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Introduction 

One of the most common degenerative diseases is Parkinson's. This condition mainly affects older 

people, and its symptoms increase and worsen as time passes. Among the most common symptoms 

are tremor in the extremities of the body, such as hands and feet, and the progressive degeneration of 

mobility. The latter factor is the main topic examined in this thesis study, which aims to perform a 

prolonged monitoring in the patient's home environment through the use of inertial sensors. The 

innovative aspect of monitoring patients no longer only in hospitals but directly within their homes 

has become possible with the development and use of new technologies and certainly the fact of going 

through a difficult historical period, such as today, characterized by a global pandemic has done 

nothing but speed up this process. 

Currently the main method for the monitoring of Parkinson's disease is the daily writing of diaries by 

the patients themselves, reporting the subjective situation during the day. Through the analysis of 

these diaries, neurologists are able to base the right therapy for each patient. This method, however, 

can be improved and objectified if used simultaneously with other procedures and certainly a tool 

like the one proposed in this study can be of great help from this point of view. 

The proposed algorithm, programmed in MATLAB language, in fact, takes in input raw data from 

two inertial sensors placed in both feet of the subjects and first goes to classify all periods of walking 

longer than 20 seconds and distinguishes them from stationary periods. Subsequently, all these 

walking periods are analysed to obtain significant parameters of the motor condition of the subjects 

during that specific walk and a report is drawn up. 

A graphical interface is also proposed to allow easy access to this data by medical personnel. 

Thus, the ultimate goal is to use two wearable inertial sensors, each placed in a patient foot, to monitor 

changes in motor parameters over daily time and use them in a primary care setting, thereby 

facilitating the work of clinicians and neurologists in the evaluation of the patient's status, and in the 

application of an appropriate treatment. 

The thesis is divided into four chapters: the first chapter provides an introduction to Parkinson's 

disease. The second chapter describes some basic aspects of gait analysis. The third chapter focuses 

on works found in the literature regarding these topics, which served as starting points for the study 

performed. The fourth chapter details the procedure used to collect the data and describes the results 

by taking one patient at a time for analysis. In the conclusions of this thesis, results are commented, 

detailing the most relevant elements of the process carried out. 
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1. Parkinson’s Disease 
 

1.1 Pathogenesis 
 

Parkinson’s Disease (PD) is the second most common progressive neurodegenerative disorder of the 

central nervous system after Alzheimer disease [1]. PD is characterized by deterioration and 

successive death of the dopaminergic neurons located in the substantia nigra of the basal ganglia in 

the midbrain [2]. PD is more common in people with more than 50 years and in particular affects 

between 2-3% of the population with 65 years or more [3]. Main PD symptoms are the result of 

greatly reduced activity of dopamine-secreting cells, caused by cell death in the pars compacta region 

of the substantia nigra, that is present in the basal ganglia. Basal ganglia consist of 5 major subcortical 

nuclei: putamen, caudate nucleus, globe pallidum, subthalamic nucleus, and substantia nigra. Basal 

ganglia are thought to play a role in initiating voluntary movements, facilitating some and suppressing 

others; they also compare motor commands from the cortex with feedback from ongoing movement. 

There is a complex network of parallel pathways in the brain that integrates the cerebral-cortical 

regions (associative, oculomotor, limbic, and motor), the thalamus, and the basal ganglia.  

Below are described the two main pathways (direct and indirect) involving the facilitation or 

inhibition of voluntary movements (Figure 1.1). 

Starting from the cortex, motor cortical areas project towards the corpus striatum, in particular in the 

putamen; from here the neurons of the direct pathway project towards the Inner Pallid Globe (GPi) 

and the Substantia Nigra reticulata (SNr), which are the output nuclei of the basal ganglia. Neurons 

in this pathway carry the neurotransmitter GABA, creating an inhibitory effect on GPi and SNr 

neurons, thereby reducing the inhibitory effect they have on the thalamus. It is therefore obtained 

from a double inhibition, an excitation of the thalamus that produces more glutamate, which excites 

more the cortex, facilitating the movements to be performed. 

The indirect pathway is so defined because from the putamen the basal ganglia are reached passing 

first through the external Globus Pallidus (GPe) and the Subthalamic Nucleus (STN); the latter excites 

the neurons of GPi and SNr through the neurotransmitter glutamate, thus obtaining the opposite effect 

of the direct pathway, inhibiting the movements to be performed. The fundamental role is played by 

the production of dopamine, which favours the activity of the direct pathway with respect to the 

indirect one. In a normal situation, the basal ganglia inhibit many motor systems, preventing them 

from activating at inappropriate times. When you want to perform a particular action, the inhibition 

is reduced. High levels of dopamine tend to promote motor activity while low levels, as in PD, require 

more effort to perform a movement. 
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1.2 Signs and symptoms 
 

Major PD signs can be divided into motor symptoms and non-motor symptoms. Generally, they 

appear gradually and with the worsening of the disease and contribute to a significant reduction of 

the patient’s quality of life. Among the non-motor symptoms there are cognitive impairment, 

depression, sleep disorders, and other behavioural and psychiatric problems. The most recognisable 

symptoms of PD related to the motor degeneration are bradykinesia, postural instability, rigidity, and 

tremor at rest [4]. 

Bradykinesia refers to slowness of movement and to the difficulty with planning, initiating, and 

executing movement and with performing sequential and simultaneous tasks. Postural instability is 

related to loss of balance, is a manifestation of the late stages of PD, and is the most common cause 

of falls. Rigidity refers to an increased resistance to joint movements and it can be correlated with 

Figure 1.1. Basal Ganglia circuitry in normal conditions (https://images.google.it/). 
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pain. Rest tremor is the most common symptom of PD, occur predominantly in the distal parts of the 

body (e.g., in a harm or in a leg), and occur at a frequency between 4 and 6 Hz [5]. 

The appearance of these symptoms lead to a reduction of the quality of life of the patient with 

Parkinson and their monitoring is fundamental for the clinicians to ensure the adequate medical 

treatment and to evaluate the progression and the severity of the disease. 

Although PD is an irreversible disorder, an adequate medical treatment can temporarily improve the 

quality of life of the patient with Parkinson. In fact, medications based on Levodopa can give relief 

to patients by reducing for a period of time the effect of the motor manifestations. In this period, also 

called “on” state, the symptoms are well managed. When the Levodopa starts to lose its effect, motor 

symptoms deteriorate, and movement becomes more difficult (“off” state). The alternation through 

the day between “on” and “off” states is known as motor fluctuations. 

 

 

1.3 Parkinson’s Disease monitoring 
 

Usually, Parkinson monitoring is done with infrequent appointments with clinicians in medical 

settings as ambulatory in hospitals. One of the most used scales to inspect the severity and the 

progression of the PD is the Unified Parkinson’s Disease Rating Scale (UPDRS). Despite being this 

scale very precise and detailed, this method has many disadvantages. In fact, in a clinical appointment 

the patient may not demonstrate his or her real condition, influenced by fatigue from travelling or 

anxiety. Having to go to the hospital regularly can be very difficult for patients with motor difficulties. 

Furthermore, it can be difficult to reproduce particular environments that are known that can trigger 

some motor symptoms like freezing of gait, that is the episodic absence or reduction of a forward 

progression of the feet despite the intention to walk [6]. Moreover, a short-term medical examination 

gives information only about a short period of time. 

All these reasons have led to the development of new methods and technologies to ensure a smart 

monitoring that is both easy to perform and not time consuming. In fact, also with the rise of 

telemedicine, it has been tried to monitor patients directly in their houses, collecting all the useful 

data and then transmitting them to the physician, who chooses the correct medical therapy to apply. 

With the diffusion of COVID-19, the access to hospital facilities has been delayed, if not denied, not 

only to patients with Parkinson but to every person with not urgent appointments and so the process 

of telemedicine development is speeding up. 

For a better overview into a patient’s motor symptoms over a long-lasting period, a widespread 

medical method is a diary self-reported by the patient with the PD during his daily life at home. The 
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main advantage of these diaries is the information of the behaviour of the symptoms over the day, but 

the subjectivity of the self-report is a big problem to take into account. In fact, the use of this method 

may lead to errors caused by misinterpretation of symptoms or even errors caused by forgetfulness in 

completing the diary throughout the day, especially in patients with cognitive impairment. 

The use of wearable sensors for the assessment of the gait analysis and movement features has become 

widespread in the last few years for Parkinson monitoring. These wearable sensors are light weight, 

have a low power and a quite long battery life, and are cheap, so they are the optimal way to monitor 

a patient with Parkinson’s on a daily routine also in home settings. The most used wearable sensors 

are tri-axial accelerometers, gyroscopes, and magnetometers, usually combined in a unique inertial 

measurement unit (IMU) that can acquire three-dimensional orientation, linear acceleration, and 

angular acceleration. 

According to the literature, the number and the position of wearable sensors placed in the patient with 

Parkinson can vary depending on which outcome measure is needed to analyse [7]. In fact, some 

studies use one or two sensors placed in the wrist in order to detect the oscillation of the arms and the 

tremor at rest of the distal parts of the limb. Most studies, however, focus on the analysis of walking 

and the consequent possibility of falling, so in these cases the use of sensors on the wrists would be 

counterproductive. To optimize and make gait analysis easier, common positions are the lower back, 

upper chest, both ankles and both feet. The most used set-up is with a single sensor positioned in the 

lower back and reflects the trunk movement, the chest is used sometimes as an alternative or together. 

Usually, studies that use sensors applied to the ankles do not also place them in the feet and vice 

versa. 

The patients’ acceptance of new systems and sensors should be a crucial part of their development. 

In [1], existing results regarding acceptance and adherence from short-term studies were extended to 

a long-term monitoring (4 weeks) of an at-home sensor set. The sensor set consists of three body-

worn and seven ambient sensors and was built for identification of PD motor symptoms. Acceptance 

was measured through a set of established questionnaires. The PD patients’ adherence was quantified 

by the relative wear time of the body-worn sensors during the whole daytime. The strength of this 

study was the long measurement duration and the continuous 24 h monitoring, but the relatively small 

number of participants is not sufficient for an optimum analysis of the real population of patients. 

From the patients’ side, sensor-comfort and perception is a very important point when choosing a 

sensor set. More common problems arise when patients try to change clothes. Another important 

aspect is the uncomfortable feeling of wearing sensors in public. Integration of the sensors in the form 

of wearables, e.g., sensors directly integrated into everyday clothing, jewellery, watches, or similar 
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objects could be an alternative to the body-worn sensors. However, further testing would be required 

for evaluation and usability of these types of sensors. 
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2. Gait Analysis 
 

Gait analysis is the systematic study of human motion. This type of objective analysis is used to assess 

and treat individuals with conditions affecting their ability to walk [8]. The study encompasses 

quantification (i.e., analysis of measurable parameters of gaits), as well as interpretation of the gait 

pattern. It is necessary to highlight that the gait analysis is considered as an evaluation tool and not a 

diagnostic tool. Normally, only a single gait cycle of the patient is analysed. This latter is defined as 

the time interval between two successive occurrences of one of the repetitive events of walking. 

Generally, it is considered the period between two successive supports of the same foot on the ground. 

The following terms are used to identify major events occurring during gait cycle (Figure 2.1): 

1. Initial contact (IC) 

2. Opposite toe off (OT) 

3. Heel rise (HR) 

4. Opposite initial contact (OI) 

Figure 2.1. Gait cycle (https://ebrary.net/7410/health/phases_gait_cycle/). 
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5. Toe off (TO) 

6. Feet adjacent (FA) 

7. Tibia Vertical (TV).  

These seven events subdivide the cycle into seven periods. The first four of them occur in the stance 

phase when the foot is on the ground, while the last three occur in the swing phase, when the foot is 

moving forward through the air. The stance and the swing phase represent respectively about the 60% 

and the 40% of the gait cycle duration (Figure 2.2) 

The stance phase (also called support phase or contact phase) is subdivided into: 

1. Loading response: IC-OT. 

2. Mid-stance: OT- HR. 

3. Terminal stance: HR-OI. 

4. Pre-swing: OI-TO. 

The swing phase is subdivided into: 

1. Initial swing: TO-FA. 

2. Mid-swing: FA-TV. 

3. Terminal swing: TV-IC. 

During gait, important movements occur in the sagittal plane, in the frontal plane and in the transverse 

plane (Figure 2.3). However, largest movements occur in the sagittal plane. The first step, necessary 

to develop the full analysis, is to define the gait cycle, then it is possible to compare the achieved 

results with the literature. From the gait analysis many gait parameters, that characterize the gait, can 

be extracted. The main spatio-temporal gait parameters are [9]: 

• Cadence = number of steps taken in a given time [steps/minute]. 

• Step rate = 2 × cadence [steps/minute]. 

Figure 2.2. Gait cycle phases (https://www.pinterest.it/pin/258605203574817161/). 
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• Cycle time = 120/cadence [s]. 

• Stride length = distance between two successive placements of the same foot. Difference of position 

along z-axis (direction of walking) of the heel at first initial contact and next initial contact [m] 

• Speed = stride length / cycle time [m/s]. 

• Stance time = 
𝑡𝑜𝑒 𝑜𝑓𝑓−ℎ𝑒𝑒𝑙 𝑖𝑛 

ℎ𝑒𝑒𝑙 𝑓𝑖𝑛−ℎ𝑒𝑒𝑙 𝑖𝑛 
 100% [%]. 

• Swing time = 100% - Stance time [%]. 

• Left step length = distance by which the left foot moves forward in front of the right one. Difference 

of position along z-axis between first initial contact of the right foot and opposite initial contact of 

the left foot [m]. 

• Right step length = difference of position along z-axis between opposite initial contact of the left 

foot and final initial contact of the right foot [m]. 

Figure 2.3. Anatomical planes (https://www.rishacademy.com/oblique-plane/). 
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• Stride width = side-to-side distance between the line of the two feet. Difference of position along x-

axis (lateral direction) between the initial contact of the right foot and opposite initial contact of the 

left foot [mm]. 

These parameters are not the only ones that can be obtained from the gait analysis, in fact others can 

be obtained depending on the type of signal examined and depending also on the research that is 

intended to be done. 
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3. Inertial measurement unit 
 

The inertial measurement unit or IMU is a system based on inertial sensors, as accelerometers, 

gyroscopes, and magnetometers. It can acquire three-dimensional orientation, linear acceleration, and 

angular acceleration of a moving mean on which it is placed. 

 

 

3.1 Accelerometer 
 

The accelerometer is an absolute motion transducer, since it is mounted directly on the measurement 

object and it does not measure the acceleration relative to a fixed point in the space surrounding the 

object itself, but it measures the acceleration relative to a mass moving at the same frequency as the 

moving object. It can transduce a linear acceleration into an electrical signal that can be recorded by 

the measuring instruments. The operating principle of the accelerometer is based on the mass-spring-

damper system. The position and velocity of the body to which the device is solidly connected are 

obtained by numerical integration of the sensor output. The mass is suspended from an elastic element 

and the sensor detects the displacement of the latter with respect to the fixed structure of the device. 

In the presence of an acceleration, the mass moves from its rest position in a manner directly 

proportional to the acceleration undergone. The damper has the function to control the movement of 

the moving mass and to mitigate the frequency response. 

The equation that links the displacement of the mass to the force of the external stress is: 

 

ai = ẍ0 + 
𝐵

𝑀
 ∙ ẋ0 + 

Ks

𝑀
 ∙ x0 

 

where: 

ai: acceleration of the reference structure, 

x0: displacement of the moving mass, 

ẋ0: velocity of the moving mass, 

ẍ0: acceleration of the moving mass, 

B: damping factor, 

M: inertial mass of the moving mass, 

KS: spring constant. 
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The working range of the instrument is at frequencies much smaller than the natural frequency. In 

order to have a very large natural frequency, the accelerometer must be constructed with small masses 

and stiff springs. However, a compromise must be made with the sensitivity, which is inversely 

proportional to the natural frequency (accelerometers with large natural frequency are small and not 

very sensitive). 

 

 

3.2 Gyroscope 
 

A gyroscope is a device capable of measuring the rotational motion of a body into an inertial space 

and around a given axis. It is a rotating physical instrument that, due to the effect of the law of 

conservation of angular momentum, tends to maintain its axis of rotation oriented in a fixed direction. 

The three main categories of gyroscopes are: Mechanical Gyroscopes; Optical Gyroscopes; and 

Vibrating Gyroscopes such as those made with MEMS (Micro Electro-Mechanical Systems) 

technology. MEMS inertial gyroscopes are composed of vibrating masses that exploit the inertial 

acceleration that arise because of the motion of the sensor with respect to a non-inertial reference 

system. These gyroscopes are based on the Coriolis effect. These devices offer advantages related to 

the small size and low cost, compared to the classical gyroscopes. Triaxial gyroscopes, such as those 

used in the IMU, allow to obtain information related to the speed of rotation around the individual 

axes (X, Y, Z). The main defect of the gyroscopes is that they suffer from integration problems in the 

evaluating orientation variations. Small errors in the offset to obtain unacceptable signal drifts. 

Furthermore, if an absolute orientation is required, it is necessary, during the acquisition, to obtain 

one as reference. For this reason, gyroscopes are often associated with magnetometers to be able to 

correct signal drifts over time. 

 

 

3.3 Euler Angles 
 

The estimation of the IMU orientation is obtained through Euler Angles. They are derived from the 

values of the quaternions using data from the gyroscope and from the accelerometer. In fact, the Euler 

angles were introduced to describe the orientation of a rigid body in space. They are used to describe 

the position of a reference system XYZ through a series of rotations from a fixed reference system 

xyz. The two reference systems are coincident at the origin. Each angle describes the rotation around 

each principal axis (Figure 3.1): 
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• Roll evaluates the rotation around the x-axis by an angle 𝜑. 

• Pitch evaluates the rotation around the y-axis by an angle 𝜃. 

• Yaw evaluates the rotation around the z-axis by an angle 𝜓.  

With these three types of rotations, any type of transformation in space can be represented, 

remembering to define the order of the rotations. In fact, the procedure involves: 

1. Rotation of the triad of angle 𝜑 around the current y-axis, 

2. Rotation of the triad of angle 𝜃 around the current x' axis, 

3. Rotation of the triad of angle 𝜓 around the current z' axis. 

Once the rotation is done, the gimbal lock problem remains to be solved, for example the. loss of one 

degree of freedom in the three-dimensional space due to the fact that two axes become parallel thus 

passing from a 3D space to a 2D one. 

 

 

 

 

  

Figure 3.1. Roll, Pitch, Yaw rotations (https://images.google.it/). 
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4. State of the art 
 

In [10], were compared laboratory based and free-living data obtained from a triaxial accelerometer 

placed in the lower back of 47 patients with Parkinson and 50 control individuals. Free-living data 

was obtained from a continuous record lasting 7 days in a domestic environment. 14 features divided 

in five groups (pace, variability, rhythm, asymmetry, postural control) were analysed. The results 

showed that in general both groups walked with decreased pace, increased rhythm, higher variability, 

and asymmetry in free-living with respect to the laboratory environment. Patients with PD walk with 

shorter steps and slower velocity, increased rhythm, and a more variable and asymmetric walking 

pattern with respect to controls. Moreover, larger differences in pace of walking, variability, rhythm, 

and asymmetry take place when the walking bout lasts more time. Results were promising although 

more research is needed. 

In [11], 22 patients with PD and 17 patients wore a triaxial accelerometer placed in their back in a 

straight line walk validation study and during a 500 metres walk around the hospital in order to 

simulate activity of daily living. Temporal-based measures as stride time (s) and stride time variability 

(%) and frequency-based measures as the frequency (Hz), amplitude (psd), width (Hz), and slope 

(psd/Hz) of the dominant harmony of the power spectral density (psd) in the locomotor band (0.5 – 3 

Hz) were extracted from the acceleration signal. Results showed that a larger width, lower amplitude, 

and lower slope of the dominant frequency would all reflect greater stride-to-stride variability and a 

relatively less consistent gait pattern. Data obtained for a PD patient and a control subject that wore 

the same sensor for 3 days at home calculated for windows of 5 minutes each were similar, suggesting 

that these parameters extracted can be applied to continuous at home measurements. The same 

frequency domain measures were used by authors in [12], to assess that step consistency in people at 

risk of falling is higher in the mediolateral axis but lower in the vertical axis. In [13], 72 patients with 

PD wore a triaxial accelerometer in their domestic environment for 72 hours. Results coming from 

gait data showed that patients with PD which have suffered freezing of gait events during the analysis, 

had a low quality of gait in terms of more variability, and less consistency. Variability was quantified 

as the increase of the width of the anterior posterior acceleration power spectral density, while 

consistency was quantified as the regularity of the vertical, anterior-posterior, and medio-lateral 

strides. The strength of these studies is that having such many people examined for 3 days, gave the 

authors the opportunity to work on an even larger number of walking bouts and thus consistently 

extract a lot of useful data. A critical point, is the fact by the authors, not to have taken into account 

the fluctuations of the individual subject gait performances, also due to the use of medicines. As an 



 

14 
 

initial step in this direction even the best and worst performance have been evaluated in addition to 

the median performance, but it is still needed to do more research. 

27 PD patients were equipped, in [14], with a single inertial sensor placed in the right foot for 12 

hours, in order to monitor their gait velocity during their daily domestic activities, including the 

outdoor ones. Authors used two approaches to detect gait velocity. In the first approach gait velocity 

was obtained for each stride, while in the second approach was calculated the mean gait velocity per 

walking bout, that was classified in short (15 – 30 s), medium (30 – 60 s) and long (>60 s). It is 

remarkable that the authors chose walking speed as the parameter for quantifying gait because it is a 

combination of the time and space characteristics of walking. At the same time, a limitation is the 

fact that they did not consider in the analysis walking bouts shorter than 15 seconds, in fact, daily 

domestic activities are very often characterized by these types of bouts. 

In [15], 48 patients with PD wore an inertial sensor on each foot and one on the lumbar region for 7 

days for at least 8 hours per day in order to quantify and qualify freezing of gait periods. Also turning 

and walking features were estimated for a better monitoring of the quality of the gait. Results showed 

that the algorithm proposed by authors is quite good to detect the freezing of gait, but it also takes 

periods of hesitation, so it needs more research to validate it. 

In [16], 94 subjects with PD wore for 3 days a single inertial sensor at the lower back. The objective 

of the study was to monitor the difficulty of turning for PD patients, in presence of freezing of gait 

and not, during their usual daily activities into their domestic environment. Results showed that the 

number of turns was similar between PD freezers and non-freezers, but freezers had a smaller turning 

angle to potentially avoid freezing periods or to overcome possible balance problems. The strengths 

of this study include the fact that the authors were able to characterize periods of freezing of gait with 

only one sensor, and the high number of PD patients. In contrast, the relative lower number of PD 

freezers compared with the higher number of non-freezers is not ideal for the statistical analysis. 

Moreover, the fact that the algorithm does not evaluate gait bouts shorter than 10 s led to the exclusion 

of some periods of freezing of gait. 

The study presented in [17] reports the validation of an algorithm used to detect the number of the 

steps of a patient with PD in turning periods and in non-turning periods. Turning periods were 

detected with the algorithm described in [18]. The validation study was conducted with 20 PD patients 

and 12 old adults, and a home-like environment was reproduced where subjects were free to do their 

usual daily activities. Accuracy values for step detection during turning were slightly lower than 

during straight walking episodes (88% compared to 91%), results are still promising and indicate the 

suitability of the algorithm for gait assessment in daily life conditions. Although the algorithm 

provides qualitative step parameters (for example, step time, stance time, and swing time), it was not 
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possible to validate these data due to lack of data for comparison, so more research is needed to extend 

the validity of the algorithm. 

In [19], 99 patients with PD and 38 healthy old adults wore a single inertial sensor in the low back 

for 3 days with the aim to analyse the transition from walking to sitting and vice versa. Significant 

differences in transitions were detected among healthy old adults, patients with mild PD and patients 

with severe PD. Moreover, an artificial intelligence algorithm was used to classify these 3 classes 

with good levels of accuracy although in some cases the correlations between individual measures of 

disease severity and individual body-fixed sensor-derived metrics were not strong. 

75 patients with PD were monitored in [20] with an inertial sensor placed in the waist while walking 

some minutes inside and outside their house. It was used the algorithm proposed in [21] with the aim 

of detecting dyskinesia and motor states (on, off states) of the PD patients. Results were good, and 

the authors reached a suitable level of correlation between the output of the algorithm and the UPDRS 

scale. According to the authors the sensors would describe the motor phase better than the diaries, in 

those intermediate moments in which the patients are not clearly in Off or On, or they are switching 

the phase. The algorithm proposed is limited by the fact that it is an algorithm that analyses the 

patient’s gait, which means that it does not provide data on motor status if the patient does not walk, 

it could be improved with the help of additional sensors in the case is needed a more exhaustive 

monitoring of the motor state. 

In [22], 23 patients with PD were equipped with an IMU in the left lateral side of the waist, in order 

to record them for 3 consecutive days in their daily activities in their house. Patients were also asked 

to keep a diary and update it every 30 minutes about their motor state. The algorithm proposed by the 

authors provides an output every 10 minutes and gives information about the presence or absence of 

bradykinesia and the presence or absence of dyskinesia. Compared to the self-reported diary, the 

algorithm reached an overall accuracy of 92.20% and so it can be a useful tool for monitoring PD 

patient. Like most of the analysed algorithms, this algorithm requires the occurrence of movement to 

be able to determine the motor phase. Thus, it does not continuously provide data; and there are time 

slots in which the motor state remains unknown, with the possibility of missing some important event. 

Another important aspect to keep under control is the fact that self-reported diaries used for the 

comparison are not the optimal way to monitor a patient during a long period, for example due to 

possible forgetfulness as already described before. 

In [23] 38 PD patients were equipped with a single smartphone on the waist for the FOG experiment 

while 93 PD subjects were equipped on their thigh for the Leg Agility test. It consists in raising and 

stomping each foot on the ground at least 10 times, as high and as fast as possible, starting from a 

sitting posture. For what concern FOG experiment, patients were asked to walk back and forth along 
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a 10-m hallway for 6 min at their preferred pace. FOG episodes, voluntary gait pauses, hesitations 

and gait asymmetries were manually annotated by the clinician. Features extracted for each time 

window of 2 s were total power (signal power lying in the whole signal band), freeze ratio (ratio 

between signal power in the freeze band, 3–10 Hz, and total signal power), PSD peak, (frequency 

value corresponding to the maximum of the PSD of the acceleration signal), number of peaks (the 

number of peaks exceeding a given threshold experimentally selected to be equal to the standard 

deviation of the corresponding signal). Results were good in this trial (AUC = 0.97 for FOG and AUC 

= 0.92 for LA), but few FOG were detected, so the investigation during unsupervised activities of 

daily living in domestic environments is necessary to make a step further in this research. 

Fifty-five PD patients were classified in [24] regarding fear of falling (FOF) and previous falls as 

“vigorous” (no FOF, negative fall history), “anxious” (FOF, negative fall history), “stoic” (no FOF, 

positive fall history) and “aware” (FOF, positive fall history). Each participant wore an IMU on the 

lower back during the assessments. 43 patients have been submitted to a standardized lab assessment; 

40 patients have been subjected to a mean of 12 days at home with approximately 10,000 turns per 

participant; and 28 contributed to both assessments. Features extracted by using an algorithm 

developed by the same group of authors in [18] were duration, angle, average angular velocity, 

starting angular velocity, middle angular velocity, ending angular velocity and maximum angular 

velocity of every turn. According to the results, positive fall history did not contribute to an altered 

turning performance. This might be explained by the relatively small sample size, and with the general 

assumption that FOF has a more relevant influence on turning measures than a positive fall history in 

PD patients, both in the lab and at home environments. 

In [25] was analysed the acceleration signals from 21 patients with PD. The data were collected 

through a wearable IMU located at the waist, in both ON and OFF states. All data collection was 

carried out at the patients’ homes. Two tests were performed on the participants, doing scripted ADL 

with an approximate duration of 20 minutes each. Successively the data were labelled by an 

experienced clinician using video recordings of the tests. This study presents a new approach based 

on a recurrent neural network (RNN) and reaches great values of AUC, sensitivity, and specificity. 

The drawback is that this approach is not already used in a real-home environment where an increase 

in the occurrence of FOG events is expected. It is also important to consider that this algorithm 

requires many computational resources. Moreover, the best results are achieved only when using a 

great amount of data (accurately labelled) which is a very time-consuming process. 

30 PD patients wear a research-grade accelerometer for seven days in [26] to monitor the level of 

their physical activity. Subjects wore the monitor at waist level (clipped to a belt or in a magnetic 

pouch for elastic-waist trousers or a skirt) during waking hours. Raw activity data was analysed in 
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30-sec epochs using a PD-specific algorithm described in [27] to define steps and activity intensity. 

Results showed important discrepancies between self-reported activity and objective activity 

parameters in patients with PD although the limited cohort of patients may be extended to strengthen 

and support the thesis sustained by the authors. 

169 patients with PD were equipped in [28] with two sensors each one attached to the lateral side of 

each shoe to develop an algorithm for automatic detection of standardized gait tests from continuous 

sensor data. This algorithm enables automatic splitting of gait into free-living gait sequences and gait 

tests for further processing with the goal of facilitating and automatizing gait analysis. The method is 

based on dynamic time warping, which compares an input signal with a predefined template and 

quantifies similarity between both. Different templates were compared, and an optimized template 

was created. The test taken in analysis was the 4 x 10 m test, which consists of four sequences of 

straight gait, at the patients preferred speed, along a 10 m path and a turn between each of them. 

Results were promising, but the fact that the data were recorded in a supervised, clinical setting is a 

limitation of the template created, which can be optimized with further investigations in unsupervised 

environments. 

In [29] 125 patients with PD wore on the lower back an accelerometer for 7 days to evaluate the 

relationship between conventional measures of disease and motor severity, laboratory-based 

measures of gait and balance, and daily-living physical activity measures. The MDS-UPDRS-part III 

was used as the gold standard of motor symptom severity and the analysis included measures of gait 

quantity (e.g., number of steps, number of walking bouts) and gait quality. Gait quality measures 

included those that reflect pace (e.g., step length), gait symmetry (e.g., step regularity) gait variability 

(e.g., the amplitude of dominant frequency) and variability across walking bouts (e.g., SD of the peaks 

amplitude). Authors have confirmed the hypothesis that daily-living measures apparently provide 

important information that is not captured in a conventional one-time, laboratory assessment of gait 

and wearable devices should be considered to provide a more complete evaluation. Also, more 

advanced analytical approaches (and additional sensing technologies such as gyroscopes) could 

provide even greater input into the functional motor performance of patients during daily living. 

Spatiotemporal parameters of gait of 20 people, including 6 with Parkinson's, were calculated in [30] 

through a segmented double integration-step algorithm. Data were taken from two wearable IMU 

sensors with one placed on each foot of participants. The procedure follows these steps: high-

frequency noise removal, stride segmentation, orientation estimation, coordinate transformation with 

gravity adjustment, heel-strike detection, velocity estimation, drift correction, position estimation, 

step length and step time calculation. Results were good and in particular, those of 5 people were 

compared with those obtained from an optoelectronic system showed a great agreement. The negative 
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aspects are the small sample size and the laboratory setting in which data were derived. To improve 

this study, the algorithm should be evaluated in a home-like environment during domestic activities. 

The gait of 22 subjects with PD was recorded in [31] simultaneously with an optoelectronic system 

and a commercial IMU-based wearable system. The IMU was placed at the L5 level by means of an 

elastic belt. Eight spatiotemporal parameters describing the step cycle (cadence, velocity, stride 

length, stride duration, step length, stance, swing, and double support duration) were compared 

between the two systems. The parameters detected by the two systems were comparable, except for 

the walking velocity, which was significantly higher in the measurements by the wearable system. 

Even if the IMU system overestimated the walking velocity and a relatively small sample size, the 

results can be encouraging to further develop this device in monitoring PD patients (Table 4.1). 

34 participants with PD wore bilateral wrist-worn accelerometers in [32] for 4 h in a research facility 

(phase 1) and for 7 days at home whilst completing symptom diaries (phase 2). An artificial neural 

network (ANN) was used to predict disease state (asleep, on, off, dyskinesia). Although the 

correlation with patient-completed symptom diary was good the specificity and sensitivity values 

showed that an accurate, real-time evaluation of symptoms in an unsupervised, home environment, 

with this sensor system, is not yet achievable and further research is needed. 

 

Table 4.1. A brief description of the work performed since 2018. 
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5. Materials and methods 
 

5.1 Instrumentation used 
 

5.1.1 Next Generation IMU 
 

Two wearable sensors NGIMU (Next Generation IMU) have been used in the following work. 

NGIMU is the latest version of the sensor from x-io Technologies (Figure 5.1). The Next Generation 

IMU is a compact IMU and data acquisition platform that combines on-board sensors and data 

processing algorithms with a broad range of communication interfaces to create a versatile platform 

well suited to both real-time and data-logging applications. 

On-board sensors include a triple-axis gyroscope, accelerometer, and magnetometer, as well as a 

barometric pressure sensor and humidity sensor.  An on-board AHRS sensor fusion algorithm 

combines inertial and magnetic measurements to provide a drift-free measurement of orientation 

relative to the Earth.  Each device is individually calibrated using robotic equipment to achieve the 

specified accuracy. 

Real-time communication is achieved via USB, Wi-Fi or serial / RS232. Data can also be recorded 

to an on-board micro-SD card. NGIMU uses the OSC communication protocol and is therefore 

immediately compatible with many software applications and integrates directly with applications 

commercial applications, with libraries available for major programming languages. The use of this 

protocol and the range of communication interfaces makes NGIMU compatible with almost any 

platform, from an Arduino to smartphone. 

 

 

5.1.2 Technical features 
 

• Triaxial gyroscope (scale ± 2000°/s, sample rate 400 Hz) 

• Triaxial accelerometer (scale ±16 g, sample rate 400 Hz) 

• Triaxial magnetometer (scale ±1300 μT) 

• Barometer (scale 300-1100 hPa) 

• Humidity sensor 

• Thermometer 

• Battery voltage, current, percentage, and time remaining 

• Analog Inputs (8 channels, 0-3.1 V, 10-bit, 1kHz sampling rate) 
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• Auxiliary serial (RS-232 compatible) for GPS or commercial sensors 

• AHRS algorithm (provides measurement of orientation with respect to Earth using 

quaternions, rotation matrix or Euler angles) 

• Factory calibration 

• USB, serial (RS-232 compatible), and Wi-Fi connectivity (802.11n, 5GHz, internal or 

external antennas, AP or client mode) 

• SD card (accessible as an external driver via USB). 

 

 

 

 

 

 

 

  

Figure 5.1. NGIMU inertial sensor (https://x-io.co.uk/ngimu/). 
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5.2 Acquisition protocol 
 

1. Two NGIMU inertial sensors are provided to subjects.  

2. The two sensors must be switched on and a signal useful for synchronization is provided. 

3. Each sensor must be positioned at the top of each subject's shoe using appropriate elastic 

bands, which make the use of these sensors easy, fast, and comfortable (Figure 5.2). 

4. The sensors must be properly oriented with the x-axis projected forward along the direction 

of gait, the y-axis projected to the left, and the z-axis exiting the floor (Figure 5.3). 

5. Once the sensors were turned on and positioned, the patients were free to perform their daily 

household activities while wearing the devices without removing them before a total of 10 

hours of recording had elapsed.  

6. Subjects were also asked, if possible, to keep a written diary documenting the activities carried 

out, the time of day and the feelings regarding their physical and motor condition. 

7. The values acquired and stored in the MICRO-SD card are in .XIO format and are converted 

into .csv format by means of the NGIMU SD Card File Converter interface, present in the 

NGIMU GUI application, by entering the path of the source file, the folder where you want 

to save the file and clicking on the Convert button (Figure 5.4). 

 

Figure 5.2. NGIMU inertial sensor and elastic belt (https://x-io.co.uk/ngimu/). 
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Figure 5.2. NGIMU inertial sensor and elastic belt (https://x-io.co.uk/ngimu/). 

Figure 5.4. NGIMU SD Card File Converter interface. 

Figure 5.3. NGIMU correct positioning. 
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5.3 Data processing software 
 

Data processing was carried out offline in MATLAB environment. 

The script first determines the walking sequences that characterize the days of the patients and then 

the relative values of the parameters that have been shown to be of interest for mobility assessment, 

such as double stance, stride length and speed and other parameters related to turning. 

Moreover, to make the visualization of the results easier, a graphical interface has been created that 

can be used as a support for the medical staff. 

 

 

5.3.1 Algorithm to recognise walking periods 

 

The algorithm that is proposed can recognise walking periods longer than 20 seconds and it is based 

on a system of thresholds that indicate whether the foot is swinging or touching the ground. The 20 

seconds feature was autonomously proposed since it can avoid noises in the signal and those small 

shifts or movements that would compromise the subsequent analysis of the walking and turning 

parameters. 

Algorithm structure is described below: 

• Step 1: Accelerometer (Figure 5.5), gyroscope (Figure 5.6), magnetometer data, and roll, 

pitch, and yaw data, coming from the sensors placed on both feet are loaded, all sampled at 

200 Hz. 

• Step 2: Signals are synchronized so that each one starts with the first peak (see the acquisition 

protocol in chapter 5.2). 

• Step 3: The magnitude of the accelerometer values is calculated; the result obtained is filtered 

using first a second-order high-pass Butterworth filter with a cut-off frequency of 0.005 Hz. 

Then the absolute value is extracted, which is filtered again using a second-order low-pass 

Butterworth filter with a cut-off frequency equal to 5 Hz. 

• Step 4: Starting from the value of the accelerometer magnitude obtained after filtering, a 

threshold is established that will discriminate between the two main phases of the step: the 

Stance phase and the Swing phase. A Stationary variable is defined: when the absolute value 

of the filtered magnitude of the accelerometer is below the threshold, it assumes the value 1 

and therefore the foot under examination is in support phase; while when this variable exceeds 

the set threshold, Stationary is equal to zero and therefore there is oscillation. The value of the  

 



 

24 
 

 

Figure 5.5. Raw accelerometer data of right and left foot. 

Figure 5.6. Raw gyroscope data of right and left foot. 
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threshold is set equal to the mean of the accelerometer magnitude. Obviously, this procedure 

has been done for both feet. 

• Step 5: From the Stationary variables, two further variables are calculated, one for each foot, 

to distinguish walking and non-walking phases. The reasoning follows this logic: 

o The first 5 seconds of the entire recording were placed as non-walking periods. 

o Periods of 1 (support phase) of the variable Stationary lasting more than 5 seconds 

were placed as non-walking periods. 

o Walking periods lasting less than 20 seconds were placed as non-walking periods. 

• Step 6: The two variables derived from the procedure described earlier are related, and 

recording periods were classified as walking periods only if both variables described the 

period as a walking period (Figure 5.7). 

• Step 7: The indices of the beginning and end of each walk were taken, in order to be able to 

proceed later in the analysis. 

 

 

 

Figure 5.7. The accelerometer magnitude of both sensors with the walking periods detected by the 
algorithm. 
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5.3.2 Algorithm for walking analysis 

 

The algorithm that is proposed can analyse every walking period that occurs during the recording. 

This algorithm is also based on a threshold that indicates whether the foot is swinging or touching the 

ground. All proposed adjustments have been designed independently and have been used to ensure 

better robustness regarding gait recognition and gait characteristic features. 

Algorithm structure is described below: 

• Step 1: Selection of the walk of interest and extraction of the time length feature of the chosen 

walk. 

• Step 2: Starting from the value of the accelerometer magnitude obtained after filtering, a 

threshold is established that will discriminate between the two main phases of the step: the 

Stance phase and the Swing phase. A Stationary variable is defined: when the absolute value 

of the filtered magnitude of the accelerometer is below the threshold, it assumes the value 1 

and therefore the foot under examination is in support phase; while when this variable exceeds 

the set threshold, Stationary is equal to zero and therefore there is oscillation. The value of the 

threshold is set equal to the mean of the 2 subsequent seconds of signal of the accelerometer 

magnitude. Obviously, this procedure has been done for both feet. 

• Step 3: The Stationary variable has been adjusted and cleaned from noise in this way: 

o A swing phase (Stationary equal to 0) shorter than 0,1 s is considered invalid and the 

variable Stationary has been assigned the value 1. 

o A stance phase (Stationary equal to 1) shorter than half of the previous or following 

stance phase is considered as an error, and it is corrected by considering as a stance 

phase the previous or the following swing phase (Stationary value passes from 0 to 1). 

• Step 4: Now the Stationary variable is cleaned and discriminates between the two phases of 

swing and stance with far fewer errors (Figure 5.8). 

• Step 5: The velocities and positions are calculated by performing a double integration of the 

acceleration values. The velocities relative to the Stance phase are set to 0 and in this way also 

the positions have null values in these intervals. The method used eliminates the drift due to 

non-stationary periods. To derive the position is integrated the velocity. 

• Step 6: The following parameters were calculated for each walking period: 

o Total number of steps in the walking period. 

o Cadence (number of steps done in one minute). 

o Mean stride length in meters. 

o Mean step velocity in meters per seconds. 
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o Mean double support in seconds. It is a time parameter defined as the time interval in 

which both feet are in contact with the ground. 

 

 

5.3.3 Algorithm for turning analysis 

 

Difficulty in turning while walking is common among patients with Parkinson’s disease. So, it has 

been proposed an algorithm that can analyse every walking period that occurs during the recording, 

and within this timeframe it can recognize and analyse all the times the patient makes a turn. 

A turn was defined as a patient rotation around the vertical plane with a minimum of 90°. Only turns 

with durations greater than 0.5 s and turn angles of 90° or more were considered. 

A representation on how a turn is detected within a walking period is showed in Figure 5.9. 

Figure 5.8. The accelerometer magnitude of one walk of both sensors related with the final versions of the 
Stationary variables. 
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This algorithm gives in output quality and quantity measures of turning such as the total number of 

turns, every turn duration, the mean angular velocity, the initial angular velocity, the middle angular 

velocity, and the final angular velocity. 

 

Algorithm structure is described below: 

• Step 1: Gyroscope and Yaw data, sampled at 200 Hz, are loaded. 

• Step 2: Yaw signal is plotted in a graph with the angle values in degrees in the ordinates and 

with the time values in the abscissae. 

• Step 3: The findpeaks function was used to find the maxima and minima of the signal. The 

discriminant was placed on the temporal distance between one peak and the next, so as not to 

find two peaks closer than 0.5 s. 

• Step 4: Abscissas and ordinates of the points of maximum and minimum have been united in 

two single vectors. 

Figure 5.9. Yaw signal of a particular waliking period. Red asterisks indicate the start of a turn instead blu 
asterisks indicate the end of a turn. 
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• Step 5: Two successive points that have the absolute value of the degree difference greater 

than or equal to 90° have been classified respectively as points of beginning and end of the 

turn. 

• Step 6: Quantitative and qualitative parameters can be now calculated, including: 

o The total number of turns. 

o The temporal duration of every turn. 

o Each turn angle amplitude. 

o The mean angular velocity of every turn. 

o The initial angular velocity of every turn, calculated as the mean angular velocity of 

the first ten samples of the turn. 

o The middle angular velocity of every turn, calculated as the mean angular velocity of 

the middle ten samples of the turn. 

o The ending angular velocity of every turn, calculated as the mean angular velocity of 

the last ten samples of every turn. 

 

 

5.3.4 Graphical user interface 

 

Figure 5.10 shows the graphical interface created specifically to facilitate the visualization of the 

parameters and motor fluctuations of the patient during the day by the neurologist or clinical staff. 

Once the interface has been launched, the data coming from the sensors applied to the subject are 

entered by clicking on the icon representing the folder in the top left-hand corner, and the start time 

of the recordings by clicking on the drop-down menu. 

At this point, by pressing the upper Run button, the processing of the raw data begins according to 

the algorithm just presented, and several graphs regarding the patient's motor progress and the total 

number of walks recorded by the algorithm come out as results. 

Now, proceeding with the analysis, you can select a specific walk and press the Run and Save Report 

button. The selected walk is then analysed, and a report is provided in a text file including a numerical 

result of all the parameters described above, so as to be able to consult them at a later time, for 

example to make a comparison and see if the subject has undergone a worsening or improvement in 

motor level. 
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Figure 5.10. The graphical user interface (GUI). 
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6. Results 

 

The following chapter reports the results obtained using the software described in the previous 

paragraphs. Before the results of the prolonged monitoring of parkinsonian patients in their home 

environment it will be presented the results of a test performed in an ambulatory on a parkinsonian 

patient, which was appropriately recorded with a video camera, so as to have feedback in the analysis 

and functionality of the algorithm. 

 

 

6.1 Ambulatory test results 
 

The patient under examination was asked to perform a total of 4 tests: 2 TUG tests, a test in a pre-

established path with sharp turns, and a test in which he was asked to walk freely inside the hospital 

for about 15 minutes. 

Figure 6.1 shows the graph that indicates the patient's activity recognition signal and can distinguish 

whether the patient is walking or is standing still. 

 

Figure 6.1. Patient activity recognition. 
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In Figure 6.2 and in Figure 6.3 are shown the graphs that indicate the threshold able to recognize the 

strides in the two TUG tests. 

Figure 6.2. Step recognition of the first TUG test. 

Figure 6.3. Step recognition of the second TUG test. 
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Last, in Figure 6.4 is reported the graph regarding the quality of the walk of the entire test carried out 

in the hospital. 

 

In Table 6.1 are compared the gait features derived from the algorithm of the first three laboratory 

trials along with those derived from the visual analysis of the videotape. 

 

Table 6.1. 

 Duration (s) Number of steps Number of turns 

First test algorithm 23 35 1 

First test video 22 37 1 

Second test algorithm 31 39 1 

Second test video 29 36 1 

Third test algorithm 99 134 7 

Third test video 101 148 7 

 

Figure 6.4. Gait quality graph of all the tests held in the hospital. 
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6.2 Home environment results 
 

The following figures (Figure 6.5, Figure 6.6, Figure 6.7, Figure 6.8, Figure 6.9, Figure 6.10, Figure 

6.11, Figure 6.12, Figure 6.13, Figure 6.14) show the graphs of the quality of the walks of each 

patient's home recording day. The x-axis shows the actual time of recording while the y-axis shows 

the average walking speed of each walking period. The blue dots indicate the instants in which the 

patient makes a turn. 

 

  

Figure 6.5. Gait monitoring graph of subject 1 in his domestic environment. 
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Figure 6.6. First gait monitoring graph of subject 2 in his domestic environment. 
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Figure 6.7. Second gait monitoring graph of subject 2 in his domestic environment. 
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Figure 6.8. Gait monitoring graph of subject 3 in his domestic environment. 
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Figure 6.9. Gait monitoring graph of subject 4 in his domestic environment. 
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Figure 6.10. Gait monitoring graph of subject 5 in his domestic environment. 
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Figure 6.11. Gait monitoring graph of subject 6 in his domestic environment. 
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Figure 6.12. Gait monitoring graph of subject 7 in his domestic environment. 
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Figure 6.13. Gait monitoring graph of subject 8 in his domestic environment. 
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Figure 6.14. Gait monitoring graph of subject 9 in his domestic environment. 
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In Table 6.2 are reported the length of the recording and the number of walking periods derived from 

the algorithm for each analysis. These results are very interesting because they can provide additional 

information on the status of the patients, that is linked to gait features and to their daily routine. 

 

Table 6.2. 

 Length of the recording Number of walking periods 

Subject 1 4 h 80 

Subject 2 first recording 10 h 49 

Subject 2 second recording 11 h 39 

Subject 3 12 h 107 

Subject 4 10 h 82 

Subject 5 2 h 11 

Subject 6 12 h 89 

Subject 7 11 h 100 

Subject 8 10 h 66 

Subject 9 5 h 15 
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Discussion 
 

The aim of this thesis work was to develop an algorithm that takes the input signal from two NGIMU 

sensors applied for about 10 hours to the feet of Parkinson's disease subjects, discriminates between 

walking from other events that the patient may perform in the context of long-term monitoring, and 

finally calculates gait and turning parameters within the window and uses them to determine the 

patient's condition. 

An attempt has been made to determine, as objectively as possible the gait parameters that were found 

to be of interest in the estimation of the patient's motor condition so as to help the clinical staff to 

intervene in a timely manner and improve the patient's quality of life. 

Always with the aim of being of help to clinical staff, such as the neurologist who treats patients, was 

also proposed a GUI in order to facilitate the use of these data to doctors and not having to interface 

directly with the raw data and lines of code. 

With the purpose of being able to evaluate the performance of the algorithm, in addition to the long-

term home monitoring acquisitions, short acquisitions were also performed in a hospital-controlled 

environment. These were supervised and recorded through the use of a video camera that allowed for 

later evaluation of the tests done by the patient and comparison of the algorithm's performance with 

objective data obtained from video review. 

From the analysis of the tests done in the outpatient clinic, which as written above were 4 including 

2 TUG tests, a test in a predetermined path with tight turns, and a test in which he was asked to walk 

freely inside the hospital for about 15 minutes; the presented algorithm determines 6 walking periods.  

In fact, comparing the results with the videos, it could be seen that the last test, that of free walking, 

was characterized by two periods that saw the patient stop twice. The first one stop saw the patient 

put on a jacket in order to continue the walk outside the structure, and the second one was necessary 

because the patient needed to rest for a short moment. 

The tests analysed with more attention, however, were the two TUGs and the test with the 

predetermined path. In fact, from those it is obtained from the algorithm, but especially visually, all 

the parameters necessary for the walking analysis and it was easy to compare the results and observe 

the degree of accuracy of the algorithm and its respective strengths and weaknesses. 

The obtained results demonstrate that the duration of the walks corresponds between the video 

analysis and the output of the algorithm with a minimal discrepancy that would not negatively affect 

a possible diagnosis by medical personnel.  

The number of steps is also detected with excellent accuracy. This value depends on the shape and 

on the difficulty of the path and in the patient condition. In fact, whenever the patient has hesitation 
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or some difficulties in performing a turn to change the walking direction or avoiding an obstacle, he 

does not perform an optimal walking cycle and he tends to swing the foot properly but to slide it. This 

helps the patient in maintaining the equilibrium but affects the algorithm in the correct step 

recognition. The critical moments in which this happened during the tests were when the patient starts 

or stops walking or when it has to turn. This is clearly visible in the videorecording and in the TUG 

tests, where the patient had to turn left, is the left foot the foot subjected to a wrong swing phase, 

whether in the tests with the predefined path, in which the patient had to turn right, is the right foot 

the foot subjected to a wrong swing phase. 

The number of turns was also detected correctly by the algorithm. 

With regard to home monitoring for a prolonged period of time, the analysis to be done is decidedly 

more complex. Comparing the walking periods found by the algorithm with the diaries reported by 

some patients containing the information of the activities carried out during the day, it can be seen 

that the algorithm succeeds in classifying the walking periods in their respective schedules. 

The difficult part is to optimally determine the walking characteristics. In fact, it is easy to deduce 

that gait characteristics, in addition to being clearly dependent on the physiognomy of the patient's 

body and on the state of health of the same, are greatly influenced by the type of activity that is being 

carried out and the surrounding environment. The first conclusion that is noted is in fact that both in 

the presence of narrow spaces inside houses, and because of daily activities carried out regularly, 

such as moving to pick up objects of various kinds, moving to cook and set the table, or washing and 

dressing, the mode of walking may vary to suit every need. It is therefore expected that the 

characteristics of walking, compared to a walk as an end in itself, as can be described that performed 

in the hospital by the patient under examination, will have more or less marked changes. Among these 

we find those characteristics of a more "broken" walk: a decrease in walking speed, a decrease in 

stride length, an increase in the time of double support and also an increase in the number of turns to 

be made. All of these characteristics generally apply to all subjects, even healthy individuals. 

However, parkinsonian subjects are more affected by these effects because all these situations can 

cause insecurity and instability in this sick subjects. If we then add the fact that Parkinson's is a disease 

that manifests worse symptoms with the passage of the years, almost all subjects, due to old age, do 

not have the mobility that a young healthy person can have, and the result is that the situation 

described above is amplified out of all proportion. 

That written above coincides with the results obtained from the algorithm. Pay attention to subject 

number two, author of two home recordings and of the recordings of the tests carried out in the 

laboratory. From the graphs shown in the results chapter we can see that the gait characteristics remain 

almost unchanged throughout the duration of the tests carried out in the laboratory (in particular the 
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graphs show the value of the walking speed). In both graphs of the home monitoring, however, the 

situation is decidedly different. In fact, it is evident that there is greater variability in walking speed, 

and also in other parameters.  

Once you have noticed all this for patient number two, you can notice the same thing for all the other 

patients. 
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Conclusions 
 

The main objective of this thesis study was to carry out a prolonged monitoring in the home 

environment of parkinsonian subjects through the use of wearable inertial sensors. These sensors have 

been applied in both feet of the patients and it has been proposed an algorithm that would identify 

and be able to discriminate between the periods of walking and the periods in which the subject under 

examination was stationary. Subsequently, the analysis was continued by calculating walking 

parameters and turning parameters that were considered useful in order to determine the status of the 

person during the day. 

In general, we can say that the algorithm does its job well and certainly can be improved in several 

respects. First of all, we have seen that a preliminary evaluation of the patient, as may have been the 

tests done by the subject number two, is of great help to determine the main characteristics of the 

patient itself and to evaluate the goodness of the algorithm. Therefore, it will be desirable to proceed 

with further testing to increase the performance of the algorithm. 

Second, it is necessary to increase the number of patients examined. In fact, for completeness only 8 

subjects and 9 recordings are not enough. This is a process that can take a lot of time considering that 

you have to interface mainly with elderly and sick people who may have difficulties in positioning 

the sensors correctly. Considering that among the recordings examined many are noisy because of 

the wrong positioning and alignment of the sensors, this is a crucial point not to be underestimated. 

In conclusion, it is recommended for further future applications to take into account these issues and 

as far as possible try to improve the performance of the algorithm. 
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