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Abstract: As the world’s population is living longer, age-related neurodegenerative diseases are
becoming a more significant global issue. Neurodegenerative diseases cause worsening motor,
cognitive and autonomic dysfunction over time and reduce functional abilities required for daily
living. Compromised motor performance is one of the first and most evident manifestations. In the
case of Parkinson’s disease, these impairments are currently evaluated by experts through the use of
rating scales. Although this method is widely used by experts worldwide, it includes subjective and
error-prone motor examinations that also fail in the characterization of symptoms’ fluctuations. The
aim of this study is to evaluate whether artificial intelligence techniques can be used to objectively
assess gait impairment in subjects with Parkinson’s disease. This paper presents the results of a
cohort of ten subjects, five with a Parkinson’s disease diagnosis at different degrees of severity.
We experimentally demonstrate good effectiveness of the proposed system in extracting the main
features concerning people’s gait during the standard tests that clinicians use to assess the burden of
disease. This system can offer neurologists, through accurate and objective data, a second opinion
or a suggestion to reconsider score assignment. Thanks to its simplicity, tactful and non-intrusive
approach and clinical-grade accuracy, it can be adopted on an ongoing basis even in environments
where people usually live and work.
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1. Introduction

iations.

According to the latest census data, adults aged 65 and above comprise more than
one-fifth (20.8%) of the European population and are the fastest-growing segment. Across
the EU Member States, the highest share of the elderly in the total population in 2020
was observed in Italy (23.2%). By 2070, 30.3% of the population is projected to be aged
65 years or older and 13.2% is projected to be aged 80 years or older. The number of people
in the EU potentially in need of long-term care is expected to increase from 19.5 million
in 2016 to 23.6 million in 2030 and 30.5 million in 2050 [1]. As the world’s population is
living longer, age-related neurodegenerative diseases (NDs) are becoming a larger global
issue. Among these disorders, dementias are responsible for the greatest burden of disease.
Parkinson’s disease (PD) is the second most frequent neurological disease after Alzheimer’s
disease [2]. It affects more than 1.2 million persons in Europe and more than 6.3 million
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persons worldwide [3,4]. Neurodegenerative disorders cause worsening motor, cognitive
and autonomic dysfunction over time and reduce functional abilities required for daily
living. Compromised motor performance is one of the first and most evident manifestations
of ND and could be objectively assessed thanks to the use of technological tools. Although
PD includes both motor and non-motor manifestations, the motor aspect remains predominant. The degree of motor impairment in PD is commonly assessed by a widespread
and worldwide validated scale called Movement Disorder Society Unified Parkinson’s
Disease Rating Scale (MDS-UPDRS) [5], particularly in Part III, the use of which is the basis
of any PD outpatient’s clinical evaluation. Although this scale is the product of a broad
consensus of experts and is validated worldwide, it includes subjective and error-prone
motor examinations. For this reason, in recent years, various techniques have emerged
to objectively assess motor limitations in PD patients, with interesting prospects for both
clinical trials and common clinical practice.
This preliminary study plays into this scenario and proposes the use of some artificial
intelligence (AI) techniques to objectively assess the signature that one of the primary neurodegenerative disorders leaves in the gait of patients, finding evaluations that correspond
to those obtained using MDS-UPDRS Part III. In recent years, advancements in the field of
AI have widely demonstrated the potential benefits that these techniques have in extracting
information from raw data in several fields of application [6]. In particular, their employment in medicine and healthcare has highly enhanced the capabilities of physicians in the
diagnosis process. The applications of computer vision techniques in medicine are widely
known in specific medical areas, such as, for example, radiology, ophthalmology and dermatology, where the main diagnostic task is represented by visual pattern recognition [7–9].
At the same time, these techniques allow us to overcome the observation capacity on which
medicine is historically based, allowing us to process a considerable amount of images or
information in certainly more significant numbers than any human being could. The latest
application of AI techniques allows them to effectively range from low-level tasks such as,
for example, contour reconstruction to high-level tasks such as the recognition of objects or
whole scenes. These advantages are due to the increased computing power made available
at low cost by high-performance hardware devices (GPUs, or Graphics Processing Units)
as well as the maturation of AI algorithms and wide availability of open-source datasets
for their training.
Machine learning (ML) is an AI application that uses mathematical models applied to
data in order to allow a computer to learn without executing direct instructions [10,11]. ML
aims to understand the structure of data, allowing the software to manage the complexity
of physical phenomena that are often too complex to be modelled effectively. When the
structure of algorithms is modelled on the human brain, as in neural networks, the term
deep learning (DL) is used [12,13]. Many ML and DL algorithms have been around for a
long time and, thanks to their ability to apply complex math to big data, they are involved
in many of the products and services we normally use; they have become pervasive in
many aspects of our everyday life. There are three commonly used methods of learning:
supervised, unsupervised and reinforcement learning. In supervised learning, a human
is involved from the start, giving pre-classified examples to train the algorithms, such as
inputs whose outputs are already known. In unsupervised learning, the algorithm is left to
find meaning in a mass of data that is not labeled, with the aim of identifying an internal
structure. Finally, in reinforcement learning, the algorithm discovers which actions generate
the greatest rewards by exploring the solution space with a trial-and-error approach.
In this study, we use supervised learning to find people and their pose within images taken by a stereo vision camera: a device that tries to mimic human stereopsis to
perceive depth [14]. The phenomenon of stereopsis arises from the fact that human eyes
are horizontally separated by about 65 mm, which implies that the world is seen from
two slightly different points of view. By comparing these two views, our brain can infer
not only depth but also three-dimensional motion in space. In the same way, from a pair
of stereo images, it is possible to retrieve depth information of the viewed scene [15–17].
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Once the conjugate points in the two input images have been correctly matched, there is
an extremely simple relation between the coordinate difference of a given point and its
distance from the sensory device. All of the following is based on the so-called epipolar
constraint, which is a commonly used constraint in stereo vision problems. It assumes that
all the differences between the two images are arranged along a single direction, typically
the horizontal one. Artificial stereo vision and DL are used in this study to identify people
within the images taken, applying a model that uses a certain number of anatomical points
(KeyPoints) to describe the human body. Through an analysis of the kinematics of the
KeyPoints of the identified person, our system extracts helpful information to describe
their motor skills, measuring the alterations that affect their health.
Disorders of balance and gait are a hallmark of PD. Tracking these basic features could
provide meaningful and early clues towards diagnosis, as well as, for managing disease
progress, aid in deploying appropriate treatment strategies and evaluating their outcome;
for these reasons, these features have been heavily and deeply investigated. In PD, gait
disturbances are investigated by the physician’s simple observations or using different
instrumental support [18], such as wearable sensors or treadmills [19,20]. Nevertheless,
most studies on objective gait analysis in patients affected by PD have been based mainly
on wearable sensors. The wearable sensors that are used most frequently are inertial ones:
gyroscope accelerometers and magnetoresistive sensors that measure speed, acceleration,
orientation and gravitational force at the points where they are applied [21–26]. Other
wearable devices are those found in some optical motion capture systems: reflective
markers are attached to the subject’s body and used to acquire movements through the
different marker positions in videos shot by a set of pre-calibrated and synchronized
cameras [27–30]. These sensors/markers must be worn with high precision and caution
by the patient; otherwise, the data acquired are subjected to significant errors. For this
reason, these systems can only be used in equipped laboratories under the strict control
of specialized people. However, the use of vision systems is not limited to having to
place markers to identify the joint positions of the human body. Recent advances in
pose tracking algorithms have allowed the extraction of joint positions using commercial
cameras and deep learning [31]. These computer vision systems can estimate the pose and
gait of multiple people with a two-digit frame rate, tracking whole-body movement in a
non-intrusive and non-limiting way [32–35].
The aim of this study is to obtain detailed information on the signature that PD leaves
on gait by comparing the data obtained from PD patients with those of a matched, healthy
control group. In evaluating these motor-related features, some biometric parameters of the
subjects, such as age and height, must be considered because they affect the measurements
obtained during the test. To avoid bias, the measurements obtained must be compared
with a control subject who presents physical parameters strictly related to those of the
patient performing the test. To address the assessment of gait, this pilot study considers
two MDS-UPDRS Part III items: gait (item 3.10) and freezing of gait (item 3.11) [5].
2. Materials and Methods
2.1. Data Collection
The data presented in this paper were collected in the Neurology Unit of the Department of Systems Medicine at the “Tor Vergata” University of Rome. This study was part of
a larger study in which 15 patients with PD and 15 healthy control subjects were recruited.
All study participants gave written informed consent after receiving an extensive explanation of the study’s tools, methods and aims, and the local Ethics Committee approved the
trial. For this study, the cohort was composed of five patients (three men and two women)
with a PD diagnosis at different degrees of severity and five control people (three men
and two women). All five patients were under PD treatment and were evaluated during
their best motor response. The control subjects were selected from patients’ relatives and
caregivers, a population of healthy people without medical disorders affecting gait. To
obtain a reliable comparison between the test results, each control subject was paired with
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Male Female

Age (years)
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Weight
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4 (40%)
6 (60%)
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13.2
62.7 ± 13.2
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± 8.4
71.471.4
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± 20.3
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Figure 1.
1. How
How the
the system
system processes
processes input data to obtain the subject’s features.
Figure

The depth range of the ZED2 camera is 0.2–20 m, the highest available resolution is
4416 × 1242 pixels and the highest frame rate is 100 Hz. To obtain depth information, the
ZED2 software development kit uses the NVIDIA library CUDA-Compute Unified Device
Architecture [37] to run fast artificial intelligence and computer vision tasks on a graphics
processing unit.
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The subjects participating in this study were asked to perform some of the standard
tests to assess their gait and postural skills. For each subject involved in the tests, twelve
videos were collected, featuring free walking and walking with an obstacle to be avoided.
The test shooting was taken from two different points of view and each test was repeated
three times. A total of 120 video sequences of the people involved in this study were
recorded. The reference system had its origin position in the left camera of the stereoscopic device, which was placed on the y-axis; the x-axis being the one that crossed the
optical plane and the z-axis being the one orthogonal to the previous two that pointed
upwards. Image resolution was 2560 × 720 at 60 fps and the left and right images were
1280 × 720 pixels each.
2.2. Assignment of MDS-UPDRS Scores
Each test was scored according to the MDS-UPDRS Part III scale criterion by a neurologist expert in movement disorders. The MDS-UPDRS scale was developed to assess
various aspects of Parkinson’s disease and has four parts: Part I (non-motor experiences
of daily living), Part II (motor experiences of daily living), Part III (motor examination)
and Part IV (motor complications). The scale can be used in clinical settings as well as in
research. For this study, we used Part III, the portion of the scale that assesses the motor
signs of PD using 18 items describing the burden of disease in its many representations.
All items have an integer rating ranging from 0 to 4, with higher scores indicating more
severe impairment: 0 for Normal, 1 for Slight, 2 for Mild, 3 for Moderate and 4 for Severe.
2.3. Image Processing and 2D-KeyPoints Computing
Once the videos for each participant in the test campaign were collected and the scores
on the MDS-UPDRS scale noted for each of them, the locations of the KeyPoints for each
subject in the acquired images had to be found to extract the subjects’ gait features.
Before being able to proceed to KeyPoint finding, it was necessary to perform preprocessing of input images to minimize mismatch and other sources of error in the following
process. A combination of image enhancement filters, such as contrast enhancements,
histogram equalization, sharpness and so on, was applied to the input images to increase
the accuracy of OpenPose, improving the perceptibility of people in the scene by amplifying
the difference between them and the backgrounds. Once the images were properly treated,
we were able to proceed and detect the people in the images and recover their poses.
For this task, we used the software package OpenPose developed in 2017 by CMUPerceptual Computing Lab [31], a well-known tool for multi-person 2D pose estimation.
OpenPose works with a bottom-up approach and uses a feed-forward multi-stage
Convolutional Neural Network (CNN) to simultaneously predict a set of 2D confidence
maps of human body-part locations and a set of 2D vector fields of part affinities (PAFs),
which encode the degree of association between the body parts. Architecture details of
the multi-stage CNN can be found in [31]. Finally, the confidence maps and the affinity
fields are parsed by greedy inference to output the locations in the 2D image reference of
the KeyPoints for each subject present in the image. There are several different models
used to approximate the parts of the human body and to detect people in an image [31].
In the presented application, we used the BODY-25 model, which describes the pose of
a human body through 25 KeyPoints (see Figure 2) and 24 parts that are segments that
connect some of them. The accuracy of this pose estimation method depends on acquisition
system calibration and the considered KeyPoint. In particular, for the estimation of the
speed and types of movements taken into account in the present study, the positioning
error was always considered to be below the value of 30 mm [38].
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ders, hips and feet. OpenPose tools use NVIDIA libraries CUDA 10.0 and cuDNN 7.2
(CUDA Deep Neural Network) [39], a GPU-accelerated library of primitives for deep
neural networks. Our system ran on an HP Z6 workstation with an Nvidia Quadro RTX
8000 and 48 GB of GDDR6 memory. The OpenPose package was pre-trained and ready to
process input images. Using the OpenPose library, our system computed, for each frame,
the image coordinates of the 25 KeyPoints for each person who appeared within the 6 of 18
scene.

Figure 2. The KeyPoints of the BODY-25 model.
Figure 2. The KeyPoints of the BODY-25 model.
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any erroneous matching that had possibly occurred in tests involving more than one
subject [40]. These post-processing tasks were carried out due to the complexity of the
images taken during the test sessions and of the results of verifying whether updates of
each subject’s KeyPoints positions were consistent with those previously assumed. The
checks implemented in this study took into account both the location and the speed of
each KeyPoint. Downstream of these elaborations, our system analyzed the kinematics of
the 3D KeyPoints to compute some of the features that are currently used by clinicians for
MDS-UPDRS items’ scoring.
Motor impairment in PD is characterized by a reduction in walking speed due to the
combination of a shorter stride length and a higher cadence, greater asymmetry of the
upper and lower limbs, axial stiffness and a reduction in the excursion of the articular
chains of the lower limbs, and postural instability. The setup for testing the gait of the
subject consisted of arranging a free space to be walked through in a straight line, both with
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While assessing the subject’s gait, an examiner should also pay attention to the presence of any gait freezing episodes [41,42]. Freezing of gait can be a clinical hallmark of PD.
It is an abnormal gait pattern in which there are sudden, short and temporary episodes
of an inability to move the feet forward, despite an intention to walk. Freezing of gait
episodes tend to occur less often when subjects walk a straight path, but rather when they
start walking, take a turn or go around an obstacle. The setup for this test was the same as
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the previous one. The examiner watched for start hesitation and stuttering movements,
especially when turning and reaching the end of the task. To assess a freezing of gait
episode, we looked for the presence of an anomalous pattern in the subject’s gait when
computing stride features, as done previously.
3. Results
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return. Therefore, to reach this length in our experimental setup, we asked the subjects who
participated in this study to repeat the walking test path four times. This slight adaptation
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often when subjects perform a turn to change their direction of travel.
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3.1. Gait Analysis
The parameters currently observed by clinicians using the MDS-UPDRS scale to
analyze a person’s gait in a test session (see Figure 5) are stride length and velocity,
height of feet lift, heel strikes and turning.
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3.1.1. Stride Length and Velocity
The subjects’ stride length and speed were evaluated during the two walking tests,
both with and without obstacles to be avoided. All subjects showed good ease and effectiveness in their gait and no skidding or stumbling was observed. The acquisition system,
thanks to the high number of frames per second acquired, proved itself able to accurately
follow the different phases of the subjects’ walks, managing to identify their lower limbs’
KeyPoints during the entire course of the tests. Figure 6 shows the two points of view for
3D reconstruction of two paired subjects walking.
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Figure 7. Distance from the origin of left (blue) and right (orange) foot, respectively, for one of the
subjects involved in the study.

In Figure 8, the graphs of distance between heels for two subjects, paired thanks to the
strong similarity of their physical characteristics, are shown. The time difference between
two consecutive curve maxima with odd or even indices gives the duration of each step.
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Figure 8. Plot of distance between heels for two paired subjects: (a) patient subject heels distance;
(b) patient subject smoothed heels distance, where we apply smoothing to remove false positives
and false local extremes; (c) extreme of the curve (b) located to compute stride features: the time
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For this healthy control, an average stride length of 1.25 m was measured (with the
lengths of their two steps differing by less than 1 cm) along with an average stride velocity
of 1.22 m/s. However, for the PD patient, an average stride length of 0.82 m was measured
(with the length of the two steps differing by about 3 cm) along with an average stride
velocity of 0.88 m/s. Values measured for all the other subjects involved in the study are
shown in Table 2.

ity of 1.22 m/s. However, for the PD patient, an average stride length of 0.82 m was
measured (with the length of the two steps differing by about 3 cm) along with an average stride velocity of 0.88 m/s. Values measured for all the other subjects involved in the
study are shown in Table 2.
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Gait features

Patients
P01
P02
P03
P04
P05
Table 2. Summary
with their annotated
MDS-UPDRS
Annotated MDS-UPDRS Score
1 of gait features1for the five PD subjects,
1
2
1 scores.
In red is the percentage deviation from the corresponding control subject.
Step 1 length (m)
0.48 −42.17 0.41 −32.79 0.50
−9.09
0.41 −33.87 0.51 −10.53
StepPatients
2 length (m)
0.54
−33.33
0.45
−26.23
0.48
−12.73
0.41
0.54P05 −5.26
P01
P02
P03
P04 −34.92
Stride amplitude (m)
1.02 −37.04 0.86 −29.51 0.98 −10.91 0.82 −34.40 1.05
−8.70
Annotated MDS-UPDRS Score
1
1
1
2
1
Stride velocity (m/s)
0.90 −37.06 0.79 −28.83 0.79 −13.80 0.88 −27.87 1.05
−0.94
Step 1 length (m)
0.48
−42.17 0.41
−32.79 0.50
−9.09
0.41
−33.87
0.51
−10.53
Turning
(s) (m)
1.29 −33.33
84.29 0.45
0.77 −26.23
2.67 0.48
1.04 −12.73
44.44 0.41
0.87 −77.55
0.97
94.00
Step
2 length
0.54
34.92
0.54
−
5.26
Height
of
foot
1
lift
(m)
0.20
−31.03
0.18
−18.18
0.21
0.00
0.13
−40.91
0.21
−12.50
Stride amplitude (m)
1.02
−37.04 0.86
−29.51 0.98
−10.91
0.82
−34.40
1.05
−8.70
Stride
velocity
27.87
1.05
−
0.94
Height
of foot(m/s)
2 lift (m) 0.90
0.19 −37.06
−32.14 0.79
0.16 −28.83
−23.81 0.79
0.18 −13.80
−10.00 0.88
0.14 −−30.00
0.22
−4.35
Turning (s)
1.29
84.29
Height of foot 1 lift (m)
0.20
−31.03
3.1.2. Turning
Height of foot 2 lift (m)
0.19
−32.14

0.77
0.18
0.16

2.67
−18.18
−23.81

1.04
0.21
0.18

44.44
0.00
−10.00

0.87
0.13
0.14

77.55
−40.91
−30.00
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0.21
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−4.35

The subjects’ turning skill, number of steps required and time taken to complete
walks were evaluated during the two walking tests, both with and without obstacles to
3.1.2. Turning
be avoided. Table 2 only shows the average time values measured for the first scenario.
The
subjects’ turning
skill, number
of stepsduring
required
and
time
to complete
walks
No skidding
or stumbling
was observed
this
test.
Fortaken
all patients,
the measwere evaluated during the two walking tests, both with and without obstacles to be avoided.
ured values of time taken to turn around the obstacle were greater than those of the corTable 2 only shows the average time values measured for the first scenario.
responding control subjects, but there was a certain heterogeneity in the results obtained
No skidding or stumbling was observed during this test. For all patients, the measured
which did not seem to be reflected in the assessments assigned by the clinicians.
values of time taken to turn around the obstacle were greater than those of the correspondThree of the subjects showed good ease and effectiveness in turning, both when they
ing control subjects, but there was a certain heterogeneity in the results obtained which did
simply had to turn and go back and when they had to go around the obstacle. Despite
not seem to be reflected in the assessments assigned by the clinicians.
this, for one of the subjects there was an episode of freezing of gait, as will be shown in
Three of the subjects showed good ease and effectiveness in turning, both when they
detail in Section 3.2. Figure 9 shows the results for two subjects, a patient and his paired
simply had to turn and go back and when they had to go around the obstacle. Despite
control subject, obtained during one of the phases in which each subject moved around
this, for one of the subjects there was an episode of freezing of gait, as will be shown in
an obstacle.
detail in Section 3.2. Figure 9 shows the results for two subjects, a patient and his paired
control subject, obtained during one of the phases in which each subject moved around
an obstacle.

Figure 9. Distance from the origin for two paired subjects in the turning phase: (a) patient subject;
(b) control subject.

The above values are quite high because the obstacle was bypassed twice, once clockwise and once counterclockwise, to evaluate the different behaviour in these two actions.
The subject belonging to the healthy control group took 12 steps over 8.7 s to move
around the obstacle (in the manner described above) and continue walking in the opposite
direction. Their average speed during this phase was 0.65 m/s. On the contrary, the PD
patient took 22 steps over 14.6 s to move around the obstacle with an average speed of
0.44 m/s.
3.1.3. Height of Foot Lift and Heel Strike during Walking
The subjects’ height of foot lift and heel strike during walking were evaluated during
the two walking tests. None of the subjects who participated in the study showed particularly noticeable heel drag and their heel lifting was of sufficient height. In the graphs of
Figure 10, it is possible to see the lifting from the ground of the right heel for one subject
compared with their paired control.
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The subjects’ height of foot lift and heel strike during walking were evaluated during the two walking tests. None of the subjects who participated in the study showed
particularly noticeable heel drag and their heel lifting was of sufficient height. In the
graphs of Figure 10, it is possible to see the lifting from the ground of the right heel for
one subject compared with their paired control.
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Figure 10. Plot of heel height for two paired subjects: (a) patient subject heel height; (b) patient
subject smoothed heel height, where false positives and false local extremes have been removed;
(c) control subject heel height; (d) control subject smoothed heel height, where false positives and
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of 13.5 cm, which was representative of the gait impairment of PD patients. The values
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ground of 21 cm. On the contrary, the PD patient had an average heel lift from the
3.2. Freezing of Gait
During the whole test session, only one freezing of gait episode occurred, without
leading to a fall or injury. For this item, the patient involved had an annotated score equal
to 1 on the MDS-UPDRS scale because the episode was a single-halt during turning, but
then the subject continued smoothly without freezing during straight walking. All the
other subjects received a score 0.
The episode occurred in the walk that included going around an obstacle. To assess
the freezing of gait, we considered the length of the stride, which we measured as done
previously, using the cinematic characteristics of the two KeyPoints corresponding to the
left and right heel: the abnormal gait pattern of gait freezing was revealed by measuring
the heels’ distance. The freezing of gait episode occurred when the subject was circling the
obstacle in front of the camera.
If the freezing episode had happened when the subject was behind the obstacle,
occlusion would probably not have allowed such precise detection of the episode: in that
case, our system could only have inferred the position of the hidden KeyPoints, with an
error in this estimate that could have been quite large and could have led to masking of a
freezing of gait episode with as short a duration as the one that was detected.
In Figure 11, it can be seen that, during the freezing of gait episode, the subject’s
stride amplitude reduced from an average value of about 24 cm, during the circling of the
obstacle, to a much lower value of about 16 cm.
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4. Discussion
4. Discussion
In this preliminary study, we have tested the performance of an integrated image
In this preliminary study, we have tested the performance of an integrated image
processing system with an AI-based approach, suited for the estimation of the degree of
processing system with an AI-based approach, suited for the estimation of the degree of
motor impairment in PD patients by exploring two axial items of the MDS-UPDRS scale:
motor impairment in PD patients by exploring two axial items of the MDS-UPDRS scale:
gait and freezing of gait. Although we have not obtained enough data to be able to make
gait and freezing of gait. Although we have not obtained enough data to be able to make
a statistical inference, we have found, by a preliminary descriptive analysis of our data,
a statistical inference, we have found, by a preliminary descriptive analysis of our data,
interesting and prospective results.
interesting and prospective results.
A subject’s gait is assessed in a composite way through the combination of various
A subject’s gait is assessed in a composite way through the combination of various
observations involving different tests. Our system is able to detect and measure, in patients
observations
different
Our
to detect
andfeet
measure,
in pa- and
with PD,involving
a reduction
in stridetests.
speed
andsystem
length,isinable
the height
of the
while walking
tientsthe
with
PD,
reduction
in stride
speedinand
length,
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heightcharacteristics
of the feet while
need
fora more
time and
more steps
turning.
These
different
measured
by the system seem to each contribute in a different way to the assignment of the subject’s
MDS-UPDRS score, which is assigned by a neurologist who, on the basis of their personal
clinical experience, must necessarily aggregate what is observed during different tests to
produce a single score represented by an integer.
In particular, the deviation in the amount of time it takes a subject to turn around
and change direction or to move around an obstacle seems very important. In the case of
patient 03, for example, who was assigned an MDS-UPDRS score of 1, the values of their
deviations in stride amplitude and speed and the height of the feet during walking were
about one-third of those of patient 2, also assigned a score of 1. Despite this, while for
patient 02 the deviation of the “turning” parameter did not reach the value of 3%, for patient
03 it exceeded 44%. Similarly, in the case of patient 04, also with an MDS-UPDRS score of
1, their even-smaller deviations compared to patient 02 for stride amplitude, speed and
height of their feet during walking were compensated for by a more significant deviation of
the “turning” parameter, which was, in their case, 94%. The system also found, in one case,
a discrepancy concerning the evaluation made by the clinician: in the case of patient 01, the
percentage deviations found with respect to the corresponding control subjects seemed to
suggest the assignment of a higher value.
The proposed system was able to discriminate different levels of gait impairment by
analytically measuring the kinematics of some characteristic points of the human body.
Moreover, it appeared to be able to objectively assess the freezing of gait even in the earliest
stages of disease in PD patients.
This preliminary work opens interesting scenarios in the objective evaluation of
motor dysfunctions affecting gait in Parkinson’s disease. Our proposed system, which
includes high-definition video recording, reprocessing analysis, avatar reconstruction and
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computerized measurements, ranks among the state-of-the-art tools used to obtain more
quantitative, refined and graduated measurements of motor deficit.
Our tool, therefore, not only seems to be correctly capable of recognizing and qualitatively highlighting the same alterations assessed by MDS-UPDRS scores (Items 3.10 and
3.11) but, by also providing a quantitative analysis of the results, can handle a wider and
more finely graded range of motor disturbances. The potential applications are numerous:
detecting early-stage motor deficits that would not reach a score of 1 on the qualitative
assessment of the scale, identifying intermediate-grade motor deficits (e.g., more severe
than a score of 1 but not so severe as to reach a score of 2), correcting for human error,
increasing the degree of objectivity, ensuring greater homogeneity among evaluations of
different clinicians or the same clinical neurologist at different times, and facilitating critical
choice as far as an indication to advanced therapy under scrutiny, such as Deep Brain
Stimulation [43,44]. This tool could also be useful for monitoring daily motor responses to
L-Dopa and other antiparkinsonian drugs in order to optimize pharmacological therapy
and tailor the best treatment for a patient. The ultimate goal is certainly to have a tool that
is as early, precise and as faithful as possible to the patient’s motor alterations in order to
investigate the degree of motor disturbance as best as possible, with relevant diagnostic
and therapeutic implications.
The main limitation of the approach considered in this study concerns the information
acquisition device and the methodology for obtaining an estimate of the depth of the scene.
In the first case, the vision system is clearly ineffective in its blind spots. An accurate
installation and the eventual use of several video cameras could solve this issue if installed
in large rooms or with an irregular layout. For the second point, we fall back into the
classic drawbacks concerning artificial stereoscopic vision, where the main problem lies
in the fact that for some pixels in one image there may be non-univocal correspondence
with pixels in the other image, or those pixels in the other may not even exist. This occurs,
for example, when some parts of the scene are visible to one camera only and occluded
from the other. In case of no correspondence, the direct calculation of the disparity for
those pixels is impossible and a 3D reconstruction of the portion of the scene that those
pixels represent cannot be made. One of the most widely applied solutions for solving
this problem, at least in part, takes into consideration the possibility of obtaining, when
possible, an estimate of the target’s position based on its previous history.
Additionally, the enlargement of the number of subjects involved in future clinical
tests could also facilitate statistical analysis that could further orient the next development
of the proposed system. Further aspects of gait should be deepened, not only from a
kinematic but also a cognitive point of view; at a more strictly speculative level, it would
be interesting to find ways to deepen the relationship between intention and gait in PD.
Future developments of the proposed system will consist of assessing additional
MDS-UPDRS items for other manifestations of PD. Another prospective implication of
our tool concerns the possibility of implementing it as a telemedicine tool. The pandemic
phase we are experiencing has aroused more interest in tools that can provide parameters
on a patient’s disease status from a distance. Our instrument is conducive to the future
and these new needs, giving the possibility of using a high-definition camera in the future,
perhaps even a smartphone, to measure the degree of motor deficit in PD patients at a
distance, with the possibility of being able to intervene on the therapeutic level.
5. Conclusions
In this paper, the feasibility of an objective assessment of the motor symptoms of
patients with PD using AI-based video analysis was explored. For this purpose, we collected
video clips from regular clinical visits which assessed subjects’ status and advancement
of their disease; tests were administered by neurologists who assigned scores for each
task using the MDS-UPDRS scale. This study focused on alterations affecting motor
skills, which are a hallmark of PD, and disorders of balance, posture and gait. Tracking
these basic features provides, in most cases, relevant and early clues for the diagnosis
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and advancement of PD, facilitating the initiation of appropriate treatment strategies and
evaluation of their outcome.
The results obtained in this pilot study suggest that the proposed system has the
potential to provide an objective and accurate assessment of PD without imposing an
additional burden on patients, providing clinicians with a range of information with which
to deepen their assessments.
Our tool not only seems to be correctly capable of recognizing and qualitatively
highlighting the same gait impairments assessed by MDS-UPDRS scores but, by also
providing a quantitative analysis of the results, can handle a wider and more finely graded
range of motor disorders. The system is able to offer an evaluation of the skill of a subject
that is not expressed in a range of integer numbers, but that returns to the clinician all the
richness of an instrumental measure. The results obtained during this pilot study seem to
suggest that it is possible to extend the range in which gait impairment can be expressed.
This aspect is decisive both in diagnostics, especially at an early stage of PD, when the
symptoms are so mild that they do not reach a score of one on the MDS-UPDRS scale, and
in the management of therapy which can thus agree with greater adherence to the real state
of the health of the subject. On the other hand, for the freezing of gait, more data should be
collected for general consideration, as only one episode occurred across all test sessions.
However, it is worth noting that the system was able to correctly detect it, despite it being a
minor episode in which the subject briefly froze and then easily started walking again.
The system has proved capable of offering clinicians, through accurate and objective
data, a second opinion or a suggestion to reconsider the assignment of MDS-UPDRS score.
During the test campaign, in one case, a rather evident discrepancy was found between the
evaluation carried out by the clinician and the percentage deviations found with respect to
the corresponding control subject (nearly 38% shorter average stride length, 37% shorter in
both stride width and speed, 84% greater turning time and nearly 32% lower average foot
lift height), seeming to suggest the assignment of a different value for the patient. Having
brought these data to the attention of the clinician, after a careful evaluation that also
included viewing the videos of the tests in which the subject was involved, the clinician
decided to change the assigned score, making it consistent with the measures obtained by
the proposed system.
The combined use of computer vision and deep learning techniques allows the system
to obtain helpful information to describe a patient’s status and the progress of their disease
in a way that does not impact their normal activities. The system is therefore not only
effective but also has a low impact on the person, whose abilities, even of a residual type,
are evaluated by the system in a way that is as accurate as it is respectful and ergonomic.
Thanks to its simplicity, the proposed system can be adopted in higher-level telemedicine
on an ongoing basis in environments where people usually live and work as a tactful and
non-intrusive approach with clinical-grade accuracy.
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