methods 
	PEPATO Software for Evaluating Changes in the Spinal Locomotor Output during Walking in the Exoskeleton 
	Protocol, Input, Reference Data, and User Interface 
	Data Pre-Processing 
	Performance Indicators for the Assessment of Motor Modules 
	Performance Indicators for the Assessment of the Spinal Maps of Motoneural Activation 

	Usage of the PEPATO Software for the Assessment of Walking in the Unloading Exoskeleton 
	Participants 
	Unloading Exoskeleton 
	Data Recording and Processing 
	Statistics 


	Results 
	EMG Activity during Walking in the Unloading Exoskeleton 
	Performance of the Benchmarking Software for Evaluating Motor Modules during Walking in the Unloading Exoskeleton 
	Performance of the Benchmarking Software for Evaluating Spinal Maps 

	Discussion 
	Conclusions 
	References

