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ABSTRACT

Hemiplegia is a pathology caused by a neurological disorder and is quite frequent in children with
cerebral palsy. A lot of methods have been proposed to perform gait analysis in order to understand
how muscles activate during walking activity, so that it is possible to understand how hemiplegia
affects muscular recruitment. To this aim, there are techniques based on the use of classi sensors,
but the most recent approaches consist in using machine/deep learning techniques. In the present
work, artificial neural network was employed with the aim of classifying the two main gait phases
(stance and swing periods) and to predict foot-floor contact signals from surface electromyographic
(sEMG) signals in hemiplegic children. To this purpose, SEMG signals from the main leg muscles
and foot-floor-contact signals were acquired during walking at self-selected pace of 20 hemiplegic
children. These data were then fed as input to a feed-forward multi layer perceptron (MLP) neural
network. Successively, prediction evaluation was performed to assess the goodness of the chosen
model for the neural network. Sensitivity analysis of classification and prediction performances to
the processing parameters was also performed. Results show as acceptable levels of accuracy in
gait-phases classification and gait-event prediction were reached both for learned and unlearned
subjects. Although there is still work to be done, deep learning approach was proved to be a reliable
tool for gait analysis, also in this preliminary attempt. The fact that with deep learning approach gait
events are extractable from sEMG signals is useful because in this way it is possible to avoid the
use of foot-switch sensors and, consequently, to perform gait analysis with a smaller number of

sensors and thus with reduced costs, time-consumption, and patient invasiveness.



1 - INTRODUCTION

Hemiplegia is a pathology that can be congenital or develop as a consequence of a stroke: in both
cases it is caused by a cerebral dysfunction that is due to brain damages. These damages are located
in one of the two hemispheres and the consequence is that the contralateral part of the body is
paralyzed while the other one keeps well functioning [1]. This disorder provokes a really serious
asymmetry which prevents subjects to perform easily all common tasks of everyday life, above all
walking.

Hemiplegia occurs in different shapes, for example it can be characterized by an anatomical
deformity, like drop foot and equinism. Since this pathology can affect, besides adults, 2 per 1000
children since birth, scientists are working very hard on research in order to understand how to
develop more and more efficient rehabilitation programs so that adults who have experienced stroke
can come back as earlier as possible to live a normal life and children with congenital cerebral palsy
can grow like the other ones[2]. Among these rehabilitation programs, for example there is the
electrical stimulation of muscles, which is a method consisting in stimulating electrically the
activity of those muscles that are not sufficiently innervated by the nervous system and thus cause
the anatomical deformity [3].

The development of these programs was possible only by using methods that could analyze
efficiently the neuromuscular system activity because it is necessary to understand how and when
muscles activate both in normal and pathological conditions in order to treat the pathology
successfully. One of these methods is the electromyography (EMG) which consists in recording the
electrical activity of muscles: this method is largely used first of all because it is non-invasive so it
is absolutely safe for the patient; moreover during experiments, this technique often showed very
reliable results that gave a good explanation of the electrical activity of muscles during different
motor tasks. By applying this approach in laboratory with healthy and hemiplegic subjects who are
requested to walk, it is possible to get useful information for the rehabilitation program.

During walking it is fundamental to correlate EMG signals to kinematic parameters in order to
reach a reliable spatial-temporal identification of muscle activation patterns. This kind of approach
appears particularly important to characterize and interpret potential disorders’ functional effects.
Thereby, gait cycle is commonly divided in a 0-100% scale to correctly partition each of sub-phase.

Every single of them, characterized by a synergic movement schema, has a specific role in walking



activity. Overall, the full sequence can be divided in two macro-stages: stance and swing phases
that, respectively, occupy 60% and 40% of the whole gait cycle. The stance phase identifies the
whole time frame when the foot is in contact with the ground, while the swing phase comprehends
the remaining period when the foot is suspended in the air. In order to identify correctly gait phases
it is important to individuate transitions between a stance and the following swing phase and
viceversa: the transition between a swing and a stance is called heel-strike (HS) while the other one
is called toe-off (TO).

A lot of methods have been proposed in order to identify gait phases. In [4] force platforms and
pressure measurement systems have been used to perform gait analysis: by measuring ground
reaction forces and pressure under each foot, researchers have succeeded in identifying stance and
swing phases. In another study [5] a pressure sensor and an inertial measurement unit (IMU) sensor
were used for the measurement of the angle variation of the ankle joint; with this procedure,
researchers have succeeded in identifying transitions phases (heel-strike and toe-off) and also stance
and swing periods. In last decades researchers focused their efforts trying to use machine and deep
learning approach to improve the reliability of gait analysis.

In [6], acceleration sensors have been applied on ankles, knees and hips, and then recorded data
have been processed by utilizing assembled classifiers in combination with a deep learning
algorithm in order to classify gait phases with the highest accuracy: once the best classifier was
found, it was combined with the deep learning algorithm.

In [7] researchers tried to classify gait types by recording gait data with pressure, acceleration and
gyro sensors installed in a smart insole. After acquisition, a multiple deep convolutional neural
network has been constructed and consequently gait features were extracted: the final classification
has given very good results. All these methods have been proposed in order to perform gait analysis
as more accurately as possible, so that researchers can elaborate rehabilitation protocols which vary
depending on the type of pathology affecting walking, like hemiplegia.

Machine learning approaches were also satisfactorily implemented for the estimation of gait events
from both kinematic data [8,9,10,11] and electromyographic (EMG) signals [11,12,13,14] during
walking. The success of machine learning approaches has opened a novel perspective for reducing
the complexity of experimental set-up. Predicting gait events from only EMG signals could remove
the need of further sensors or systems (foot-switch sensors, pressure mats, IMUs, stereo-
photogrammetry) for the direct measurement of temporal data. This would be particular suitable for

specific fields where measuring myoelectric signals is strongly recommended, such as the analysis



of neuromuscular pathologies such as hemiplegic cerebral palsy.

In the present work, a new method based on deep learning approach has been proposed: an artificial
neural network for classification of the two main gait phases in children affected by hemiplegic
cerebral palsy, by using only SEMG signals. Further aim was the prediction of basographic signals,
1.e. those signals which contain the sequences of gait events (including heel-strike and toe-off

timing).



2 - MUSCLE RECRUITMENT DURING
WALKING

Walking is a very common activity in normal life of all people but the way in which it works and it
is possible from an anatomically point of view is not so easy to understand.

First of all walking is defined as a repetitive sequence of movements of the lower limbs (legs) that
allow the advancement of the body without losing the maintenance of the balance; every sequence
of movements from the heel contact on the ground until the following heel contact of the same foot
identifies the so called “gait cycle”. During the advancement, one limb acts as a support for the
body while the other one moves forward until it touches the ground; in this precise moment both
feet are in contact with the ground but one of them is going to detach from it; when the rear limb is
lifted up, body weight is transferred on the leaning foot until the other foot finishes its progress
coming in contact with the ground; then another cycle can begin.

So gait cycle can be subdivided in two big phases: the stance, which identifies the time frame in
which the foot is in contact with the ground; the swing, that is referred to the remaining part of the
gait cycle where the foot is suspended in the air. The precise moment in which stance begins is
called “heel strike” while the corresponding moment to swing beginning is called “toe off”.

Gait cycle begins when both feet lean on the ground, that is a very short gait period known as
“double initial stance” and for each foot is equivalent approximately to the 10% of the gait cycle, so
the total lean is equal to the 20%; the resting part of the cycle is constituted by single lean (40%)
and swing (40%).[15]

Walking activity is made possible by a complex organization of muscles activity and bones in legs
and feet. Bones are kept united by joints that play a fundamental role in allowing the performance
of all movements which are very important for the gait cycle. Muscles are attached to bones through
tendons and thanks to their continuous activation, movements can be performed.

In the present section, firstly a description of ankle-joint and knee-joint muscles is provided, then

gait cycle and gait analysis methods are explained in details.

2.1 - ANKLE-JOINT MUSCLES

The ankle is a joint that connects the leg and the foot: it is subdivided into two smaller joints that

are the talocrural joint (also called tibio-talar joint), which connects tibia and talus, and the subtalar



joint which connects talus and calcaneus.

The talocrural joint can generate two movements of the foot that are dorsiflexion and plantarflexion:
the first is intended as the upward movement of the foot while the second represents the downward
movement of the foot. These two movements are very important during walking because they
permit the advancement of the body and the correct impact absorption when the foot has to sustain
body weight. Dependently on the phase of the gait cycle, the talocrural joint produces different
movements.[16][17]

Tibia

Talocrural joint (ankle joint)

Talus

Talonavicular joint

Subtalar joint
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I-Talocrural joint (ankle joint)
Subtalar joint
FTalus

Calcaneus—
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Figure 1: The main joints of the foot: in particular the talocrural joint between the talus
and the tibia

When the heel contact occurs, the talocrural joint is in a neutral position or at most it shows a
plantarflexion of only 3-5 degrees; after that, there is the real first plantarflexion movement which is
caused by the response to the transfer of body weight (phase known as loading response).

Then, when also the forefoot comes in contact with the ground, plantarflexion is substituted by



dorsiflexion; for a small second fraction, the foot is in a stationary position while the tibia moves
forward producing dorsiflexion movement which continues for all time the foot remains completely
leaned on the ground: in this brief phase the maximum angle is reached, that is 10° and is kept until
the end of the single stance.

After that, when also the other foot comes in contact with the ground, there is a sudden
plantarflexion movement of the talocrural joint that can reach a maximum angle of 30° at the end of
the stance; then with the beginning of the swing phase, the talocrural joint performs its last
movement during the gait cycle, that is the dorsiflexion. After that, in the central part of the swing,
the dorsiflexion angle decreases until it reaches the neutral position (0°) which will be maintained
for the resting part of the swing phase.

So, as it is possible to notice, the talocrural joint performs dorsiflexion and plantarflexion
movements that alternate each other during gait cycle. These two movements are generated by two
kinds of muscles, which are plantar flexion and dorsal flexion muscles.

Anteriorly with respect to the talocrural joint there are three main dorsal flexor muscles: tibialis
anterior, the extensor digitorum longus and the extensor hallucis longus. Here below, a figure

showing dorsal flexor muscles of the foot is reported:

Tibialis anterior

Extensor digitorum longus
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Fibularis tertius

Figure 2: Dorsal flexor muscles of the foot[18]

The tibialis anterior has a larger section with respect to the other two muscles and, as a

consequence, it has a greater mass, so it is more efficient in exerting a dorsiflexion action.



Dorsal flexor muscles activate at the end of the stance: the first muscle that begins its action is the
extensor hallucis longus. After that, in the central part of swing phase, the tibialis anterior and the
extensor digitorum longus activate; the intensity of the activity of both muscles grow continuously
also during the final part of the swing in which tibialis anterior plays a fundamental role in
positioning the foot for the stance.

All three muscles reach a high level of activity with the initial contact and they all deactivate
temporarily before the ending of the loading response. They reach their peak of intensity during the
first part of the swing and the loading response phase.

Posteriorly with respect to the talocrural joint, there are 7 muscles that are responsible of the plantar
flexion movement so they are named plantar flexion muscles. These muscles are the soleus, the
gastrocnemius and 5 perimalleolar muscles: tibialis posterior, flexor hallucis longus, flexor
digitorum longus, peroneus longus and peroneus brevis; among them the first two have a bigger
section so they contribute together to the execution of plantar flexion movements in a way that is
much more considerable than the other ones.

Perimalleolar muscles surround the medial and lateral malleoli but are much smaller than the soleus
and the gastrocnemius so they give a much lower contribution to plantar flexion movements.
Among them, the flexor hallucis longus gives the greatest contribution to these movements.[19]

In the following page, a figure showing plantar flexor muscles is reported.
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Figure 3: Plantar flexor muscles [20]

Soleus activates after the end of the loading response (8% of the gait cycle) and keeps its activity
steady for all the central part of the stance; when the final part of the stance phase begins (45% of
the gait cycle), soleus increases rapidly and importantly its activity, after that its action decreases
quickly until the beginning of the double stance phase in which it stops completely.

Gastrocnemius activates immediately after soleus (12% of the gait cycle) but its action grows
slowlier and less. During the final part of the stance, the gastrocnemius increases suddenly its action
intensity and finally, as the soleus, it decreases quickly its activity until the end of the stance, in
which it stops definitely. However during electromyographic recordings it is frequent to notice an
activation of the gastrocnemius also during the central part of the swing but nowadays it's still not
clear the reason of this activation.

For what concerns the other plantar flexor muscles, the perimalleolar ones, they activate differently
from soleus and gastrocnemius: actually one of them, the tibialis posterior, activates immediately

with the intial stance (0% of the gait cycle) and remains active during the entire single stance;
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immediately after the end of the tibialis posterior activity, the flexor digitorum longus begins its
action (10% of the gait cycle) and subsequently flexor hallucis longus does the same (25% of the
gait cycle).

Peroneus longus and peroneus brevis muscles activate in the final part of the stance, and terminate
their action in the central part of the swing (55-58% of the gait cycle). From electromyographic
recordings it is possible to notice that peroneus longus and peroneus brevis muscles activate with
similar intensity and modality.[21]

So the action of all these muscles, dorsal and plantar flexors, is fundamental for the modulation of
the talocrural joint movements, actually their activation during gait cycle generate those movements

that are very important so that walking activity can be performed correctly.
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2.2 - KNEE-JOINT MUSCLES

The knee is the joint which connects femur and tibia, i.e. two long bones that represent (with the
foot) the segments of the lower limb. The knee plays a fundamental role in locomotion during both
stance and swing: during stance it maintains the stability of the lower limb, while during swing it
allows through its flexion the advancement of the limb.

Like the ankle, also the knee can perform two movements in order to favor the stability and the
advancement of the body during walking: flexion and extension. These two movements can be
performed thanks to the action of 14 muscles which regulate knee movements by contracting at

precise instants during gait cycle in order to allow progression.

Patella

Figure 4: The knee joint[22]

During stance, extensor muscles activate to slow the knee flexion, while during swing firstly
extensor muscles and then flexor muscles activate in order to favor the correct progression of the

limb.

For what concerns extensor muscles of the knee, there are 4 muscles which act exclusively on the
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knee joint: vastus intermedius, vastus lateralis, vastus medialis longus, and vastus medialis
obliquus. A fifth muscle, the rectus femoris, contributes to knee extension but differently from the
other ones it doesn't act only on the knee but also on the hip. These 5 muscles compose the
quadriceps.

The activity of all vasti muscles begins in the final part of the swing and increases rapidly in the
following stance period when body weight is loaded on the leaning foot. Their action intensity
remains high until the central part of the stance where it decreases very quickly going to zero.
Rectus femoris activates much differently from vasti muscles: its action is quite short, actually it is
comprised between the end of the stance and the beginning of the swing; moreover its action
intensity is lower with respect to vasti muscles, so rectus femoris gives a smaller contribution to
locomotion.

For what concerns flexor muscles of the knee, there are two mono-articular muscles which act
uniquely on the knee and determine directly its flexion: the short head of the biceps femoris and the
popliteus.

The short head of the biceps femoris activates at the beginning of the swing and continues its action
until 2/3 of the swing period; in some cases, it can activate also in the final part of the stance period.
The popliteus is active for all gait cycle phases, except the part of the swing period in which the
short head of the biceps femoris is active; the popliteus action reaches its maximum intensity during
the final part of the swing; another period of the gait cycle, in which popliteus activity is quite
intense, is the final part of the stance.

Besides the two mono-articular muscles just described, there are the hamstring muscles
(semimembranosus, semitendinosus and the long head of the biceps femoris) which are located in
the posterior part of the thigh but contribute significantly to the knee flexion. All 3 hamstring
muscles reach the maximum intensity of their action in the final part of the swing: their activity start
decreasing with the beginning of the following stance and cease when body weight begins to be
transferred on the limb.

Another important muscle that contributes to knee flexion is the gastrocnemius. This muscle acts
principally on the talocrural joint but it exerts also a flexion action on the knee and begins its action
when the foot has just leaned completely on the ground. Gastrocnemius increases its action intensity
during stance until the heel is lifted up and terminates its activity just before the beginning of the
swing.[23]

So thanks to the activity of these muscles, the knee can perform three important tasks during gait.
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Two of these tasks are performed during stance: the impact absorption when body weight is
transferred on the front limb and the stability during extension in order to sustain body weight. The
third task is performed during swing: the knee must flex rapidly to favor the progression of the

limb.

Recius Femoris

Vastus Intemrmedius

SEn undar FRecios Fasmeoiris |

Wastus Lateralis

Vasius Medialis

Fatella

Figure 5: Quadriceps muscles
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2.3 - GAIT PHASES

Gait cycle is constituted by two big phases, stance and swing, but by analysing in detail walking
phases, it is possible to define 8§ phases.

The first 5 are comprehended in the stance period and are:

Initial contact

* Loading response
* Mid-stance

* Terminal stance

*  Pre-swing

The other 3 phases are included in the swing period and are:
* Initial swing
*  Mid-swing

* Terminal swing

In the following a figure showing all gait cycle phases is reported:
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Figure 6: the eight phases of the gait cycle [24]
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Divisions of the Gait Cycle
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Figure 7: block scheme of gait cycle phases[25]

In the following pages a brief description of the 8 gait phases is reported.

2.3.1 - INITIAL CONTACT

Initial contact begins when the heel of the front foot comes in contact with the ground. Once the
contact has occurred, the so called “body vector” is generated: this vector represents the reaction
force of the ground to the stance. In this initial phase, body vector is behind the talocrural joint and
this is very important for the following loading response in order to keep the progression.

The talocrural joint forms a right angle with the foot so that the forefoot is turned upward and in this
way the calcaneus can support the load and then roll in the following phase. For the support funtion
the dorsal flexion action exerted by pretibial muscles is fundamental.

Sometimes the talocrural joint can be subjected to a very little plantar flexion (3°-5°) but this
doesn't affect the walking activity. Simply it follows that the calcaneus will perform a smaller
rolling movement.

Initial contact is the shortest phase of the entire gait cycle and its period corresponds to the 0-2% of

the total cycle.[15]



Figure 8: Initial contact[25]

2.3.2 - LOADING RESPONSE

Loading response (2-10% of the gait cycle) begins when the load is transferred on the front foot:
this implies that not only the heel but also the forefoot is in contact with the ground.

When body weight is transferred on the front foot, the talocrural joint performs a plantar flexion
movement and the calcaneus begins to roll so that the forefoot moves downward on the ground and
load can be successfully supported. The rolling of the calcaneus is very important because it also
allows the correct advancement of the body; in the same way, also the plantar flexion movement of
the talocrural joint is fundamental because if the angle between the tibia and the foot remained
equal to 90° then the tibia would follow the foot in its complete movement and finally body weight
wouldn't be supported and the subject would fall down.

In order to have the correct progression in this phase, it's necessary the action of two pretibial
muscles (tibialis anterior and extensor digitorum longus) which control and slow the plantar flexion
movement of the talocrural joint. In this way, while the foot is leaning completely on the ground,
the tibia advances normally (not too quickly) without any risk of falling for the subject.

So at the beginning of the loading response (2% of the gait cycle), there is a rapid movement
downward of the foot which is favored by the talocrural joint flexion; then pretibial muscles

activate and slow the plantar flexion movement so that the forefoot comes in contact with the
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ground more slowly and the impact can be absorbed correctly.

When the forefoot has finished to move downward, the movement of the talocrural joint changes
radically becoming dorsal flexion movement; so in order to allow the progression of the body, the
foot stays motionless on the ground and the tibia moves forward by means of the rotation of the
tibio-talar joint.

For what concerns the end of the loading response, there isn't a precise moment in which this phase

finishes: its end depends on walking speed of the subject.[15]

Figure 9: Loading response[25]

2.3.3 - MID-STANCE

Mid-stance (10-30% of the gait cycle) begins when the rear foot detaches from the ground with the
consequent total transfer of the body weight on the other foot: with the support of the load on only a
foot, it's possible to have the progression. In this phase of the gait cycle, the talocrural joint is
subjected to a dorsal flexion movement that allows the tibia to rotate and to advance with respect to
the foot.

During the progression of the tibia, it is fundamental the action of the soleus which performs the

task of controlling the rapid dorsal flexion that occurs at the beginning of the phase and to slow the
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advancement of the tibia which initially is quite quick; this is important in order to maintain
stability during walking, actually if soleus doesn't activate correctly (due to a pathology for
example) the tibia advances so rapidly that the subject could fall down. The soleus activates at the
beginning of mid-stance and increases its activity progressively until it reaches its maximum at the
25% of the gait cycle and continues till the end of the phase.

Also other muscles activate during mid-stance: these are all dorsal flexion muscles and are the
gastrocnemius, the tibialis posterior and the two peronei muscles. The gastrocnemius doesn't act
directly on the tibia because it departs from the distal femur and so it contributes more to the knee
flexion. For what concerns the other muscles, they are behind the malleolus so they can't act
importantly on the tibia in order to modulate its movement.

Conversely the soleus binds tibia and calcaneus, and is also greater than the other upper mentioned

muscles, so its action is much more considerable.[15]

Figure 10: Mid-stance[25]
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2.3.4 - TERMINAL STANCE

The terminal stance (30-50% of the gait cycle) begins when the heel of the rear foot rises up and
terminates when the other foot comes in contact with the ground. In this phase the body vector has
reached the forefoot and the talocrural joint doesn't move anymore, actually its movement is
blocked by the soleus and the gastrocnemius.

The advancement of the body produces, as already said, a displacement of the body vector which
arrives to the metatarsal heads of fingers and, as a consequence, it provokes the rotation of the
forefoot that results in the calcaneus raising and in a further dorsal flexion of the talocrural joint:
this moves just a little because it is subjected to the action of the soleus and the gastrocnemius
which reach both a very high level of activity that is more or less 3 times greater with respect to the
mid-stance phase.

The talocrural joint is then controlled by plantar flexor muscles and thanks to their action the foot
and the tibia can rotate correctly and the progression of the body can occur in good conditions

without the risk that walking stability is lost. This stability is favored by the fact that the rotation

center is fixed on the metatarsal phalangeal articulations of fingers.[15][26]

\
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Figure 11: Terminal stance[25]
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2.3.5 - PRE-SWING

Pre-swing (50-60% of the gait cycle) represents the beginning of the second half of the gait cycle.
This phase begins when the second foot comes in contact with the ground and lasts until the first
foot doesn't begin to swing.

At the beginning of pre-swing, the body weight is quickly transferred on the anterior foot: this
means that the posterior foot doesn't need to be stabilized at the level of the talocrural joint, so
consequently both the soleus and the gastrocnemius decrease very quickly their intensity action that
previously reached a very high level; also the other plantar flexion muscles (the perimalleolar
muscles) reduce their action and this generates a rapid plantar flexion of the talocrural joint of circa
20°. However the quick transfer of the body weight to the anterior foot doesn't mean that the other
foot isn't anymore subjected to a weight force, actually during double stance period the body weight
is supported by both feet but not equally: the major part of body weight is supported by the anterior
foot.

With the reduction of soleus and gastrocnemius activity, the posterior foot can perform the plantar
flexion movement thank also to the fact that the body vector has its application point at the level of
the metatarsal phalangeal articulations. The remaining action of plantar flexor muscles provokes a
forward displacement of the tibia while fingers rest in contact with the ground and knee undergoes a
rapid flexion so that it is ready for the imminent beginning of the swing.

At the end of the pre-swing, tibialis anterior and the extensor digitorum longus start activating in
order to prepare the control of the talocrural joint for the moment in which swing will take place.

[15]
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Figure 12: Pre-swing[25]

2.3.6 - INITIAL SWING

The initial swing (60-73% of the gait cycle) begins when the posterior foot detaches from the
ground and terminates when the suspended foot is parallel to the other one. In the precise moment
in which swing starts, the talocrural joint is in a plantar flexion position of 20°. Initially, this
position is not impairing for walking progression, but very soon the tibialis anterior muscle
activates and controls the talocrural joint which must perform a dorsal flexion movement because
otherwise the correct advancement of the body is not possible, actually fingers would creep on the
ground in the following phase, the mid-swing.

For this reason, pretibial muscles increase immediately their action intensity (at 5% of the initial
swing) provoking the raising of the foot with a plantar flexion angle of 5°; when tibialis anterior and
extensor digitorum muscles are both active, fingers perform a dorsal flexion movement which

allows the normal progression of the body.[15]
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Figure 13: Initial swing[25]

2.3.7 - MID-SWING

Mid-swing (73-87% of the gait cycle) begins when the swinging limb passes in front of the other
one and terminates when the tibia of the advancing limb is in vertical position with respect to the
ground. During mid-swing the most important thing is that the foot performs a dorsal flexion
movement because the knee extends due to the progression, so the foot must move in this way in
order to avoid the contact with the ground that would destabilize the subject.

In the first part of mid-swing, the tibialis anterior and the extensor hallucis longus increase
sensitively their activity: in this way they favor the dorsal flexion movement of the talocrural joint
until the foot forms a right angle with the tibia.

In the second part of this phase, muscles reduce their activity because it's not necessary a great
action in order to keep the talocrural joint in the neutral position in which the foot is at right angle

with the tibia.[15]
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Figure 14: Mid-swing[25]

2.3.8 - TERMINAL SWING

The terminal swing is the last phase of the gait cycle (87-100%): it begins when the tibia is in
vertical position and terminates when the heel touches the ground.

During this phase it's very important that the right angle between the foot and the tibia is kept in
order to favor the following initial contact with which another gait cycle can start: so it's necessary
that the pretibial muscles increase again their activity (their action was reduced in the second part of
the mid-swing) but they don't succeed in maintaining the talocrural joint in the neutral position,
actually it's frequent that it is subjected to a plantar flexion movement between 3° and 5°.

Pretibial muscles keep high their action intensity not only at the beginning of terminal swing but
also in the final part because they must be prepared to face the load that after the initial contact will

be transferred on the advancing foot.[15]
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Figure 15: Terminal swing[25]
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2.4 - METHODS FOR GAIT ANALYSIS

Human gait study began some thousands of years ago: according to historical documentations, it
seems that Aristotle (the philosopher of the ancient Greece) was one of the first pioneers of gait
analysis.[27]

Successively a lot of other scientists tried to study human gait attempting to explain how it works
from a bio-mechanical point of view, the phases that compose it and what are the differences
between the gait of a normal subject and the gait of a pathological one, but only with the arrival of
photography and cinematography it was possible to notice some aspects of human gait sequences
that earlier were not noticeable with naked eyes; so the development of film cameras, at the
beginning of 1900s, represented an important progress step.

Another fundamental improvement occurred in the 1970s with the development of video camera
systems which were able to provide much detailed images regarding the gait of every subject with
the advantage of a great reduction of costs and time constraints. The development of these new
technologies was very important in order to analyze successfully also gait of pathological subjects
like those affected by cerebral palsy, Parkinson's disease and other neuromuscular disorders and to
make a comparison with healthy subjects' gait.

Then in the early 1980s new progresses were made for what concerns analysis instrumentation,
actually researchers began to use computer based systems in their laboratories; in the mid-1980s
also infrared camera systems were developed in order to improve further the efficiency of the gait
analysis.[28]

Successively also machine learning approach began to be used in the clinical context. Now the
discussion will be focused on the presentation of the main gait analysis methods:
stereophotogrammetry, floor sensors, surface electromyography, inertial measurement units and

objective analysis techniques.
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2.4.1 - STEREOPHOTOGRAMMETRY

Stereophotogrammetry is a technique that permits to estimate the 3-Dimensional position of a point
from images obtained by means of two or more cameras. This method is used in order to determine
the three spatial coordinates of points that are moving in space in any instant: in this way it is

possible to have a representation of the path of all points.

There must be at least two cameras which have to be placed in precise points of the laboratory with
a definite orientation dependently on the path of the object under observation. The position and the
orientation of cameras are fixed and represent the so called “calibration parameters” that are
fundamental to determine the spatial coordinates of points. Each camera has an own cartesian
reference system which is used to compute image coordinates, i.e. points coordinates with respect to

the camera system.

Figure 16: Stereophotogrammetry application

Once calibration parameters and image coordinates are known, their values are fed in input to a
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system of equations: the resolution of these equations gives the three spatial coordinates of points

for each instant in which cameras have acquired images.

Stereophotogrammetry has proved to be a good method in computing the coordinates of points in
space and for this reason it is largely used to perform gait analysis. For this purpose it's necessary to
place markers on ankles, knee and hips according to a standard protocol. After that the protocol has
been chosen and markers have been correctly placed on the subject, gait analysis can be performed.
So the subject walks and at each instant cameras acquire images of all markers that change position
and orientation: in this way it is possible to recognize linear and angular movements of leg joints

and to understand when these movements occur and how large they are.

Nowadays stereophotogrammetry is one of the most used methods to perform gait analysis.[29]

2.4.2 - ANALYSIS WITH FLOOR SENSORS

This analysis method consists in placing electrical sensors on the floor, precisely on the so called
“force platforms” in which gait information are recorded by force or pressure sensors and moment
transducers that activate when subjects under examination pass on them.

For this analysis technique it is possible to use two kinds of floor sensors: force platforms and
pressure measurement systems. Force platforms perform the task of measuring ground reaction
forces (GRF) produced by body force vectors applied on them, while pressure measurement
systems are used to detect the center of pressure under each foot and to quantify pressure
components generated by normal forces but not those ones produced by shear forces.

In the following page a figure showing two force platforms is reported :
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Figure 17: Two force platforms (one for each foot) used for posture
and gait analysis[39]

Floor sensors were used in a lot of studies and often gave very reliable and accurate information
about gait parameters and for this reason researchers carry on using them. These devices measure
ground reaction force and, moreover, monitor the way in which the pressure of the foot varies from
the initial contact to the end of the stance; in this way, if the analysis is focused on a pathological
subjects, it is possible to understand from the foot pressure evolution which is the impairment of the

patient and to make diagnosis.[4]

2.4.3 - SURFACE ELECTROMYOGRAPHY

Surface electromyography (sEMG) is a non-invasive procedure that consists in recording the
electrical activity of muscles by means of surface electrodes that are applied on patient's skin.
Muscles activation is the result of the nervous system action which emits electrical signals that,
after passing through the spinal cord, arrive to motor neurons which provoke muscles contraction;
when muscles activate, their cells produce an electric potential.

Muscular activity is recorded through surface electrodes that catch electrical potentials generated by
muscle cells. In order to record signals in the correct way, first of all it's necessary to dry skin and
removing hairs which create an electrical impedance that decreases the signal-to-noise ratio; after
that a conductive gel layer must be applied on the skin surface where electrodes are then placed, so

that electrical impedance between the skin and the electrodes is decreased and signal quality is less
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affected.
Then it is possible to apply electrodes on the skin: they must be made of a conductive material, like
silver chloride, so that signal-to-noise ratio is high and consequently the recording is more accurate.

Here below a figure showing electrodes placed on the lower limbs is reported:
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Figure 18: Representation of an electromyographic exam

Once the skin has been adequately treated and the electrodes have been correctly placed, the
electrical activity of muscles can be recorded: electrical signals are caught by electrodes, then are
amplified and converted in digital signals in order to generate on a monitor the electromyographic
track, i.e. the graphical representation of the electrical activity of muscles. In this graph the vertical
axis represents the amplitude of the electrical potential measured in millivolt (mV), while the
horizontal axis represents the time in seconds of muscles activity.

But the quality of electrical signals can be affected by some noise sources, like movement artifacts
and electromagnetic noise. Movement artifacts are caused by the fact that when muscles activate,
their length decreases, so a movement of electrodes with respect to the skin is generated and, as a

consequence, the signal-to-noise ratio is lowered. Electromagnetic noise is caused by
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electromagnetic sources (for example mobile phones or other electrical devices) which are too close
to the subject under examination and thus affect signals quality.

Because of the frequent presence of noise artifacts, it's necessary to process acquired signals by
means of numerical filters in order to remove noisy components; the processing procedure allows to
clean signals quite well.

Thus, with surface electromyography it is possible to obtain a quite reliable explanation of muscles
activity, i.e. how and when they activate. For this reason, this analysis method is also used in the
medical field on unhealthy subjects (like for example those having walking problems) in order to

make diagnoses of pathologies.[30]

2.4.4 - INERTIAL MEASUREMENT UNITS

Inertial measurement units (IMU) are electronic devices composed by a combination of one or more
accelerometers and one or more gyroscopes in order to detect the acceleration and the angular rate
of a specific body. These devices are very useful to perform gait analysis, actually with them it is
possible to compute gait parameters, like velocity that is calculated by integrating the acceleration;
with a further integration, displacement can be obtained. Thank to the presence of gyroscopes, it is
also possible to measure the angular velocity of joints then, with integration, angle variations are

computed.

Inertial measurement units can be used in different ways to perform gait analysis: it is possible to
detect gait phases by placing a single device on the knee or on the ankle or even on the subject's
back if it is put sufficiently close to the center of mass; in this last case gait events can be detected
by computing the vertical acceleration of the center of mass with reliable results.

These devices are good also because with them it is possible to find gait abnormalities that permit to

diagnose pathologies, like hemiplegia.[31]

2.4.5 - OBJECTIVE ANALYSIS TECHNIQUES
Objective gait analysis methods consist in using different devices for the measurement of gait
parameters. There are two main objective analysis methods for gait: image processing and wearable

sensors.[32]
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2.4.5.1 -IMAGE PROCESSING

This method is typically constituted by a system of many analog or digital cameras with lens which
are used to take information about gait: data can be acquired for example by converting images into
black and white and then calculating the number of light and dark pixels; this technique gives very
good results for what concerns gait recognition, so it is largely used to identify people from the way
they walk.

Image processing can be applied in different ways and one of them is based on depth measurement
(also called range imaging) with which it is possible to get important details from an image with an
optimal and quick real-time process. Depth measurement can be performed by using different
techniques, like Time-of-Flight method and infrared thermography.

Time-of-Flight method consists in using a system of cameras that illuminate the observed scene (i.e.
the walking subject) with near infrared light which after reflection is projected onto a
complementary metal oxide semiconductor sensor that, by using signal modulation, measures the
phase-shift in order to quantify the distance covered by the subject; in this way it is possible to get
information about gait.[33]

Infrared thermography is based on the process of creating visual images from surface temperatures.
Thanks to the very high skin emissivity (close to 1), which doesn't depend on pigmentation, the
great absorptivity (close to 1) the low reflectivity (close to 0) and the null transmissivity it is
possible to measure the infrared thermal intensity of the human body; in this way, who uses infrared
thermography can, for example, analyze muscles activation and obtain important information about

gait.[34]

2.4.5.2 - WEARABLE SENSORS

Wearable sensors, as suggested by the name, are sensors that are placed on the human body: to
perform gait analysis, these devices are located on feet, knees and hips and are largely used by
clinicians. The main devices that are included in this category of sensors are: force sensors, inertial

sensors and goniometers.

2.4.5.2.1 - FORCE SENSORS
Force sensors are located beneath each foot and measure the ground reaction force that is generated

during the stance period of the gait. These devices are composed by force transducers, like
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piezoelectric and capacitive transducers:
— piezoelectric sensors: these sensors are constituted by 3 deformation meters that measure
orthogonal deformations in 3 different directions.
— capacitive sensors: these devices are used to measure forces and pressures. These sensors

can't work singularly but need to be coupled with another capacitive sensor.

2.4.5.2.2 - INERTIAL SENSORS

Inertial sensors are electrical devices used to measure the acceleration, velocity and orientation of
an object. The main sensors included in this category are accelerometers and gyroscopes.

The accelerometer measures acceleration along its sensitive axis. It is composed by a proof mass
which is attached to a spring; when the accelerometer undergoes an acceleration, the mass moves
causing a compression or an elongation of the spring and this displacement gives the acceleration
experienced by the sensor. Accelerometers can measure acceleration only along one direction, so in
order to have complete spatial characterization, it's necessary to use 3 accelerometers.

The gyroscope is used to measure the angular velocity; for what concerns gait analysis gyroscopes
can be used to measure quite well angular variations and angular velocity of lower limb joints, so
that it is possible to detect gait phases. Gyroscopes are often used in combination with

accelerometers to perform gait analysis.

2.4.5.2.3 - GONIOMETERS

These devices are used to measure angle variations for hips, knees, ankles and metatarsals. One of
them is the strain gauge-based goniometer which gives the measure of the angle dependently on
how its resistance varies due to the flexion experienced. A flexion causes an increase of resistance,
actually current takes more time to travel along the sensor; this resistance enhancement is

proportional to the flexion angle.

35



3 - HEMIPLEGIC WALKING

Hemiplegia is a pathology that causes the paralysis of one whole half of the body (“hemi” is a
Greek word that means “half”, while “plegia” means “weakness”). This paralysis is caused by brain
damages which are located in one of the two cerebral hemispheres (left and right) and that provoke
the total inability to execute correctly movements with the contralateral half of the body: this means
that if damages affect the left cerebral hemisphere, then paralysis involves the right half of the body
and viceversa.

This pathology sometimes develops during pregnancy (or birth) but in most of cases it is caused by
a stroke with symptoms that are sudden and unexpected: recovery time can change dependently on
the entity of the pathology and on the patient's age. The main symptom is a reduced or even null
ability to move the body parts involved due to the malfunctioning of the upper motor neurons that
transmit a too weak electrical potential to the spinal cord and thus also to lower motor neurons; as a
consequence, muscles aren't correctly innervated and even the most common movements are
inhibited, actually their preparation and coordination is strongly affected.

Another important symptom is a considerable change of the sensitivity which is another
consequence of brain damages, actually it is provoked by a malfunctioning of proprioceptors and
nociceptors: proprioceptors, also known as sensory receptors, are responsible of the monitoring of
limbs position in space; nociceptors are receptors mostly located under the skin that activate when
an external stimulus is potentially harmful for tissues. In hemiplegic patients both proprioceptors
and nociceptors don't work in the right way, so the consequence is that patients don't realize in
which position their limbs are and they could feel pain even with a small contact or conversely they
couldn't perceive anything if they are touched or hit.

Sometimes subjects affected by hemiplegia have also other symptoms like language difficulties,
lower view capability and even respiratory problems.[35][36]

As already said, hemiplegia can also be congenital, so in this case it affects children since birth
causing a lot of problems to their physical and psychological development. Winters et al. have
proposed a classification of this pathology in 4 types: Winters' type 1 in which there is a lower
innervation of ankle dorsiflexors in the hemiplegic side, resulting in a difficulty in pulling up the
foot with the consequence that stance phase is much shorter.

Winters' type 2 is more serious than the first one, actually is characterized by the so called
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“clubfoot” that is a foot which is rotated inward and downward;[4] what can happen during walking
is a hyperextension of the knee in stance phase. Winters' type 3 in addition to the previous ones
presents a decreased knee flexion during swing phase, while Winters' type 4 is characterized by a
lower motion of the hip.[37]

Even if a classification of hemiplegia types has been provided, there are still a lot of questions
without any answers for what concerns this pathology. Scientists, nowadays, are still working very
hardly by means of research and experiments with newer and more efficient measurement
instrumentation in order to understand as much as possible when and how leg muscles activate
during gait cycle with the aim to develop new rehabilitation protocols.

In last decades researchers have tried also to look for new solutions against this highly impairing
pathology: they didn't simply think about the rehabilitation based only on physiotherapy, but they
also tried to project a particular instrumentation that can stimulate electrically those muscles which
aren't sufficiently innervated by motor neurons due to the neurological dysfunction provoked by
hemiplegia.

But researchers have still a lot of work to do, actually nowadays even if this pathology has already
been classified by Winters et al. there are some studies which have pointed out that two hemiplegic
subjects who belong to the same Winters' class could show different gait and muscle activation
patterns.[38]

The most frequent hemiplegic forms are Winters' type 1 and 2 which, as previously said, are
characterized respectively by drop foot and equinus foot.[39]

Drop foot is among the most recurrent anatomical abnormalities in hemiplegic children: scientific
studies have pointed out that drop foot is caused by a reduced force of ankle dorsiflexor muscles
which is provoked by a lesion or an insufficient maturation of the motor cortex of the corticospinal
tract. The consequence of this physical deformity is that the subject can't raise upward the foot
because dorsiflexion muscles can't activate with enough intensity in order to control the talocrural
joint which can't perform the dorsal flexion movement: so the foot remains in a plantar flexed
position and is turned downward.

In the following page, a figure showing the drop foot is reported:

37



Normal Foot

Drop Foot

Figure 19: Comparison between a normal foot and a drop one

Due to the low activity of dorsiflexor muscles, particularly the tibialis anterior, the talocrural joint is
not controlled in its movements, so the subject can't walk normally and the effects on the gait cycle
are easily visible: for the subject it's quite difficult to lift up the toe, so the swing period is very
short; moreover there is another important consequence that is the difficulty in beginning a new gait
cycle, actually without dorsal flexion movements of the talocrural joint, the heel-strike can't occur
and so gait cycle doesn't begin regularly.[40]

Another common physical deformity that is largely diffused among hemiplegic subjects is the so
called equinus foot (or clubfoot): according to researchers, this congenital deformity is the most
frequent among hemiplegic subjects, actually statistic data show that it concerns unless 1 over 1000
newborns.[41]

Clubfoot is a foot which is rotated inward and downward and it doesn't lose its deformity without
treatment;[42] besides the abnormal rotation, the foot sometimes can be also smaller than the other
one.[43]

In the following page, a figure showing the difference between a normal foot and a clubfoot is

reported:
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Figure 20: comparison between a normal foot and a clubfoot

The clubfoot deformity is mainly caused by a limited ankle motion which is due to the tightness of
calf muscles (soleus and gastrocnemius) or of the Achilles tendon. Sometimes it could also happen
that a fragment of a broken bone (derived for example from an injury) can block the ankle motion;
other times, but it is less frequent, clubfoot can also be provoked by spasms of the two calf muscles
which are probably due to neurological disorder.

This deformity induces the patient to load a lot of weight on the other foot in order to compensate
the limits of the hemiplegic foot: these compensation trials, unfortunately, can cause the
development of problems in the healthy foot, like heel pain, inflammation of the Achilles tendon,
ankle pain and arthritis of the midfoot.[44]

The presence of the clubfoot and the associated effects, including pain, affect heavily the gait cycle
of the subject that can't be regular.

During walking the most evident and frequent effects of the ankle-foot complex dysfunction are a

longer cycle time, a shorter stride length and a shorter swing phase. The differences are particularly
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evident for the cycle time and the stride length: actually cycle time can be twice longer with respect
to normal conditions, and the stride length can be also less than the half. For what concerns the
swing phase, differences are not so evident.

The talocrural joint is subjected to a lower dorsiflexion action during stance period;also for what
concerns plantar flexion movement, the angles variation is reduced.[45]

Among children, there is also a particular form of hemiplegia that is quite diffused: the spastic
hemiplegia. This pathology is a kind of cerebral palsy which is characterized by a neuromuscular
disorder that provokes a continuous and uninterrupted contraction of muscles of one half of the
body: this is due to the fact that brain damages cause a continuous transmission of action potentials
to neuromuscular junctions on the unhealthy half of the body.[46]

Here below is reported a figure of a subject with spastic hemiplegia:

Spastic Gail

-
o

Figure 21: Subject with spastic cerebral palsy

Obviously the constant stimulation of muscles has important consequences on gait performance:
first of all gait cycle is longer, walking speed is smaller and there is also a longer support phase, i.e.
the healthy lower limb must support body weight for more time; since the healthy lower limb must
compensate for the other limb, it shows a shorter swing period.

Moreover there a lot of differences from healthy subjects also for what concerns the angle
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variations of the hip, knee and the ankle joints at the moment of the initial contact and during foot
extension. During walking, subjects with spastic hemiplegia must incline their upper body a little
backward in order to compensate their inability to lift up the affected lower limb and the reduced
capacity to flex the hip; moreover they also contract their abdominal muscles continuously to
compensate their inability to flex the hip.

Another important aspect that it is possible to notice from the spastic hemiplegic subject walking is
that when the ankle terminates its extension, the knee starts extending immediately: this is much
different from healthy subjects.[47]

Since anatomical deformities caused by hemiplegia are not so rare and can't be corrected without
any treatment, researchers have elaborated different rehabilitation techniques: one of the most

important is the functional electrical stimulation.

Functional electrical stimulation (FES) is a rehabilitative technique which was elaborated to correct
foot drop deformity in hemiplegic subjects classified as Winters' type 1. This rehabilitative method
can be applied correctly only by knowing well gait parameters of normal people, actually it was
thought to relearn gait patterns of healthy subjects.

First of all, it's necessary to apply pressure sensors under shoes and inertial sensors on feet, shanks
and hips in order to get immediately information about the gait of the hemiplegic subject: data are
sent to a computer that elaborates them and, after having identified the beginning of the swing
phase, it activates a wireless inertial sensor placed on the foot which stimulates electrically the
tibialis anterior and dorsiflexor muscles. The stimulation occurs by generating an electrical current
which excites motor neurons, weakly activated because of brain damages, so that muscles can be
correctly innervated to perform dorsiflexion movement.

This rehabilitative technique, together with voluntary effort, showed very good results in correcting

drop foot during walking.[3]

41



| L R
f’(k $k4

dorsifiexon dorsilexion

stimulation and eversion .
le the thyough and ﬂ“ﬁfﬂ"
alectrodes EWing mln;

Figure 22: Functional electrical stimulation
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4 - ARTIFICIAL NEURAL NETWORK

An artificial neural network (ANN) is a computational system that is inspired to biological neural
networks, i.e. those organizations of neurons that are connected each other by synapses; biological
neurons receive external stimuli (mechanical, thermal, chemical ecc.) in form of electrical signal,
then elaborate information and after that they transmit it to the other neurons which perform another
elaboration in order to generate a response to stimuli.[48]

Artificial neural networks functioning is similar to biological ones, actually they are constituted by
an interconnection of little units, called artificial neurons; these units receive signals, process them
and finally transmit to the other units, in a way that is similar to biological neurons. But artificial
neural networks are much simpler than biological ones: for this reason these models can't be used in
order to represent and understand biological neural networks.[49][50]

Originally, ANNs were thought by scientists in order to develop mathematical models that can
explain the information processing activity of biological neurons; but very soon researchers
understood that these models couldn't be applied to biological nerve cells for the previously
exposed reason. So they decided to try to use artificial neural networks in order to perform tasks
which don't concern biology. In this way they discovered that there were a lot of contexts in which
these revolutionary models could be utilized successfully. Some of them are for example computer
vision, speech recognition, machine translation and even something that has always been considered
performable only by humans, like painting.[51]

Here below a figure showing the structure of an ANN is reported:
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Figure 23: Schematic representation of an artificial neural network
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In this figure every circle represents an artificial neuron (also said node) and arrows represent all
connections between the output and the input of a couple of neurons. Each of these links allows
signals to travel from a neuron to the next one: each neuron can receive more input signals and give
more output ones.[52]

So ANNSs are typically organized in three principal neurons layers: the first one is called “input
layer” and receives information from the outside; the second one is called “hidden layer” and is
responsible for the major part of internal processing and performs the task of patterns extraction; the
third one is called “output layer” and produces ANN outputs.[53]

There is great quantity of different artificial neural networks and their complexity varies above all
on the base of the number of neurons layers which compose them. This means that an ANN can be
constituted by more neurons layers that are located between the input and the output one and are all
comprised in the hidden layer.

The complexity of an ANN doesn't depend uniquely on the quantity of neurons layers but also on
the type. Sharma and Copra[54] provided an important description of the two main types of ANN
which are the feed-forward neural networks (FFNN) and the recurrent neural networks (RNN).

In the figure below, there is the schematic representation of both networks:

Feed-forward neural network (FFNN) Recurrent neural network (RNN)

§<\

Input layer Hidden layer Output layer
Figure 24: Feed forward and recurrent neural networks

44



FFNNs can have a unique layer or multiple ones but in both cases the information flow is
unidirectional, i.e. data are transferred only from the input layer to the hidden one (that, as already
said, can be composed by multiple layers) and finally to the output one: this means that signals can't
in any way be transmitted in the opposite direction; moreover neurons of each layer can transmit
signals only to neurons of the following layer: so in a single layer, neurons don't communicate and
thus they don't exchange data in any way.

RNNs work in a totally different manner, in fact information are not processed only once. For
example hidden layer neurons can send back data for a further processing and in this case neurons
of the inputs layer receive the so called “feedback inputs”; in the same way, as it is possible to
notice from the previous figure, information can be transmitted back also from output layer neurons
to the hidden layer and then they can come back even to input layer for a new processing.[55]
Whatever kind of ANN is used, it's necessary to perform repetitively a training procedure in order to
find the best configuration.

The training of an ANN consists in giving continuously data in input to the network, so that unit
connections can be optimized: in this way errors in prediction phase can be sensitively reduced and
it can be possible to reach an optimal level of accuracy.[7]

If we consider the simplest ANNs, i.e. with a single hidden layer, training process can be divided in
six steps: firstly data are passed to the input layer which, after the elaboration, passes the output to
the hidden layer and, during the transfer, all data are multiplied by the first set of connection
weights; secondly, when signals arrive to the hidden layer, they are summed, are elaborated again
and, after having been multiplied by the second set of connection weights, are transferred to the
output layer; thirdly, signals arrive to the output layer, are summed and undergo the last elaboration,
so that the network output is generated; fourthly the output is compared with the expected value and
the difference between them is computed; fifthly, after the difference entity has been evaluated,
connection weights are opportunely modified; lastly the modification of connection weights is
saved for a new training, in which new data are given in input to the network.[56]

By applying the training process, and so by correct appropriately connection weights, ANNs can
perform quite well a lot of tasks and thus can be very useful. Actually for their great efficiency, they
are used also for medical diagnosis, and researchers continue to work with them in order to

elaborate more and more efficient models.
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S - MATERIALS AND METHODS

5.1 - DATASET

Gait data regarding hemiplegic children were provided by retrospective studies performed at the
Laboratory of Gait Analysis, Ospedale Santa Croce, Moncalieri(TO), Italy. The database included a
total of 20 subjects: 10 Winters’ group I (W1, 6 females and 4 males), of age ranging from 5 to 13
years, mean height (£ SD) = 129 +£14 cm, mean mass = 28.7 +8.4 kg; and 10 Winters’ group II (W2,
5 females and 5 males), of age ranging from 4 to 10 years, mean height (= SD) = 120 +18 cm, mean
weight 22.7+11.8 kg.

All subjects who presented another pathology, although they had however difficulties in walking,
were excluded from experiments.

For the present work hemiplegic children classified as Winters' type 1 and as Winters' type 2 were
recruited because these two forms of hemiplegia are not so serious that subjects aren't able to walk.
The present study respects all regulations and ethical principles decided by the Helsinki Declaration
and has been approved by an institutional committee. Moreover all subjects' parents have given

their consent to the execution of the test.

5.2 - SIGNAL ACQUISITION

In order to do experiments of classification and prediction, surface electromyographic and
basographic signals of all 20 hemiplegic were acquired: the acquisition was performed by means of
sEMG probes (5 for each lower limb, which record the activity of 5 different muscles) and 3 foot-
switches sensors that were applied under each foot, one beneath the heel and the others under the
first and the fifth metatarsal heads; these sensors activate continuously during subject walking
giving information about gait cycle and the temporal duration of each phase. Both for
electromyographic and basographic signals acquisition, a multichannel recording system (with
resolution: 12 bit; sampling rate: 2kHz) has been used.

All sSEMG probes were allocated on both lower limbs skin in order to record the electrical activity
of 5 muscles: tibialis anterior, gastrocnemius lateralis, vastus medialis, rectus femoralis and
hamstring.

Signals recording has been performed by respecting specific rules which were provided by the
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European concerted action SENIAM (surface EMG for a non invasive assessment of muscles):
these regulations regard the placement of electrodes which have to be located in some precise points
of the skin by considering some important aspects like motor points of the limb and muscular fiber
orientation.[57]

After the correct positioning of probes and foot-switch sensors, all 20 hemiplegic children were
requested to start walking on the floor for 2 minutes and 30 seconds with their own pace without
requiring them to accelerate or slow in any moments, so walking was performed in absolutely

natural conditions by all young subjects.

5.3 - PRE-PROCESSING

After acquisition, electromyographic and basographic signals were submitted to a pre-processing
procedure in order to remove electrical noise which would affect the reliability of data giving
distorted results.

Electromyographic signals were processed by means of two linear-phase FIR filters: a high-pass
and a low pass filters with cut-off frequency respectively equal to 20 Hz and 450 Hz. After that, all
surface electromyographic signals were further processed with a second-order Butterworth low-pass
filter with cut-off frequency equal to 5 Hz in order to extract the envelope.

In the following page, two figures putting in comparison an acquired signal and an envelope one

obtained with pre-processing are reported:
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For what concerns basographic signals they have been processed in order to identify the start and
the end of each gait cycle, and also to detect stance and swing phases that are identified by means of
two binary numbers: 0 for stance and 1 for swing. This purpose was reached by applying an anti-
causal anti-bounce filter so that spurious spikes, which were caused by switch bounces, are
removed.

With this procedure it was possible to individuate also the beginning of the stance (heel-strike) and

the swing (toe-ofY).

5.4 - DATA PREPARATION

After that pre-processing has been correctly performed, data regarding each muscle need only to be
normalized in order to have values comprised in the [0-1] interval. After the normalization
procedure, data are structured in this way: for each of the 20 subjects there is a file that is composed
by 5 columns, each of which contains values (that are rational numbers between 0 and 1) that
represent the electrical activity of a specific leg muscle which was recorded by means of probes;
from the first to the fifth column, muscles are reported in the following order: Tibialis anterior,
gastrocnemius lateralis, vastus medialis, rectus femoralis and hamstring.

Every file contains also a 6™ column reporting integer values (0 and 1) which were derived from
ground truth signals, i.e. basographic signals recorded with foot-switch sensors. These values
identify the phase of the gait cycle: 0 represents the stance phase, 1.e. the time frame in which the
foot is in contact with the floor, while 1 represents the swing phase, that is the period in which the
foot is suspended in air. This last label is the one on which the analysis is focused in order to predict
gait events (heel-strike and toe-off).

Once data are acquired, they need to be prepared adequately before being given in input to the
neural network for the training procedure. First of all it's necessary to divide each signal in windows
of samples in order to obtain vectors of elements which will be used to feed the classifier.

In order to understand with which windows gait phases classification and gait events prediction are
optimized, experiments have been performed on windows of 20, 50, 100 and 200 samples. So if for
example we choose to produce 100 samples windows, what we get is a big vector that is composed
by 100 sequences, each of which contains 5 elements. So in total this vector has 500 elements and is

structured in this way: the first 5 elements represent the sample values of the 5 muscles in the first
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time-sample; the following group of 5 elements constitutes the values of the second sample and so
on until the hundredth sample.

After that samples windows have been generated, it's possible to go on with folds creation, that is a
procedure with which 20 folds, each of which contains windowed data of 19 subjects for the
network training and 1 for the test. For each fold it is possible to distinguish two categories of
subjects: learned subjects who are used to perform the training of the neural network; unlearned
subjects who are utilized for the test of the neural network in which gait events prediction is
performed.

So, in few words, every fold is composed by windowed data regarding 19 learned subjects (LS set)
and 1 unlearned subject (US set). Moreover for each fold there is a different subject for the test: this
means that a subject is used as test subject in a fold, while in all the other folds it is used as training
subject.

Since the purpose is to measure the phase classification performances not only for unlearned
subjects but also for learned ones, the LS set has been divided into training set (LS-train) and test
set (LS-test). LS-train contains the 90% of the windowed of each train subject, while LS-test
includes the remaining 10%.

Once all 20 folds have been created, it is possible to proceed with the following step of the work:

the network training.

5.5 - NEURAL NETWORK

There are a lot of types of artificial neural networks that can be used in order to classify gait phases
and to predict foot-floor contact signal. As already said in the previous chapter, the main types of
artificial neural network are two: the feed-forward neural network (FFNN) and the recurrent neural
network (RNN).

In the present work, all experiments have been performed by using a feed-forward multi layer
perceptron neural network with 3 hidden layers (FF5 model). Each of these layers is composed by a
set of units (the first one has 512 units, the second one has 256 units, the third one has 128 units),
called artificial neurons, which perform the task of elaborating incoming signals from the previous
layer. After the entire elaboration, the output signals was fed to a sigmoid function and then a 0.5
threshold is utilized in order to get a binary output: if the output has a value that is lower than 0.5

the label 0 is assigned; otherwise the label 1 is assigned.
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For what concerns experiments, a stochastic gradient descent (SGD) was used as optimization
algorithm so that connection weights between two neurons layers are optimized; moreover a binary
cross entropy (BCE) has been utilized as the loss function.

For what regards the choice of the learning rate, the value 0.01 was experimentally considered the
best learning rate for FF5 model and for this reason it was used in all experiments of the present
work. After that the learning rate has been chosen, it is possible to proceed with the ANN training
that was performed by means of an early stop technique which consists in training the network for
at most 100 epochs: if the accuracy on the validation set didn't increase for 10 consecutive epochs,
then the network training is stopped.

At the end of the procedure, the best learned parameters were taken for the following evaluation of
the neural network performance over LS-test and US sets with the basographic signal that is used as

ground truth signal.

5.6 - GAIT EVENTS TIMING DETECTION

After that the neural network training has been performed, it's possible to proceed with the test
procedure, which consists in testing the neural network by predicting the basographic signals and
comparing them with the original ones in order to verify the efficiency and the precision of the
selected model.

With prediction, 20 basographic signals were obtained, one for each subject: so for every subject
there is an array containing sequences of 0 and 1 that represent respectively the stance and the
swing period. These sequences allow to identify easily HS, i.e. the transition from 1 to 0, and TO,
that is the transition from 0 to 1.

After predicted basographic signals have been obtained, it's necessary to perform the cleaning of
each one. Actually these signals, after prediction, can show very short phases (short sequences of 0
or 1) that absolutely can't represent correctly the stance and the swing period: in order to optimize
the performance in gait events prediction, it's necessary to clean as much as possible every signal by
choosing an adequate threshold so that superimposition of phase transitions on some tolerance
intervals can be avoided. This cleaning procedure allows to cancel false HS inside each swing
period (every 0 between two 1) and false TO inside each stance period (every 1 between two 0).

So, in order to understand which threshold allows to obtain the best gait events prediction, all

predicted basographic signals have been cleaned with 5 different thresholds: 25, 50, 150, 250 and
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300 milliseconds (ms).

If for example you choose a threshold equal to 300 ms, the first HS is detected and then the
following 600 samples are scanned to find and, eventually, remove those having value equal to 1;
when the 600" sample has been reached, the successive HS is identified and then the same
procedure is repeated until the last sample is reached.

For what concerns toe-off events, the procedure is identical: initially the first toe-off is identified
and then the following 600 samples are scanned in order to individuate and take off those samples
assuming the value of 0; after that the 600™ sample has been scanned, the following toe-off is

identified and then the same process is repeated and so on.

5.7 - PREDICTION EVALUATION

After that signals have been cleaned, it's possible to proceed with the last step of the work: the
evaluation of the basographic signal prediction. This is the final part of all experiments and it's
crucial in order to understand the reliability of phase transitions prediction. For that purpose, since
signals prediction was performed by a classifier of EMG signals segments, it's necessary to evaluate
the performance of the machine in assigning the right value to every EMG segments (0 for stance
and 1 for swing).

This purpose is reached through the computation of 4 statistical parameters: accuracy, precision,
recall and F1 score. Unfortunately this procedure is not so easy and rapid as it can seem, actually
the calculation of these parameters doesn't give reliable information about the evaluation of the
basographic signal prediction: for example if errors are located in proximity of phase transitions,
also a high accuracy could give unsatisfactory results for what concerns the time error of transition
instants.

For this reason, predicted basographic signals given by the classifier were further processed (after
the cleaning process) with the aim to remove imprecise prediction information and to improve the
performance quality.

So in order to perform another signals processing it's necessary to introduce an important statistical
parameter: the tolerance. This is a temporal parameter that allows to classify all predicted gait
events as true positives or false positives. For that purpose, after having consulted scientific
literature, tolerance was set to 600 milliseconds.

This means that, by comparing signals acquired by means of foot-switches sensors (ground truth
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signal) with basographic predicted ones, if a predicted HS (or TO) event is sufficiently close (less
than 600 milliseconds) to the corresponding gait event in the ground truth signal, it will be
considered a true positive. More precisely a true positive will be found if, by taking into
consideration the instant at which a gait event has been predicted and the instant at which the same
event appears in the ground truth signal, the absolute value of the difference between these two
instants is lower than the chosen tolerance; otherwise, the predicted gait event is considered a false
positive.

After that, precision, recall and F1 score can be measured; for all true positives, also the mean
average error (MAE) was computed: this value is defined as the average time difference between
the predicted gait event and the one, of the same type, in the ground truth signal.

Precision, recall, F1 score and MAE are so defined:

— precision = tp/(tp+p)
— recall = tp/tp+tn

— FI1 score = 2*(precision*recall)/(precision+recall)

— tp = true positives
— fp = false positives

— fn = false negatives

In the present work, basographic signals prediction evaluation was performed by using other
tolerance values: 100, 200 and 300.
Then the corresponding values of the computed parameters are compared among them in order to

understand at which tolerance gait events prediction gives the most reliable results.
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6 - RESULTS

In the present work, experiments have been performed in order to optimize classification and
prediction performances of the used neural network. Firstly, gait phases classification was
performed both for learned and unlearned subjects; then gait events prediction was performed on
unlearned subjects and so basographic signals were obtained.

After that, these signals were cleaned with 5 different thresholds: 25, 50, 150, 250 and 300
milliseconds. Then the prediction performance was evaluated by processing predicted signals in
order to remove false prediction. For that purpose, 4 different tolerance values were tested in the
experiments: 100, 200, 300 and 600 milliseconds. At the end, signals prediction was evaluated by
computing precision, recall, F1 score and mean average error both for HS and TO.

In the following pages, there are some tables and graphical representations reporting results

obtained from experiments.
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GAIT PHASES CLASSIFICATION RESULTS

Here below there is a table showing the average values, calculated over the 20 folds, of accuracy
(acc), precision (P), recall (R) and F1 score (F1) regarding the classification of stance (0) and
swing (1) performed for learned (L) and unlearned (U) subjects, considering windows with 20, 50,
100 and 200 samples (spw means ‘“samples per window”). For each of these parameters, the

corresponding standard deviation (SD) is reported on the right side.

Table 1: Gait classification results

FF5 Avg SD Avg SD Avg SD Avg SD
model (spw=20) | (spw=20) | (spw=s0) | (spw=50) | (spw=100) | (spw=100) | (spw=200) | (spw=200)
Ace_U 76,79 9,79 79,39 8,93 80,09 10,47 80,89 9,68
Acc_L 84,10 1,92 82,05 0,68 82,35 0,88 82,35 0,78
POU 76,59 16,12 78,81 16,05 81,17 16,21 81,59 16,28
RO U 75,62 19,42 79,50 17,35 78,49 21,54 79,71 19,36
F1_0_U 72,62 14,77 76,10 13,04 75,62 18,31 77,17 14,89
P1U 80,04 15,99 82,65 15,47 82,93 16,24 83,34 16,18
R1U 81,05 12,12 82,36 12,00 84,68 12,00 85,00 11,32

F1_1 U 78,64 9,71 80,69 9,31 81,80 9,73 82,38 9,67
POL 83,92 2,62 81,61 1,98 82,56 1,32 83,52 1,53
R 0_L 80,33 2,99 78,10 2,58 77,26 2,46 76,64 2,00
F1 0 L 82,05 2,25 79,76 0,92 79,79 1,21 79,90 097
P1L 84,31 2,00 82,50 1,56 82,27 1,45 81,55 1,27
R1L 87,20 2,39 85,35 2,14 86,53 1,53 87,17 1,56
F1_1 L 85,71 1,72 83,86 0,69 84,33 0,79 84,25 0,75
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RESULTS FOR WINDOWS WITH 20 SAMPLES

In the table below, it is possible to see the mean values of precision, recall, F1 score and MAE (with
the corresponding standard deviation) computed by evaluating gait events prediction, considering
windows of 20 samples at different tolerances and thresholds for HS. All these values were obtained
by calculating the average of values of all 20 folds: for every fold, precision, recall, F1 score and

MAE were computed, then these values were averaged and the standard deviation was calculated.

Table 2: Results of the gait events prediction for HS considering windows of 20 samples

Threshold | Tolerance Precision HS Recall HS F1 HS MAE HS
AVG SD AVG SD AVG SD AVG SD
25 100 294 179 | 529 | 26.8 | 37.2 | 21.2 | 457 | 12.0
50 100 31.6 | 20.1 | 504 | 26.8 | 383 | 22.8 | 46.0 | 12.1

150 100 33.1 | 258 | 39.1 | 27.6 | 354 | 264 | 433 | 133
250 100 345 | 27.1 | 350 | 27.1 | 343 | 268 | 43.6 | 173
300 100 354 | 27.8 | 332 | 27.1 | 33.7 | 27.0 | 435 | 174
25 200 449 | 16.7 | 80.7 | 19.0 K 56.6 | 17.7 @ 80.7 | 32.4
50 200 474 | 183 | 75.8 | 19.1 A 573 | 186 | 79.9 | 33.7
150 200 504 | 25.0 | 60.0 | 264 | 54.1 # 25.1 | 80.6 | 343
250 200 514 | 272 | 520 | 27.3 | 51.1 | 26.8 | 80.7 | 36.8
300 200 529 | 279 | 494 | 277 | 502 | 272 | 80.9 | 37.9
25 300 545 | 1677 | 98.8 | 184 | 69.0 | 17.3 | 108.3 | 434
50 300 57.1 | 18.0 | 92.1 | 169 | 693 | 17.7 | 106.3 | 46.1
150 300 603 | 246 | 71.8 | 249 | 648 | 244 | 1082 464
250 300 60.5 | 259 | 61.0 | 26.0 | 60.0 # 25.7 | 107.5 | 51.0
300 300 61.6 | 269 572 | 27.0 | 584 265 | 105.1 | 48.8
25 600 755 | 16.6 | 100.0 | 28.9 | 86.1 | 17.6 | 198.8 | 64.9
50 600 773 | 17.0 | 100.0 | 24.6 | 87.2 | 17.1 | 193.1 | 68.3
150 600 80.4 | 204 | 959 | 204 | 86.5 | 19.6 | 1954 | 913
250 600 78.0 | 206 | 77.6 | 20.1 | 77.0 | 20.3 | 185.5 | 93.9
300 600 77.8 1209 | 703 | 22.6 | 72.6 | 21.5 | 179.0 | 94.9
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In the following table, there are the mean values of precision, recall, F1 score and MAE (with the

corresponding standard deviation) calculated for TO, over the 20 folds, considering windows of 20

samples.
Table 3: Results of the gait events prediction for TO considering windows of 20 samples
il | Precision TO Recall TO F1 TO MAETO
FesHolq ] TOTeTREE TavG | sp [ AVG | sD | AVG | sD | AvG | sD
25 100 264 | 150 | 473 | 235 | 333 | 176 | 515 10.2
50 100 2800 | 162 | 449 | 23.0 | 339 | 185 | 49.6 | 13.0

150 100 342 | 215 | 402 | 234 | 365 | 222 | 50.1 15.2
250 100 38.1 | 239 369 21.7 371 | 226 | 467 @ 179
300 100 387 | 239 332 | 199 | 350 | 21.0 | 457 | 169
25 200 422 21.0 | 75.1 | 29.8 | 53.0 | 23.7 | 89.5 | 234
50 200 448 | 23.0 | 71.1 | 29.0 | 540 @ 250 @ 904 | 258
150 200 544 | 287 | 634 | 289 | 579 | 28,6 | 933 | 31.0
250 200 59.7 1 30.1 | 579 | 279 | 581 | 288 | 92.6 | 31.0
300 200 61.3 | 309 | 53.0 271 556  28.1 | 93.8 | 31.8
25 300 50.0 | 21.2 | 905 | 29.8 | 63.1 | 234 | 1183 | 434
50 300 529 | 229 | 852 | 277 | 641 @ 242 | 1187 | 46.5
150 300 644 | 270 | 753 | 25.0 | 68.6 | 26.0 | 120.6 | 51.3
250 300 70.8 | 275 | 68.1 | 253 | 685 | 262 | 119.6 @ 522
300 300 72.1 | 281 | 619 | 256 | 65.0 | 26.0 | 120.1 | 53.2
25 600 67.5 | 17.7 | 100.0| 356 | 80.6 | 19.0 | 202.6 | 84.4
50 600 70.1 | 18.1 1100.0 | 28.8 | 824 | 183 | 197.0 @ 88.5
150 600 813 | 192 | 965 | 147 | 873 | 17.0 | 183.5 | 92.2
250 600 86.3 | 195 | 833 | 169 | 83.6 | 17.8 | 173.0 | 883
300 600 8§79 | 199 | 757 | 199 | 793 | 18.8 | 171.6 | 90.0
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RESULTS FOR WINDOWS WITH 50 SAMPLES
In the following table you can see the average values of the same parameters (with the
corresponding standard deviation) computed taking into consideration 50 samples windows for HS,

over the 20 folds, at different tolerances and thresholds

Table 4: Results of the gait events prediction for HS considering windows of 50 samples

Threshold | Tolerance Precision HS Recall HS F1 HS MAE HS
AVG SD AVG SD AVG SD AVG SD
25 100 403 | 185 | 62.8 | 20.7 | 484 | 194 | 44.0 | 10.7
50 100 42.4 199 | 61.5 | 21.2 | 49.5 | 20.5 | 439 | 10.7

150 100 444 | 254 | 50.7 | 269 | 46.7 | 2577 | 445 | 11.8
250 100 454 | 272 | 45.0 | 26.8 H 445 | 264 @ 450 | 12.1
300 100 47.0 | 27.1 | 43.8 | 269 444 | 263 449 | 114
25 200 545 | 17.1 | 864 | 13.0 | 65.8 | 159 | 70.6 | 24.6
50 200 564 | 183 | 83.6 | 144 | 664 | 17.1 | 69.5 | 25.1
150 200 59.1 | 25.0 | 67.8 | 254 | 62.5 | 248 | 71.0 | 259
250 200 594 | 26.6 | 58.5 | 26.6 | 58.1 | 26.0 | 70.5 | 26.8
300 200 619 | 263 | 56.7 | 274 | 579 | 263 | 70.8 | 26.9
25 300 62.1 | 17.0 | 99.6 | 124 | 753 | 155 | 922 | 36.2
50 300 634 | 180 | 950 | 13.8 | 749 | 16,5 | 88.8 | 37.7
150 300 662 | 245 | 762 | 23.6 | 70.0 | 23.8 | 91.9 | 38.6
250 300 657 | 252 | 645 | 254 | 642 | 247 | 90.8 | 425
300 300 679 | 246 618 | 266 | 633 | 252 | 90.0 | 43.1
25 600 81.0 | 15.7 1100.0 | 23.1 | 89.5 | 15.6 | 1749 | 60.6
50 600 81.7 | 16.0 | 100.0 | 20.8 | 89.9 | 15.1 | 169.2 | 64.2
150 600 84.6 | 17.6 | 97.2 | 142 | 89.5 | 15.7 | 169.7 | 98.9
250 600 82.1 | 17.6 | 792 | 17.6 | 79.6 | 17.2 | 161.4 | 102.2
300 600 80.8 | 17.4 | 71.5 | 21.6 | 74.1 | 19.0 | 145.5 H 94.9
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Here below there is the table reporting the mean values of the same parameters calculated for TO,

over the 20 folds, considering again 50 samples windows.

Table 5: Results of the gait events prediction for TO considering windows of 50 samples

PRTEEY R Precision TO Recall TO F1 TO MAE TO
AVG SD AVG SD AVG SD AVG SD
25 100 279 | 159 | 450 248 | 340 | 19.0 52.0 12.3
50 100 294 | 172 | 444 | 250 | 349 | 200 514 11.8

150 100 372 | 233 | 420 | 25.1 | 39.1 | 241 | 527 | 153
250 100 402 | 259 | 388 | 24.6 | 39.0 | 251 | 482 | 157
300 100 404 258 | 358 242 | 372 | 247 | 48.1 15.9
25 200 452 | 21.1 | 720 | 27.6 | 547 | 23.6 | 89.6 | 262
50 200 47.6 | 2277 | 71.0 | 28.0 | 56.2 | 248 | 90.2 | 27.0
150 200 594 | 283 | 668 | 275 | 622 | 28.0 | 9.1 | 29.8
250 200 63.6 | 303 | 609 | 28.6 | 614 | 292 | 91.0 | 294
300 200 644 | 307 | 56.1 | 29.0 | 58.6 | 29.2 | 90.8 | 28.2
25 300 540 | 199 | 86.5 | 22.0 | 654 | 20.7 | 117.6 | 44.0
50 300 56.5 | 21.1 | 84.7 | 224 | 66.8 | 21.6 | 117.6 | 464
150 300 69.8 | 25.1 | 789 | 215 | 733 | 23.6 | 1165 | 489
250 300 758 | 254 720 | 232 | 729 | 239 | 1181 | 504
300 300 7171 256 | 66.6 | 248 | 699 | 24.1 | 1193 | 50.1
25 600 68.8 | 17.1 |100.0| 23.0 | 81.5 | 16.8 | 187.0 | 74.7
50 600 71.1 | 17.5 1100.0| 20.9 | 83.1 | 16.7 | 181.8 | 76.8
150 600 82.8 | 193 | 948 | 13.6 | 874 | 16.7 | 164.1 | 81.5
250 600 87.6 | 20.1 | 834 | 17.7 | 844 | 184 | 1572 | 78.8
300 600 89.3 | 20.1 | 77.1 | 222 | 80.7 | 20.1 | 157.2 | 77.6
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RESULTS FOR WINDOWS WITH 100 SAMPLES
Here below there is a table reporting mean values of precision, recall, F1 score and MAE regarding
HS: these values were computed at each tolerance and threshold, over the 20 folds, considering

windows of 100 samples.

Table 6: Results of the gait events prediction for HS considering windows of 100 samples

Threshold | Tolerance Precision HS Recall HS F1 HS MAE HS
AVG SD AVG SD AVG SD AVG SD
25 100 40.9 | 188 | 60.3 | 23.0 | 47.8 | 20.5 | 45.7 8.0
50 100 444 | 20.8 | 58.1 | 23.3 | 494 | 22.0 | 452 8.1

150 100 464 | 242 | 504 | 253 | 47.6 | 247 | 46.1 8.5
250 100 477 | 250 | 463 | 25.7 H 463 | 253 @ 46.8 | 10.2
300 100 499 | 246 | 455 | 25.8 | 46.6 | 253 | 464 | 9.5
25 200 570 | 173 | 84.1 | 195 | 663 | 17.5 | 742 | 233
50 200 606 | 19.1 | 79.5 | 199 | 673  19.1 | 723 | 23.8
150 200 634 | 235 690 | 244 | 65.0 237 | 73.1 | 23.8
250 200 645 | 233 | 623 | 254 | 62.2 | 243 | 729 | 249
300 200 67.0 | 228 | 609 | 263 | 624 | 25.0 | 72.6 | 24.8
25 300 653 | 180 | 96.5 | 187 | 76.0 | 17.6 | 954 | 352
50 300 683 | 194 | 90.0 | 19.0 | 759 | 189 | 913 | 363
150 300 712 1 233 | 777 | 23.6 | 73.1 | 233 | 924 | 36.5
250 300 722 | 224 1 695 | 25.0 | 69.7 | 23.8 | 92.0 | 384
300 300 75.0 | 21.1 | 67.7 | 26.1 | 69.6 | 244 | 919 | 393
25 600 81.3 | 16.4 | 100.0 | 264 | 89.7 | 184 | 1649 | 56.6
50 600 833 | 16.7 | 100.0 | 21.4 | 90.9 | 17.5 | 156.1 | 62.7
150 600 856 | 169 | 933 | 174 | 879 | 16.8 | 153.0 @ 84.7
250 600 83.7 | 159 | 795 | 20.5 | 80.1 | 184 | 138.7 | 77.9
300 600 84.6 | 154 | 749 | 227 | 774 | 19.8 | 128.7 | 68.7
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Here below there is the table reporting the average values, calculated over the 20 folds, of precision,

recall, F1 score and MAE concerning TO .

Table 7: Results of the gait events prediction for TO considering windows of 100 samples

Tl | T Precision TO Recall TO F1 TO MAE TO
AVG SD AVG SD AVG SD AVG SD
25 100 304 | 173 | 451 | 254 | 356 | 203 51.9 12.9
50 100 329 | 19.8 | 435 | 258 | 368 @ 222 51.6 13.1

150 100 39.6 | 248 | 423 | 256 | 403 | 25.1 | 52.0 | 143
250 100 420 269 | 392 | 248 | 39.7 | 253 | 486 | 172
300 100 425 1 269 | 36.7 | 24.0 | 383 | 246 | 487 | 17.1
25 200 48.1 | 23.1 | 71.1 | 29.7 | 563 | 258 | 87.5 | 28.6
50 200 520 | 256 | 68.6 | 299 | 581 | 275 | 88.6 | 295
150 200 61.1 | 30.1 | 65.7 | 29.8 | 624 | 30.0 | 883 | 30.7
250 200 642 | 31.7 | 60.6 | 304 | 613 | 30.7 | 889 | 32.7
300 200 65.1 | 31.8 | 56.7 | 299 | 59.0 | 30.2 | 88.7 | 319
25 300 56.6 | 228 | 84.6 | 274 | 664 | 245 | 1139 | 447
50 300 60.8 | 246 | 81.1 | 270 | 682 | 25.6 | 114.6 | 489
150 300 709 | 277 | 769 | 264 | 728 | 272 | 113.6 = 509
250 300 749 | 285 | 705 | 28.0 | 71.3 | 28.0 | 114.1 | 52.8
300 300 76.0 | 284 | 66.1 = 283 688 | 279 | 1143 | 528
25 600 71.0 | 181 1100.0 26.8 | 83.1 | 184 | 1829 814
50 600 745 | 188 | 99.7 | 227 | 832 | 182 | 174.6 | 85.8
150 600 83.7 | 204 | 905 | 184 | 8.5 | 19.0 | 162.6 | 89.2
250 600 874 | 207 | 8.7 | 21.9 | 82.7 | 209 | 1589 | 89.9
300 600 883 | 208 | 76.5 | 240 | 79.7 | 22.2 | 158.1 | 894
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RESULTS FOR WINDOWS WITH 200 SAMPLES
In the following table there are the average values of precision, recall, F1 score and MAE computed

over the 20 folds, considering windows of 200 samples. These values concern HS.

Table 8: Results of the gait events prediction for TO considering windows of 200 samples

Threshold | Tolerance Precision HS Recall HS F1 HS MAE HS
AVG SD AVG SD AVG SD AVG SD
25 100 44.1 17.1 | 56.1 | 17.1 | 48.7 | 17.2 | 47.8 3.8
50 100 44.1 17.1 | 56.0  17.1 | 48.6 | 17.2 | 47.8 3.8

150 100 473 | 19.6 | 51.9 | 19.0 | 489 | 193 | 482 | 42
250 100 48.7 | 20.6 | 485 194 | 481 | 199 | 480 | 53
300 100 513 | 20.7 | 459 | 20.0 | 47.7 | 202 | 484 | 6.0
25 200 620 | 19.0 | 79.5 | 17.2 | 68.6 | 18.0 | 763 | 13.2
50 200 620 | 190 | 795 | 17.2 | 68.6 | 180 | 763 | 13.2
150 200 669 | 222 738 | 209 | 693 212 | 775 | 13.8
250 200 694 | 228 | 693 | 21.8 | 68.6 | 219 | 779 | 14.7
300 200 73.6 | 266 | 65.6 | 303 | 68.1 234 | 785 | 29.8
25 300 68.7 | 19.0 | 8.5 | 153 | 76.1 | 173 | 934 | 25.0
50 300 68.7 | 19.0 | 884 | 153 | 76.1 | 173 | 934 | 25.0
150 300 734 1220 | 813 | 19.7 | 76.2 | 20.6 | 934 | 254
250 300 762 | 224 | 762 | 21.1 | 753 | 21.4 | 94.0 | 264
300 300 80.8 | 342 | 71.7 | 324 | 74.6 | 354 | 944 | 409
25 600 83.5 | 15.7 | 100.0 15.0  91.0 | 13.9 1549 | 64.1
50 600 83.6 | 15.7 | 100.0 | 15.0  91.1 | 13.9 | 155.0 | 64.1
150 600 872 | 15.8 | 96.8 | 10.6 | 90.6 | 12.8 | 147.7 | 77.2
250 600 89.8 | 15.1 | 89.3 | 11.6 | 88.6 | 13.0 | 1444 | 78.5
300 600 913 | 39.7 | 80.0 | 33.7 | 83.7 | 27.5 | 129.9 | 77.1
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Here below there is the table reporting the average values, computed over the 20 folds, of the 4

parameters obtained for TO.

Table 9: Results of the gait events prediction for TO considering windows of 200 samples

PRTEEY R Precision TO Recall TO F1 TO MAE TO
AVG SD AVG SD AVG SD AVG SD
25 100 303 | 162 | 392 | 195 | 33.7 | 17.5 50.7 52
50 100 303 | 162 | 392 | 19.5 | 338 | 17.6 50.7 5.2

150 100 343 | 196 | 377 | 199 | 355 | 19.6 | 50.6 5.1

250 100 36.3 | 20.7 | 36.1 | 20.2 | 357 | 202 | 50.7 5.3

300 100 37.1 | 221 | 329 | 20.7 | 342 | 208 | 513 5.4

25 200 517 | 23.6 | 66.7 | 256 | 575 | 247 | 91.8 | 18.2
50 200 517 | 23.6 | 66.7 | 256 | 575 | 247 | 91.8 | 18.2
150 200 583 | 27.7 | 63.8 | 264 | 60.2 | 272 | 922 | 179
250 200 613 | 287 | 60.8 | 27.0 | 604 | 27.8 | 92.7 | 18.6
300 200 624 | 367 | 548 | 344 | 572 | 302 | 93.1 | 372
25 300 624 | 230 | 81.2 | 23.6 | 69.6 | 234 | 122.1 | 32.6
50 300 624 | 230 | 81.2 | 23.6 | 69.6 | 234 | 122.1 | 32.7
150 300 70.0 | 266 | 77.1 | 242 | 725 | 25.6 | 1227 | 343
250 300 734 | 27.0 | 73.0 | 249 | 724 | 257 | 1227 | 35.8
300 300 75.0 | 339 | 657 | 348 | 68.7 | 31.7 | 123.0 @ 59.6
25 600 77.5 | 181 |100.0| 18.6 | 873 | 165 | 1842 | 774
50 600 77.6 | 182 1100.0 18.6 | 87.4 | 165 | 1842 774
150 600 843 | 196 | 933 | 146 | 874 | 16.7 | 176.1 | 83.1
250 600 874 | 13.0 | 8.4 | 159 | 86.0 | 17.8 | 171.3 | 82.7
300 600 89.3 | 441 | 776 | 205 | 814 | 374 | 1712 | 1014

63



PRECISION

Here below there are graphical representations of precision values for HS and TO, so that it is

possible to see how this parameter changes by varying the threshold used to clean predicted signals.

All graphs show mean precision computed over the 20 folds with a tolerance of 600 milliseconds.
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Figure 27: Precision values for different window size with tolerance of 600ms
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In the following there are the graphical representations of mean precision values, obtained over the

20 folds, varying with tolerance at the fixed threshold of 300 ms.
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Figure 28: Precision values for different window size with threshold of 300ms
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RECALL
Here below graphical representations of mean recall values for HS and TO are reported.

All graphs show mean recall values computed, over the 20 folds, with a tolerance of 600

milliseconds.
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Figure 29: Recall values for different window size with tolerance of 600ms
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In the following, there are the graphical representations of mean recall values varying, computed

over the 20 folds, with tolerance at the fixed threshold of 300 ms.

20 Samples per window 50 Samples per window
80 100
70
60 80
< 50 S 60
= 40 M Recall HS s M Recall HS
§ 0 B Recall TO § 40 M Recall TO
© 4
: :
0 0
200 300 600 200 300 600
Tolerance (ms) Tolerance (ms)
100 Samples per window 200 Samples per window
100 100
80 80
s 60 m Recall HS g 60 B Recall HS
§ 40 M Recall TO § 40 M Recall TO
x o
20 20
0 0
200 300 600 200 300 600
Tolerance (ms) Tolerance (ms)

Figure 30: Recall values for different window size with threshold of 300ms
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F1 SCORE

Here below there are graphical representations of mean F1 score values, computed over the 20

folds, for HS and TO,.

All graphs show F1 score computed with a tolerance of 600 milliseconds.
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Figure 31: FI Score values for different window size with tolerance of 600ms

68



In the following there are the graphical representations of mean F1 score values, computed over the

20 folds, varying with tolerance at the fixed threshold of 300 ms.
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Figure 32: F1 Score values for different window size with threshold of 300ms
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MEAN AVERAGE ERROR (MAE)

Here below, graphical representations of MAE values for HS and TO were reported.

All graphs show MAE computed, over the 20 folds, with a tolerance of 600 milliseconds.
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Figure 33: MAFE values for different window size with tolerance of 600ms
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In the following, there are the graphical representations of MAE values, computed over the 20

folds, varying with tolerance at the fixed threshold of 300 ms.
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Figure 34: MAE values for different window size with threshold of 300ms
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MEAN AVERAGE ERROR AND TOLERANCE
Here below there are a table and a graphical representation showing how mean average errors,

calculated over the 20 folds, change with tolerance both for HS and TO. Data were reported

considering windows with 200 samples and a threshold of 300.

Table 10: MAE for HS and TO considering windows of 200 samples

Samples per
window Threshold Tolerance MAE HS MAETO
200 300 100 48,40 51,31
200 300 200 78,46 93,06
200 300 300 94,37 123,01
200 300 600 129,93 171,15
200 Samples per window
Threshold 300
200,00
150,00
B MAE HS
g 100,00 u MAE TO
0,00
100 200 300 600

Tolerance

Figure 35: MAE computed for different tolerances
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FALSE POSITIVES AND TOLERANCE

In this page there are a table and a graphical representation showing how the number of false

positives changes with tolerance both for HS and TO. Data were reported considering windows with

200 samples and a threshold of 300.

Table 11: False positives for HS and TO considering windows of 200 samples

Samples per
window Threshold Tolerance FP-HS FP-TO
200 300 100 52,00 67,29
200 300 200 28,71 40,75
200 300 300 21,25 27,88
200 300 600 10,29 13,33
200 Samples per window
Threshold 300
80,00
» 60,00
2 H FP-HS
'g 40,00 H FP-TO
o
(0]
|8
000 .
100 200 300 600

Tolerance

Figure 36: False positives found for different tolerances
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7 - DISCUSSION

In the present work, basographic and sSEMG signals of 20 hemiplegic children, previously acquired,
were used to reach a precise purpose, i.e. classifying gait phases (stance and swing) and predicting
with the highest reliability transitions between these phases, i.e. heel strike and toe off, by using the
deep learning approach.

In order to get the most accurate gait phases classification and gait events prediction from sEMG
signals of hemiplegic children, many experiments have been performed in order to obtain the best
performances by the artificial neural network.

Experiments were performed each time considering windows composed by a different number of
samples (20, 50, 100, 200) in order to see when the neural network gives the best results. Sensitivity
of the performances to the threshold of the procedure for cleaning the predicted basographic signals
and to the tolerance to identify true positives were also tested.

After having performed the training and the test of the neural network, results about the accuracy of
gait phases classification were obtained both for learned and unlearned subjects. The first thing that
it is possible to notice immediately is that classification accuracy in learned subjects is higher than
unlearned subjects' one, as expected Table 1). However, there is not a great difference between the
two subjects categories (except for the case of windows with 20 samples), and this induces to think
that the chosen neural network, a feed-forward multi layer perceptron neural network with 3 hidden
layers (FF5), is able to learn signal patterns that generalize well to unlearned subjects. The best
accuracy for what concerns unlearned subjects was obtained with 200 samples windows, while on
learned subjects the best accuracy was found with 20 samples windows (that gave the lowest
accuracy for unlearned subjects). Moreover, it is easily noticeable that on unlearned subjects the
standard deviation is higher. This is partly due to the fact that gait patterns can change importantly
from subject to subject. Also for what concerns precision, recall and F1 score learned subjects show
better results than unlearned ones, as expected, both for stance and swing periods. As in the case of
accuracy, unlearned subjects show again a much higher standard deviation, i.e. a greater variability.
By looking at table 1, it is possible to notice also that swing phases show better results than stance
ones both for learned and unlearned subjects.

The present approach allows also to predict foot-floor-contact signals and thus the transition timing

between phases, i.e. HS and TO. Four different tolerances to identify true positives in the predicted
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foot-floor-contact signal were evaluated. For each of these tolerances, five different increasing
thresholds for leaning the predicted foot-floor-contact signals were tested (Tables 2-9). Moreover,
by observing these tables, it is possible to see how prediction performance varies considering
windows with a different number of samples. First of all, it is easy to notice that precision, recall
and F1 score increase, reaching a higher accuracy level, by setting the temporal tolerance to 600
milliseconds: this happens for both gait events, HS and TO (see tables 2-9). Also the mean average
error increases for HS and TO but it is simply due to the fact, that with a higher temporal tolerance
there are less false positives (see table 11 and figure 36) and more true positives which then will be
considered for the prediction evaluation. This is due to the fact that in predicted signals a gait event
is considered as a true positive if it is temporally less distant than 600 ms from the corresponding
gait event in the ground truth signal.

By considering parameters obtained at each experiment, it is evident that, globally, all parameters
improve by increasing the number of samples per window; improvements are visible also by
increasing tolerance for all parameters, except the mean average error. For what concerns the
threshold by increasing its value, both for HS and TO, precision improves, recall worsens;
conversely F1 score and MAE remain more or less constant, except the case in which the tolerance
is set to 600 ms (see tables 2-9 and figures 27-35).

At the end, the best performance in classifying gait phases and predicting gait events in hemiplegic
children was obtained by creating 200 samples windows to feed in input to the neural network and
by post processing predicted signals setting the threshold to 300 ms and the tolerance to 300 ms.
Thus, this configuration was proposed by the present work as approach to classify stance and swing
and to predict basographic signals with the highest reliability: the classification accuracy was 82.4%
for learned subjects and 80.9 for unlearned subjects; for what concerns prediction the mean absolute
error was 94.4 + 40.9 ms for HS and 123.0 + 59.6 ms for TO.

In order to estimate the goodness of these results it's necessary to compare them with what reported
in literature. In [64] gait analysis was performed on healthy adult subjects walking on a treadmill: in
this study a classification accuracy of 87.5% for learned subjects and of 77% for unlearned ones
was accomplished; mean average errors, computed by means of a neural network, were 35 + 25 ms
for HS and 49 + 15 ms for TO; in [56] gait analysis was performed on healthy adult subjects
walking in natural conditions: classification accuracy was 94.8% for learned subjects and 93.4 for
unlearned ones; mean average errors were computed through a neural network and were 21.6 + 7.0

ms for HS and 38.1 + 15.2 for TO.

75



By analyzing results obtained by these two studies, it is possible to notice that they are quite better
than results achieved in the present work. This difference could be explained by the fact that in
children affected by hemiplegia there is a great variability in gait parameters due to walking
difficulties caused by neuromuscular disorder; this variability wasn't found in the other two studies
probably because gait analysis was performed on adult healthy subjects.

However the present work can be proposed as an innovative approach used to classify and predict
stance and swing phases from SEMG of hemiplegic subjects and in the future it could be quite
improved, so that it will become possible to get very good performances in classifying and

predicting basographic signals not only for healthy subjects but also for unhealthy ones.
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8 - CONCLUSIONS

The present work proposed a gait analysis method based on deep learning approach in order to
classify gait phases (stance and swing) and to predict transitions between these phases, i.e. heel
strike and toe off, in hemiplegic children; this work has also proposed a good technique for pre-
processing SEMG signals that consists in extracting linear envelopes in order to train better the

neural network and to improve its performances.

To the best of our knowledge, this is one of the first studies to estimate HS and TO from sEMG
signals of hemiplegic subjects. Results about classification and prediction performances are
preliminary and thus promising for future: in this work actually by modifying some parameters
(number of samples per window, tolerance and threshold) it was possible to get better performances
(higher precision, recall, F1 score and lower MAE) for what concerns both classification and
prediction. So by changing parameters at each experiment, new better performances can be

obtained.

For future works, other experiments can be performed, like trying to use a different type of neural
network, creating superimposed windows and increasing the number of subjects recruited for gait

analysis; in this way the goodness of classification and prediction can be easily increased.

The approach proposed by the present work is well promising for future also because it allows to
predict HS and TO directly from sEMG signals, so if this method will be adequately improved, in
future probably it will be possible to perform gait analysis without using foot-switch sensors. This
would represent a good advantage for analysis performance because a lower number of sensors will

be necessary and thus time-consumption and costs will be reduced.

71



9 - BIBLIOGRAPHY

[1] Gerald M, Fenichel MD. “Clinical pediatric neurology: a signs and symptoms approach”.
Saunders Elsevier, 2005; 5: 239-253.

[2] Patel DR, Neelakantan M, Pandher K, and Merrick J. “Cerebral palsy in children: a clinical
overview”. Transl Pediatr 2020; 9(Suppl 1): S125-S135.

[3] Watanabe T, Endo S, and Morita R. “Development of a prototype of portable FES rehabilitation
system for relearning of gait for hemiplegic subjects”. Healthc Technol Lett. 2016 ; 3(4): 284-289.

[4] Muro-de-la-Herran A, Begonya Garcia-Zapirain B, Amaia Mendez-Zorrilla A.“Gait Analysis
Methods: An Overview of Wearable and Non-Wearable Systems, Highlighting Clinical
Applications”. Sensors (Basel). 2014 Feb; 14(2): 3362-3394.

[5] Sabatini A.M, Martelloni C, Scapellato S, Cavallo F. “Assessment of walking features from foot
inertial sensing”. IEEE Trans. Biomed. Eng. 2005; 52, 486—494.

[6] Sanchez-DelaCruz E, Weber R, Biswal RR, Mejia J, Herndndez-Chan G, Gomez-Pozos H, “Gait
Biomarkers Classification by Combining Assembled Algorithms and Deep Learning: Results of a

Local Study”. Comput Math Methods Med. 2019.

[7] Agatonovic-Kustrin S, Beresford R. “Basic concepts of artificial neural network (ANN)
modeling and its application in pharmaceutical research”. J Pharm Biomed Anal. 2000;

22(5):717-27.

[8] Taborri J, Palermo E, Rossi S, Cappa P. “Gait Partitioning Methods: A Systematic Review”.
Sensors (Basel) 2016; 16(1):66.
[9] Miller A. “Gait event detection using a multilayer neural network.” Gait & Posture. 2009;

29(4):542-5.

[10] Osis ST, Hettinga BA, Ferber R. “Predicting ground contact events for a continuum of gait
types: An application of targeted machine learning using principal component analysis”. Gait &
Posture. 2016; 46:86-90.

[11] Kidzinski £, Delp S, Schwartz M. “Automatic real-time gait event detection in children using

deep neural networks”. PLoS One. 2019; 14(1):e0211466.

78


https://www.ncbi.nlm.nih.gov/pubmed/?term=Watanabe%20T%5BAuthor%5D&cauthor=true&cauthor_uid=28008365
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6942791/#
https://www.ncbi.nlm.nih.gov/pubmed/?term=G%26%23x000f3%3Bmez-Pozos%20H%5BAuthor%5D&cauthor=true&cauthor_uid=31933676
https://www.ncbi.nlm.nih.gov/pubmed/?term=Hern%26%23x000e1%3Bndez-Chan%20G%5BAuthor%5D&cauthor=true&cauthor_uid=31933676
https://www.ncbi.nlm.nih.gov/pubmed/?term=Mej%26%23x000ed%3Ba%20J%5BAuthor%5D&cauthor=true&cauthor_uid=31933676
https://www.ncbi.nlm.nih.gov/pubmed/?term=Biswal%20RR%5BAuthor%5D&cauthor=true&cauthor_uid=31933676
https://www.ncbi.nlm.nih.gov/pubmed/?term=Weber%20R%5BAuthor%5D&cauthor=true&cauthor_uid=31933676
https://www.ncbi.nlm.nih.gov/pubmed/?term=S%26%23x000e1%3Bnchez-DelaCruz%20E%5BAuthor%5D&cauthor=true&cauthor_uid=31933676
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3958266/#
https://www.ncbi.nlm.nih.gov/pubmed/?term=Mendez-Zorrilla%20A%5BAuthor%5D&cauthor=true&cauthor_uid=24556672
https://www.ncbi.nlm.nih.gov/pubmed/?term=Garcia-Zapirain%20B%5BAuthor%5D&cauthor=true&cauthor_uid=24556672
https://www.ncbi.nlm.nih.gov/pubmed/?term=Muro-de-la-Herran%20A%5BAuthor%5D&cauthor=true&cauthor_uid=24556672
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5168759/#
https://www.ncbi.nlm.nih.gov/pubmed/?term=Morita%20R%5BAuthor%5D&cauthor=true&cauthor_uid=28008365
https://www.ncbi.nlm.nih.gov/pubmed/?term=Endo%20S%5BAuthor%5D&cauthor=true&cauthor_uid=28008365

[12] Meng M, She Q, Gao Y, Luo Z. “EMG signals based gait phases recognition using hidden
Markov models”. The 2010 IEEE International Conference on Information and Automation, 2010;
pp. 852-856.

[13] Nazmi N, Abdul Rahman M, Yamamoto SI, Ahmad S. “Walking gait event detection based on
electromyography signals using artificial neural network™. Biomed Signal Process Control. 2019;
47:334-343.

[14] Morbidoni C, Cucchiarelli A, Fioretti S, Di Nardo F. “A Deep Learning Approach to EMG-
Based Classification of Gait Phases during Level Ground Walking”. Electronics 2019:8(8);894.

[15] Pathokinesiology Department, Physical Therapy Department. “Observational Gait Analysis
Handbook”. Downey CA, The Professional Staff Association of Rancho Los Amigos Medical
Center, 1989.

[16] Kabada M.P, Ramakaishnan HK, Wootten ME, Gainey J, Gorton G, Cochran GV.
“Repeatibility of kinematic, kinetic and electromyographic data in normal adult gait”. J Orthop Res,

1989; 7(6):849-860.

[17] Murray MP, Drought AB, Kory RC. “Walking patterns of normal men”. J. Bone Joint Surg.
1964; 46A(2): 335-360.
[19] Haxton HA, “Absolute muscle force in the ankle flexors of man”. J Physiol. 1944; 103: 267-

273.
[21] Sutherland D, “An electromyographic study of the plantar flexors of the ankle in in normal
walking on the level”. J Bone Joint Surg. 1966; 48A:66-71.

[23] Brinkmann JR, Perry J. “Rate and range of knee motion during ambulation in healthy and arth-
ritic subjects”. Phys Ther. 1965; 65(7): 1055-1060.

[24] Kaymak B, Ruhi Soylu AR. “Fundamentals of Quantitative Gait Analysis”.

Musculoskeletal research and basic science. 2016; 93-106.

[26] Skinner SR, Antonelli D, Perry J, Lester DK. “Functional demands on the stance limb in
walking”. Orthopedics. 1985; 8(3):355-361.

[27] Aristotle. “On the Gait of Animals” Kessinger Publishing. 2004; ISBN 978-1-4191-3867-6.
[28] Sutherland DH. "The evolution of clinical gait analysis: Part II Kinematics". Gait & Posture.

79



2002; 16(2): 159-179.
[29] Surer E, Kose A. “Methods and technologies for gait analysis” Springer London, 2011; Chapter

3.

[30] Chowdhury RH, Reaz Mamun BI, Ali BM, Bakar Ashrif AA, Chellappan K, Chang TG.
“Surface Electromyography Signal Processing and Classification Techniques”. Sensors (Basel).
2013; 13(9): 12431-12466.

[31] Loose H, Orlowski K, Amann R. “Inertial Measurement Units in Gait Analysis Applications —
Questions, Suggestions and Answers” Biosignals, 2015; Computer Science.

[32] Muro-de-la-Herran A, Garcia-Zapiran B, Mendez-Zorrilla A. “Gait Analysis Methods: An
Overview of Wearable and Non-Wearable Systems, Highlighting Clinical Applications”. Sensors
(Basel). 2014; 14(2): 3362-3394.

[33] Jensen RR, Paulsen RR, Larsen R. “Analyzing Gait Using a Time-of-Flight Camera.” In:
Salberg AB, Hardeberg JY, Jenssen R, editors. Image Analysis. Springer. 2009; pp. 21-30.

[34] Xue Z, Ming D, Song W, Wan B, Jin S. “Infrared gait recognition based on wavelet transform
and support vector machine”. Pattern Recognit. 2010; 43:2904-2910.

[35] Barone P, Brunetti A, Cappabianca P, Filla A, Gangemi M, Maiuri E, Santoro L. “Sistema

Nervoso — Neurologia — Neurochirurgia — Neuroradiologia”. Idelson-Gnocchi, 2017;

[36] Di lorio G, Bonavita V. “Neurologia Clinica: Diagnosi e terapia”. Edizioni Medico-
Scientifiche, 2007

[37] Winters TF, Gage JR, Hicks R. “Gait patterns in spastic hemiplegiain children and young
adults”. J. Bone Jt. Surg. 1987; 69:437—441.

[38] Agostini V, Nascimbeni A, Gaffuri A, Knaflitz M. “Multiple gait patterns within the same
Winters class in children with hemiplegic cerebral palsy”. Clinical Biomechanics, 2015; 30(9):908-
914.

[39] McDowell BC, Kerr C, Kelly C, Salazar J, Cosgrove A. “The validity of an existing gait
classification system when applied to a representative population of children with hemiplegia”. Gait
& Posture. 2008; 28:442—-447.

[40] Willerslev-Olsen M, Petersen TH, Farmer SF, Bo Nielses J. “Gait training facilitates central
drive to ankle dorsiflexors in children with cerebral palsy”. Brain. 2015; 138(3): 589-603.

[41] Smythe T, Kuper H, Macleod D, Foster A, Lavy C. “Birth prevalence of congenital talipes

equinovarus in low-and middle-income countries: a systematic review and meta-analysis”. Tropical

80



Medicine & International Health: TM & IH. 2017; 22(3): 269-285.

[42] Dobbs BM, Gurnett AC. “Update on clubfoot: etiology and treatment”. Clinical Orthopaedics
and Related Research. 2009; 467 (5): 1146—1153.

[43] Gibbons PJ, Gray K. "Update on clubfoot".Journal of Paediatrics and Child Health. 2013;
49(9): 434-437.

[45] Manca M, Ferraresi G, Cosma M, Cavazzuti L, Morelli M, Benedetti MG. “Gait Patterns in
Hemiplegic Patients with Equinus Foot Deformity”, Biomed Res Int. 2014; Vol 2014: art 939316.
[46] Elie Elovic MD, Allison Brashear MD. “Spasticity: Diagnosis and Management.” Demos
Medical, 2010.

[47] Wang X, Wang Y. “Gait analysis of children with spastic hemiplegic cerebral palsy”. Neural
Regen Res. 2012; 7(20): 1578-1584.

[48] Chen YY, Lin YH; Kung CC; Chung MH; Yen IH. “Design and Implementation of Cloud
Analytics-Assisted Smart Power Meters Considering Advanced Artificial Intelligence as Edge
Analytics in Demand-Side Management for Smart Homes”. Sensors. 2019; 19 (9): 2047.

[49] Crick F. “The recent excitement about neural networks”. in Nature, 1989; 337: 129-132.

[51] Bethge M, Ecker AS, Gatys, LA. “A Neural Algorithm of Artistic Style”. Commputer Science
2015;

[52] Abbod MF, Catto JWF, Linkens DA, Hamdy FC. "Application of Artificial Intelligence to the
Management of Urological Cancer". The Journal of Urology. 2007; 178(4): 1150-1156.

[53] Silva IN, Hernane Spatti S, Andrade Flauzino R. “Artificial Neural Network Architectures and
Training Processes Artificial Neural Networks: A Practical Course.” Switzerland: Springer
International Publishing; 2017; chapter 2.

[54] Sharma A, Chopra A, “Artificial Neural Networks: Applications in Management.” Journal of
Business and Management. 2013; 12(5):32-40.

[55] Shahid N, Rappon T, Berta W, “Applications of artificial neural networks in health care
organizational decision-making: A scoping review” PLoS One. 2019; 14(2): e0212356.

[56] Scarborough D, Somers MJ. “Neural Networks in Organizational Research: Applying Pattern
Recognition to the Analysis of Organizational Behaviour” Washington, D.C.. American

Psychological Association; 2006.
[57] Hermens H, Freriks B, Disselhorst-Klug C, Rau G. “Development of recommendations for

SEMG sensors and sensor placement procedures.” J. Electromyogr. Kinesiol. 2000; 10, 361-374.

81


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6380578/#
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2664438

10 WEBSITES

[18] https://commons.wikimedia.org/wiki/File:1124 Intrinsic Muscles_of the Foot.j

[20] https://www.lecturio.com/magazine/muscles-of-the-lower-leg-and-foot/

[22] https://www.dorsetchamber.co.uk/about-the-knee-common-causes-of-pain/

[25] https://www.memorangapp.com/flashcards/96167/Gait/

[44] https://www.foothealthfacts.org/conditions/equinus

[50] http://www.encephalos.gr/48-1-01e.htm

82


http://www.encephalos.gr/48-1-01e.htm
https://www.foothealthfacts.org/conditions/equinus
https://www.memorangapp.com/flashcards/96167/Gait/
https://www.dorsetchamber.co.uk/about-the-knee-common-causes-of-pain/
https://www.lecturio.com/magazine/muscles-of-the-lower-leg-and-foot/
https://commons.wikimedia.org/wiki/File:1124_Intrinsic_Muscles_of_the_Foot.jpg

	1 - INTRODUCTION
	2 - MUSCLE RECRUITMENT DURING WALKING
	2.1 - ANKLE-JOINT MUSCLES
	2.2 - KNEE-JOINT MUSCLES
	2.3 - GAIT PHASES
	2.3.1 - INITIAL CONTACT
	2.3.2 - LOADING RESPONSE
	2.3.3 - MID-STANCE 
	2.3.4 - TERMINAL STANCE
	2.3.5 - PRE-SWING
	2.3.6 - INITIAL SWING
	2.3.7 - MID-SWING
	2.3.8 - TERMINAL SWING

	2.4 - METHODS FOR GAIT ANALYSIS 
	2.4.1 - STEREOPHOTOGRAMMETRY 
	2.4.2 - ANALYSIS WITH FLOOR SENSORS
	2.4.3 - SURFACE ELECTROMYOGRAPHY
	2.4.4 - INERTIAL MEASUREMENT UNITS
	2.4.5 - OBJECTIVE ANALYSIS TECHNIQUES 
	2.4.5.1 - IMAGE PROCESSING
	2.4.5.2 - WEARABLE SENSORS  
	2.4.5.2.1 - FORCE SENSORS 
	2.4.5.2.2 - INERTIAL SENSORS
	2.4.5.2.3 - GONIOMETERS




	3 - HEMIPLEGIC WALKING
	4 - ARTIFICIAL NEURAL NETWORK
	5 - MATERIALS AND METHODS
	5.1 - DATASET
	5.2 - SIGNAL ACQUISITION
	5.3 - PRE-PROCESSING
	5.4 - DATA PREPARATION 
	5.5 - NEURAL NETWORK
	5.6 - GAIT EVENTS TIMING DETECTION
	5.7 - PREDICTION EVALUATION

	6 - RESULTS 
	7 - DISCUSSION
	8 - CONCLUSIONS
	9 - BIBLIOGRAPHY
	10 WEB SITES

