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ABSTRACT
Parkinson's Disease (PD) is a severe and long-term neurodegenerative disorder of central nervous system. It is characterized 
by Freezing Of Gait (FOG) as one of the major symptoms, with an increasing incidence among elderly individuals. Existing 
FOG assessments through clinical examinations and scales by clinicians are subjective and unreliable. The quality of PD care 
is gradually being improved by sensor-based evaluation technologies that measure the symptoms objectively and enhance PD 
diagnosis and therapeutic intervention. An objective system for assessing FOG in patients with Parkinson's disease is proposed 
in this study. The proposed system uses multiple motion capture sensors to provide precise and reliable data to healthcare 
professionals regarding FOG and the progression of the disease. Seven healthy subjects trained to simulate the FOG condition 
were volunteered for the study. They are instructed to perform walking in a FOG-provoking path with several turning events. The 
proposed objective method visualizes the number of FOG occurrences and their duration. Experimental findings demonstrate 
the accuracy of the proposed system for FOG prediction in the conducted experiments. In the future, the reliability of the 
method will be studied with significantly larger datasets.

Keywords: Cadence; Edge computing; Festation; Freezing of gait; Gait analysis; Kinect sensor; Real-time Mmotion capture; 
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INTRODUCTION

Parkinson’s Disease (PD) is a progressive neurodegenerative 
disorder associated with severe motor and non-motor complications 
[1] that affects millions of people worldwide especially elderly 
people. Due to the breakdown of certain brain tissues, the motor 
symptoms of PD include Freezing Of Gait (FOG), gait imbalance, 
postural instability, bradykinesia, rest tremor and rigidity and 
non-motor manifestations include cognitive impairment, fatigue, 
mood disorders and so on [1]. The symptoms usually increase with 
disease progression. Due to the nature of the disease, PD patients 
exhibit aberrant walking patterns; as a result, they are more likely 
to trip or feel disoriented. FOG is the one of the major challenging 
symptoms of PD, especially in advanced stage of the disease. 

FOG refers to “the state of being frozen against the intention 
to walk”. The prevalence rate of FOG is reported as 50.6% [2]. 
FOG increases the risk of falls, fall-related injuries, and loss of 
independence [3,4]. Stability of an individual affected with PD 
could be a highly targeted therapeutic goal for the clinicians. For 
improved symptom management, rehabilitation therapy might be 
combined with medication or surgery [5,6]. From the perspective of 

clinicians and researchers, determining the severity of PD is crucial 
for initiating, titrating, and monitoring treatment; this helps to 
validate any effective treatment. Parkinsonian Gait is observed in 
patients in the later stages of the disease, which severely impacts 
their quality of life as it restricts their motor capabilities, therefore 
early detection and appropriate treatment can help improve their 
lives.

The Unified Parkinson's Disease Rating Scale and other 
specialised questionnaires like Freezing of Gait Questionnaire [7] 
and New Freezing of Gait Questionnaire [8] are generally utilized 
among the subjective assessment methods of FOG that are typically 
inaccurate because of factors like different perspectives of medical 
professionals, inconsistent questionnaire responses, and patient 
and carer ignorance of the disease.

Meanwhile, objective assessment of PD using video data [9] or 
video-based sensors is beneficial without the results being affected 
by recall bias. It is therefore essential to calculate the measurement 
accuracy of a motion capture system for FOG scoring in order 
to ensure clinical interpretability before it can be used for FOG 
assessment in research and clinical practice.
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In the context of healthcare industry, cloud computing plays 
a crucial role in providing remote access to patient information, 
enabling efficient data collection and analysis for diagnostic and 
therapeutic decision-making [10]. It is beneficial in the case of 
Parkinson's disease severity assessment, where qualified doctors 
may not always be able to reach rural patients due to technological 
limitations. By utilizing cloud computing, healthcare providers can 
store and aggregate patient data in a cost-effective manner, allowing 
for better diagnostic decision-making and remote consultations 
with specialists [11].

However, by moving computational load towards edge nodes, 
the latency and dependence on communication infrastructure can 
be reduced. The seamless collaboration between cloud and edge 
computing is increasingly important in time-sensitive scenarios. 
Furthermore, it can enhance the patient experience by providing 
seamless and uninterrupted access to healthcare services, regardless 
of geographical limitations [12].

In this context, this study aims to propose a non-invasive 
edge computing approach using real-time motion data captured 
by multi-Kinect sensors to assess PD based on motor deficits. A 
mathematical model is also proposed to detect the occurrence 
of FOG events, which are periodically exhibited in PD patients, 
and to classify them. It detects the FOG occurrence based on 
the significant spatiotemporal and kinematic gait characteristics 
extracted through the Kinect setup. A web application framework 
is also proposed to acquire gait data of the subject and provides 
insightful visualizations to assist the medical experts to provide 
accurate diagnosis. The early detection of the disease can guarantee 
proper intervention and improve the patient's quality of life.

The major contributions of this paper are as follows.

•	 To design an edge-based real-time motion capture system for 
PD patients using the Kinect-based non-invasive technique. 
It utilizes multi-Kinect setup to collect skeletal joint data of 
the subjects and to identify significant gait metrics of the 
subject. 

•	 To propose a mathematical model to assess FOG episodes 
of the patients walking in a FOG-provoking path and to 
extract FOG parameters to classify the PD gait.

•	 To design a web application framework to acquire gait data 
of the subject and provides insightful visualizations for early 
diagnosis and progress monitoring with the help of medical 
practitioners.

Background

This section describes the state-of-the-art related works 
of utilization of Microsoft Kinect sensor for the assessment 
techniques of the progression of Current methods for evaluating 
PD by experienced clinicians or physical therapists rely on the 
physical abilities of patients and may be prone to subjectivity and 
unreliability as a result of human error and variations in symptom 
manifestation. Thus, it can lead to inaccurate assessments and 
delayed diagnosis, causing a burden on patients who have to 
undergo frequent visits to the doctor for physical tests.

In recent years, sensor technology has gained popularity for 
motion-capturing systems leading to better clinical assessment 
and more efficient therapeutic decisions. However, motor analysis 
using wearable sensors is more affected by environmental noise 

and undesirable movements. Hence, an alternative method is 
adapted to utilize non-intrusive sensors like Microsoft Kinect 
which captures motion data and enable objective assessment of the 
progression of the disease.

Many researchers extend their research on non-invasive 
assessment methods for PD using Kinect as it is cost affordable. 
A study [13] classified, assessed and managed gait disorders of 
parkinsonian patients from festination of gait to freezing of gait. 
Another work [14] suggested that the presence of abnormal gait 
usually indicates cognitive impairment, increasing their risk of 
falling and getting injured and reducing their quality of life. Thus, 
it is crucial to understand that how abnormal gait plays an inductive 
role in the assessment of the disease, and it is measured using 
laboratory-based and ambulatory-based gait analysis technology. 

The accuracy of Microsoft Kinect V2 Depth sensor was 
measured [15] using the Time-of-Flight method where active 
sensors measured the distance of a surface by calculating the round-
trip time of a pulse of light. A multi-Kinect setup was suggested that 
would illustrate variance in depth calculated using the trilateration 
method. Therefore, it increases the quality of the depth images 
captured from the sensor. This study demonstrated that a multi-
Kinect setup showed a decrease in the average error score. 

A study on the correlation between the accuracy and 
performance of three-dimensional motion capture systems for gait 
analysis such as the Kinect V2 and the effect of camera viewing 
angles on their joint angle tracing performance was presented [15]. 
It evaluated the accuracies of three depth sensors: Azure Kinect, 
Kinect v2, and Orbbec Astra for tracking kinematic gait patterns 
during treadmill walking at different camera viewing angles. The 
results concluded that the Kinect sensor had better Root Mean 
Squared Error (RMSE) scores when placed at a frontal viewing 
angle. 

A method to detect FOG and reduce false positive results 
by identifying the difference between standing still/resting and 
freezing of movement was suggested [16]. The similarity between 
resting and FOG episodes is found using the X coordinates of the 
feet. If the patient is standing still or resting, his/her X coordinate 
will be constant. Additionally, it highlights the fact that, if FOG 
is observed, the angle between the ankles and foot joint will 
be constantly changing. Standing still or resting mode can be 
differentiated from FOG by finding the number of high-value 
peaks in the regions of interest. The area with high-value peaks 
with respect to a threshold is related to FOG and the area without 
the high-value peaks shows the resting mode. 

Another study [17] fused data gathered from multiple Kinect 
sensors for clinical gait analysis. A five Kinect configuration was 
suggested that eradicates the problems of inaccurate skeleton poses 
caused due to occlusions or tracking failures. Two methods were 
used to estimate states of such discrete-time linear systems: the 
first being classical Kalman filtering where state disturbances are 
assumed to be gaussian white noises, secondly, they follow the Set-
Membership filtering approach where the noise is a measurement 
of the multivariate gaussian probability distribution function 
model. The results proved the latter approach would be the most 
suitable for gait analysis.

A gait recognition method based on a 3D skeleton [18] was 
proposed which utilized spatiotemporal changes in relative angles 
among skeletal joints concerning a reference point. It calculated 
a complete human gait cycle represented by a sequence of joint 
relative angles between two skeletal joints providing an intuitive 
representation of the motion patterns. The joint relative angle 
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sequences of each skeletal joint pair represented the significant gait 
descriptors. The proposed method proved human gait recognition 
better than that of existing Kinect-based systems.

Another study [19] to monitor the behaviour of subjects' 
gait cycle and the number of footsteps each time to estimate the 
occurrence of Freezing of Gait. The inferences are provided on 
how to consider a foot-off event and foot contact, foot-off-event is 
observed when the knee angle has decreased. 

A non-invasive method was suggested [20] with the help of data 
mining algorithms to categorize PD cases and controls. Various 
data mining techniques have been compared to evaluate the most 
reliable method concerning the changes in the gait descriptors 
of different people. The results demonstrated the accuracy of 
predictive analytics of the model.

A study is presented [21] on which Machine Learning 
classification model would be more suitable in providing 
accurate results by comparing the performance of models like 
decision trees, Bayesian networks, neural networks (multilayer 
perceptron algorithm), and K-nearest neighbors classifier. The best-
performing classifier was found to be a Naïve Bayesian classifier. 
The classification model achieved a high accuracy of 93.4% with 
the help of the correlation-based feature selection technique; the 
significant features include movement and position of the left arm.

From the literature study, the various aspects of implementing a 
FOG detection system were analysed. The current systems employ 
only a single depth sensor for FOG detection which has a very 
limited range. The current systems are designed in a way that only 
people possessing a considerable amount of technical knowledge 
can set up and use the system, there is no user-friendly plug-and-
play software that has been discussed or ideated. 

Based on the literature review and the currently existing systems, 
our proposed solution is to develop a user-friendly solution that 
uses a multi-Kinect setup to track patient joints and identifies 
FOG events. Additionally, the solution uses a web application 
to provide a user-friendly way of generating reports on when and 
how long FOG events occurred along with informational statistical 
visualizations.

MATERIALS AND METHODS

In this section, a FOG assessment system for PD patients is 
proposed based on the obtained motion data from the multi-
Kinect Sensors setup environment.

Data acquisition

The Microsoft Kinect V2 is a non-wearable motion capture 
sensor that captures the 3D motion of a person. It consists of a 
3D depth sensor, an RGB camera, and multi-array microphones, 
through which it enables interactions with body movements, voice, 
and images. The RGB camera can identify 25 human skeletal joints 
and capture videos at 30fps. 

In our study, a multi-Kinect setup has been used to improve the 
accuracy of the camera and trail path coverage area of the sensors. 
The proposed system optimizes the multi-Kinect setup to widen the 
field of vision, remove dead spots, and collect data in order to utilize 
it to record gait and identify significant gait metrics of the subject. 
The data from 7 subjects are captured. The subjects are healthy 
without any movement disability. The average age of the subjects is 
21.5 ± 1.2. The subjects have different heights and walking speeds 
and are trained with video on how FOG occurs for PD patients at 
different stages of the disease. The general information about the 
subjects is presented in Table 1.

Characteristics Subjects

Total Sample, n 10

Gender, M:F 07:03

Age, y 25.3 ± 4.6

Height, cm 160.78 ± 6.22

Weight, Kg 65.26 ± 9.64

Data are presented as mean ± standard deviation

Table 1: Characteristics of study population.

In clinical practice and research setting, the testing environment 
plays a crucial role to provoke FOG. In patients with freezing 
histories, FOG episodes are objectively induced by walking in a 
small area and performing full rapid turns of 180 degrees. So, in 
our research, a FOG-provoking path is designed with a straight-line 
path and a full rapid turning event. The subjects are asked to walk 
along the path from the beginning point to the ending point and 
then turn and return to the starting point, named as Walk With 
Turn (WWT).

The multi-Kinect sensors are placed on a table with a height of 
1.2 meters. The path should be designed on non-reflective floors. 
The distance from the starting point to the ending point is 5.9 
meters and the straight-line path is set at 3.8 meters away from the 
sensor, shown in Figure 1. 

Figure 1: Multi-Kinect setup in a testing environment.
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The movement data is captured for each subject with WWT 
experiment. The inclusion criteria for the volunteers were as follows. 
The participant should not have walking-related, neurological, 
or orthopedic injuries or illnesses that would affect lower limb 
movement. Each subject is asked to repeat the experiments if the 
walking pattern is not like a real FOG phenomenon to make sure 
the data is captured correctly Figure 2. For measuring the actual 
severity of PD, the simulated walking sessions of all the subjects are 
validated by the clinicians in observing the FOG.

Data processing

The body's skeletal joints are extracted from the video data 
captured by the Kinect sensors. Since it attains depth data, each 

joint is represented by a list of 3D positions (X, Y, Z) and the length 
of the list is equal to the number of frames of the video. Concerning 
the position of the Kinect sensors setup as shown in Figure 1, the 
subject is walking along the X axis of the Kinect sensor and thus the 
X trajectory data is selected for our FOG analysis.

Proposed edge classification framework

This subsection describes the proposed edge-based body motion 
capture system for PD severity assessment application by detecting 
the occurrence of FOG events. Three-tier edge architecture, 
shown in Figure 3 is proposed which consists of edge, cloud and 
application layers. 

Figure 2: Walk With Turn (WWT) – FOG provoking path.

Figure 3: An edge-based architecture for PD severity assessment.
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Edge layer: The edge computing layer contributes to data 
collection from the Kinect sensors, data preprocessing by the 
Brekel body v3 software and data classification using proposed 
mathematical model which will be discussed in the next section. 
The Brekel body v3 software is utilized in conjunction with the 
Kinect setup to combine the data from the sensors to generate CSV 
file. The Brekel body v3 software enables real-time motion capture 
which can be beneficial for immediate feedback and interactive 
software development. It can export motion capture data to various 
formats, making it compatible with different development software. 
The patient data is stored in the back-end database server SQLite 
that will be exploited by the proposed web application. 

Cloud layer: Furthermore, the cloud computing serves as a 
central layer that provides services for long-term data management, 
processing, and storage. This enables healthcare organizations 
to make data-driven decisions, optimize processes, and improve 
overall efficiency.

Application layer: The application layer is intended to employ 
the PD severity assessment service where a web application is 
developed using Bootstrap, an open-source front-end framework to 
be accessed by the different stakeholders such as doctors, clinicians, 
patients. Stakeholders can visualize the report generated and shared 
data among them using Power BI dashboards. It enables enhanced 
data visualization of complex datasets for the stakeholders who can 
easily share insights and collaborate on report findings due to the 
cloud-based nature of Power BI dashboards. The Interface between 
the application and backend server is implemented using open-
source python-based web framework called Django.

Implementation scenario: As illustrated in Figure 4a authorised 
users like medical practitioners or clinicians are enabled to access 
the web application, where they can enter the patient's personal 
and medical details in the form, shown in Figure 4b. Then the 
subject is instructed to perform walking session on the predefined 
FOG-provoking path. The respective human skeletal joint data 
can be collected from the Kinect setup and they are combined to 
produce CSV file by the Brekel body v3 software. The file will be 
uploaded to the application by the clinician. The recordings of the 
walking experiment will be analysed through mathematical models 
to detect the occurrence of FOG events. Finally, the clinician and 
the patient are able to visualise the analysis reports that have been 
generated in the power BI dashboard. 

The details of all the patients and their files uploaded through 
the framework will be stored with the respective patient primary 
IDs and managed in the database server. The data in the database 
can be altered using the administrator access login.

FOG classification model

As mentioned before, FOG refers to an inability to move 
irrespective of the wish to move forward. As walking involves the 
joints of the leg such as the hip, knee, ankle and foot, the proposed 
classification model uses the ankle and foot joints to assess FOG. 

The WWT experiment needs both left and right feet X 
trajectories while walking in the forward and backward directions 
to detect all the FOGs. So, the left foot trajectory is used before 
turning and the right foot trajectory is used after turning. Finally, 
the results of both feet are fused to obtain the final FOG assessment 
for the experiments conducted. 

Figure 5 illustrates the plot of the walking pattern of the healthy 
control and PD patients at various progressive stages of the disease, 
as a result of conducted WWT experiment. It shows that the gait 
pattern of the control subject seems to be quite steady.

Figure 6 shows the plot of the X trajectory samples of the foot 
joint of the subjects at different phases of the PD. The x-axis of the 
plots represents frame IDs and the y-axis shows the displacements 
of the foot joint in the x-axis. The X trajectory of the left foot is 
plotted as the decreasing curve before the turning phase and that 
of the right foot is plotted as the increasing curve after the turning 
phase. The turning process is indicated in the curve at the global 
minimum.

As FOG makes the patient unable to move for a period, the 
X trajectory of the foot joint during FOG episodes would be flat. 
Hence, these episodes have derivatives equal to or close to zero. 

This zero or near-to-zero regions are extracted as Regions of 
Interest in FOG (FOG-ROIs). The derivative of the X trajectory is 
represented as f(x) and is computed based on Equation 1.
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where g (x) shows the derivative of the X trajectory signal. The 
term f (x

i
) represents the displacement value in the x-axis at the 

current frame ‘i’ and f (x
i-1

) represent the same at the previous frame 
'i-1'. Assume 'n' denotes the total number of movement frames 
captured by Kinect sensor for a subject. 

The ROIs that might represent FOG episodes of the subject 
can be identified using Equation 2. 

( ) ( )1,  { 0  },h x g x otherwise= ≤∈  ………….. (2)	

 

 
Figure 4: a) Proposed web application framework and b) patient’s data form.



6

Madhana K, et al.

J Gerontol Geriatr Res, Vol. 13 Iss. 6 No: 761

Figure 5: Plot of the walking pattern for a) Control subject, b) Low PD subject, c) Moderate PD Subject, and d) High PD subject.
 

As shown in Figure 7, all the FOG-ROIs are extracted from the 
raw X trajectory signal. However, not all the regions are classified 
as FOG episodes as some of them are too short. Figure 8 plots the 
h(x) regions which is 1 for the area with a derivative close to zero 
and 0 for other areas. If h(x) has a group of consecutive 1's and its 
length is greater than a threshold then the region is classified as a 
real FOG region. The entire short zero derivative areas are ignored.

The classification model helps filter out FOG episodes from 
resting or standing periods from the FOG-ROIs that were extracted 
earlier. This can be performed by determining the angle between the 
ankle and foot joint and between the foot joint and the projection 
point of the ankle joint on the ground line. During a FOG episode, 

the angle will be constantly changing whereas it would be stable 
when the patient is in standing or resting mode it can be calculated 
using Equation 3.

( )
1 2

1. 2
   , , , ,

1 2
{ }

( )AG list AG AG AGn

v v
a arccos arccos AFG a a a

v v
= = …

‖ ‖‖ ‖
 

…………………….. (3)

Where v1 indicates the vector between the ankle and foot 
joint and v2 indicates the vector between the foot joint and the 
projection point of the ankle joint on the ground line. The value 
a

AG
 can be computed for each frame resulting in a list of a

AG
 as 

shown in Equation 3.

Figure 6: Plot of the x trajectory samples for a) Control subject, b) Low PD subject, c) Moderate PD subject, and d) High PD subject.
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Next, the identified FOG episodes from the preceding stage are 
evaluated to eliminate the standing mode regions. The displacement 
of the angle list AFG

list
 is utilized to ascertain the degree of 

change in angle over time for the subject under observation. The 
displacement can be determined by Equation 4. 

[ ]( 1) , 1:AFGi AGi AG iDisp a a i n−= − ∀ ∈  ……………… (4)

Where n is the number of frames. a
AGi

 and a
AG(i-1)

 represents the 
angle in ‘i’th frame and ‘(i-1)’th frame respectively.

 
Figure 7: The plot of X trajectory signal from the walking pattern (Figure 3). The regions of interest regions for a) Control subject, b) Low PD subject, c) 

Moderate PD subject, and d) High PD subject.

Step detection

When the knee angle falls below a predetermined threshold, a 
foot-off event is deemed to have occurred. After repeated trial and 
error analysis, the knee angle was determined to be 170 degrees. 
Additionally, foot contact occurs when the knee angle of the same 
foot returns to its initial value (170>180) after more than 200 
milliseconds. Due to some irregularities and noise in the Kinect 
data readings, the 200ms timing barrier was imposed to prevent 
false positive signals. 

But since this need not always be the case as shuffling of steps 
occurs in PD patients, there may not be a foot-on-foot-off event 
with the knee angle going below 170 degrees. So, the knee angle 
formula is not a viable option for calculating the steps. 

Since the path is restricted on the z-axis, we can calculate the 
step occurrence by calculating the gradient of the foot’s x trajectory 
with 5 frames as the difference. This lets us know the timestamps at 
which the patient has taken a stride, using which we can calculate 
the stride length and cadence for the Cadence based FOG 
Detection formula using Equation 5.

( ) ( ) 5

5

(  '     ) ( )), (5 : )i
i i

i i

f x f x
f f

g nx f x i−

−

−
∀ ∈

−
= =

 
………………………….. (5)

Where g(x) shows the derivative of the trajectory signal, f (x
i
) 

represents the displacement value of the current frame ‘i’ and f(x
i-5

)- 
displacement value of the 5th previous frame from ‘i’.

RESULTS AND DISCUSSION

The multi-Kinect sensors are set up and the volunteers are 
asked to perform the experiments. The proposed system generates 
the list of FOG episodes based on the gradient displacement of 
the foot trajectory. In order to reduce false positives from resting 
mode, akin to the characteristics of FOG modes, it also employs 
the gradient displacement of the angle between the ankle and 
foot joints and the ground. Furthermore, the method under 
consideration guarantees that the system provides users with an 
accurate count of FOGs.

Figure 9 shows that the FOG occurrence duration plotted along 
the timestamp and number of FOGs occurred for the subjects at 
different stages of the disease. The regions marked in red depict 
the regions where FOG occurred. Figure 9a reports for the control 
subject for whom there was no FOG occurred. Figure 9b and 9c 
report that few FOG episodes are experienced by subjects with low 
and moderate PD. Figure 9d reports that the subject with high PD 
had more FOG episodes during the experiment conducted. 

Figure 10 shows the FOG occurrence and festation regions in 
red and green plots respectively for the subjects at different stages 
of the disease. The regions marked in green depict the festation 
regions where the subjects experience shuffled steps during walking 
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Figure 9: FOG occurrence in the red plot for a) Control subject, b) Low PD subject, c) Moderate PD subject, and d) High PD subject.

experiments. Figure 10a reports for the control subject for whom 
there were some shuffled steps experienced. Figure 10b and 10c 
report that some festation gait is experienced by subjects with low 
and moderate PD. Figure 10d reports that the subject with high PD 
experiences more shuffled steps along with FOG episodes during 
the experiment conducted. 

Our proposed FOG assessment system is evaluated for healthy 
subjects simulating the PD patients at different stages of the disease. 
However, in future work, it will be evaluated with significantly 
larger number of real PD patients at disease progression.

Figure 8: The derivative g (x) plot in blue and the h(x) plot in red. The refined region of interest regions for a) Control subject, b) Low PD subject, c) 
Moderate PD subject, and d) High PD subject.
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Figure 10: FOG occurrence in the red plot and festation in the green plot for a) Control subject, b) Low PD subject, c) Moderate PD subject, and d) High 

PD subject.

CONCLUSION

In the proposed work, we have developed an edge-based real-
time motion capture system for PD Severity Assessment Scenario 
using multi-Kinect Sensors setup. It captures the gait data of PD 
patients which can process the recorded skeletal joint data of the 
subjects in a 3D space through the proposed mathematical model 
to identify the occurrence of FOG events. Based on the identified 
FOG events, the Regions of Interest (ROI) are extracted and 
refined to draw up informative visualizations and generate the 
required reports. 

The proposed system offers its services through a web 
application deployed on the intranet for easy access from any 
system connected to the internet. The web application makes 
it easy for practitioners to upload data and obtain the required 
inferences and reports. Therefore, the non-invasive sensor-based 
assessment technologies have the potential to enable precise 
evaluation of motor manifestations in PD, resulting in 1) better 
and early diagnostic accuracy, 2) more sensitive monitoring and 
3) more precise adjustments to medical therapies. Overall, the 
system is software packages that can help the practitioners identify 
FOG events that would help them provide more patient-specific 
treatment that would in turn improve their quality of life.

ACKNOWLEDGEMENT 

The authors thank every volunteer that participated in the 
study.

CONFLICT OF INTEREST 

The authors declare that there are no conflicts of interest.

REFERENCES

1.	 Weintraub D, Burn DJ. Parkinson's disease: The quintessential 
neuropsychiatric disorder. Mov Disord. 2011;26:1022-1031.

2.	 Zhang WS, Gao C, Tan YY, Chen SD. Prevalence of freezing of gait in 
Parkinson’s disease: A systematic review and meta-analysis. J Neurol. 
2021;268:4138-4150.

3.	 Bloem BR, Hausdorff JM, Visser JE, Giladi N. Falls and freezing of 
gait in Parkinson's disease: A review of two interconnected, episodic 
phenomena. Mov Disord. 2004;19:871-884.

4.	 Yilmaz NH, Saricaoğlu M, Eser HY, Düz ÖA, Polat B, Özer FF. The 
relationship between pain, and freezing of gait and falls in Parkinson’s 
disease. Noro Psikiyatr Ars. 2020;57:56-60.

5.	 Schlenstedt C, Shalash A, Muthuraman M, Falk D, Witt K, Deuschl 
G. Effect of high‐frequency subthalamic neurostimulation on gait and 
freezing of gait in Parkinson's disease: A systematic review and meta‐
analysis. Eur J Neurol. 2017;24:18-26. 

6.	 Cosentino C, Baccini M, Putzolu M, Ristori D, Avanzino L, Pelosin E. 
Effectiveness of physiotherapy on freezing of gait in parkinson's disease: 
A systematic review and meta‐analyses. Mov Disord. 2020;35:523-536.

7.	 Giladi N, Shabtai H, Simon ES, Biran S, Tal J, Korczyn AD. 
Construction of freezing of gait questionnaire for patients with 
Parkinsonism. Parkinsonism & related disorders. 2000;6:165-170.

8.	 Nieuwboer A, Rochester L, Herman T, Vandenberghe W, Emil GE, 
Thomaes T, et al. Reliability of the new freezing of gait questionnaire: 
Agreement between patients with Parkinson's disease and their carers. 
Gait Posture. 2009;30:459-463.

9.	 Kondo Y, Mizuno K, Bando K, Suzuki I, Nakamura T, Hashide S, et 
al. Measurement accuracy of freezing of gait scoring based on videos. 
Front Hum Neurosci. 2022;16:828355.

10.	 Abdullah EA, ALshamiri AS. A review on cloud computing in 
healthcare sectors. Int Res J Modern Eng Technol Sci. 2020;2:877-882. 

11.	 Al Mamun KA, Alhussein M, Sailunaz K, Islam MS. Cloud based 
framework for Parkinson’s disease diagnosis and monitoring system 
for remote healthcare applications. Future Gener Comput Syst. 
2017;66:36-47.

12.	Sadhu S, Solanki D, Constant N, Ravichandran V, Cay G, Saikia 
MJ, et al. Towards a telehealth infrastructure supported by machine 
learning on edge/fog for Parkinson's movement screening. Smart 
Health. 2022;26:100351.

https://movementdisorders.onlinelibrary.wiley.com/doi/abs/10.1002/mds.23664
https://movementdisorders.onlinelibrary.wiley.com/doi/abs/10.1002/mds.23664
https://link.springer.com/article/10.1007/s00415-021-10685-5
https://link.springer.com/article/10.1007/s00415-021-10685-5
https://movementdisorders.onlinelibrary.wiley.com/doi/abs/10.1002/mds.20115
https://movementdisorders.onlinelibrary.wiley.com/doi/abs/10.1002/mds.20115
https://movementdisorders.onlinelibrary.wiley.com/doi/abs/10.1002/mds.20115
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7024824/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7024824/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7024824/
https://onlinelibrary.wiley.com/doi/abs/10.1111/ene.13167
https://onlinelibrary.wiley.com/doi/abs/10.1111/ene.13167
https://onlinelibrary.wiley.com/doi/abs/10.1111/ene.13167
https://movementdisorders.onlinelibrary.wiley.com/doi/abs/10.1002/mds.27936
https://movementdisorders.onlinelibrary.wiley.com/doi/abs/10.1002/mds.27936
https://www.sciencedirect.com/science/article/pii/S1353802099000620
https://www.sciencedirect.com/science/article/pii/S1353802099000620
https://www.sciencedirect.com/science/article/pii/S0966636209002008
https://www.sciencedirect.com/science/article/pii/S0966636209002008
https://www.frontiersin.org/articles/10.3389/fnhum.2022.828355/full
https://www.researchgate.net/profile/Ebtisam-Abdullah-2/publication/385080659_A_REVIEW_ON_CLOUD_COMPUTING_IN_HEALTHCARE_SECTORS/links/67148d7f035917754c10494d/A-REVIEW-ON-CLOUD-COMPUTING-IN-HEALTHCARE-SECTORS.pdf
https://www.researchgate.net/profile/Ebtisam-Abdullah-2/publication/385080659_A_REVIEW_ON_CLOUD_COMPUTING_IN_HEALTHCARE_SECTORS/links/67148d7f035917754c10494d/A-REVIEW-ON-CLOUD-COMPUTING-IN-HEALTHCARE-SECTORS.pdf
https://www.sciencedirect.com/science/article/pii/S0167739X15003568
https://www.sciencedirect.com/science/article/pii/S0167739X15003568
https://www.sciencedirect.com/science/article/pii/S0167739X15003568
https://www.sciencedirect.com/science/article/pii/S235264832200085X
https://www.sciencedirect.com/science/article/pii/S235264832200085X


10

Madhana K, et al.

J Gerontol Geriatr Res, Vol. 13 Iss. 6 No: 761

13.	Yang L, Zhang L, Dong H, Alelaiwi A, El Saddik A. Evaluating and 
improving the depth accuracy of Kinect for Windows v2. IEEE Sens J. 
2015;15:4275-4285.

14.	 Chen PH, Wang RL, Liou DJ, Shaw JS. Gait disorders in Parkinson's 
disease: Assessment and management. Int J Gerontol. 2013;7:189-193.

15.	Yeung LF, Yang Z, Cheng KC, Du D, Tong RK. Effects of camera 
viewing angles on tracking kinematic gait patterns using Azure Kinect, 
Kinect v2 and Orbbec Astra Pro v2. Gait posture. 2021;87:19-26.

16.	 Soltaninejad S, Cheng I, Basu A. Kin-FOG: Automatic simulated 
Freezing of Gait (FOG) assessment system for Parkinson’s disease. 
Sensors. 2019;19:2416.

17.	 Hazra S, Pratap AA, Tripathy D, Nandy A. Novel data fusion strategy 
for human gait analysis using multiple kinect sensors. Biomed Signal 
Process Control. 2021;67:102512.

18.	 Ahmed F, Paul PP, Gavrilova ML. DTW-based kernel and rank-level 
fusion for 3D gait recognition using Kinect. Visual Comp. 2015:915-
924.

19.	 Amini A, Banitsas K, Young WR. Kinect4FOG: Monitoring and 
improving mobility in people with Parkinson’s using a novel system 
incorporating the Microsoft Kinect v2. Disabil Rehabil Assist Technol. 
2019;14:566-573.

20.	Tucker C, Han Y, Black NH, Lee WC, Lewis M, Sterling N, et al. A 
data mining methodology for predicting early stage Parkinson's disease 
using non-invasive, high-dimensional gait sensor data. IIE Trans 
Healthc Syst Eng. 2015;5:238-254.

21.	 Dranca L, de ARDML, Goñi A, Illarramendi A, Navalpotro GI, 
Delgado AM, et al. Using Kinect to classify Parkinson’s disease stages 
related to severity of gait impairment. BMC Bioinformatics. 2018;19:1-
5.

https://ieeexplore.ieee.org/abstract/document/7067384/
https://ieeexplore.ieee.org/abstract/document/7067384/
https://www.sciencedirect.com/science/article/pii/S1873959813000410
https://www.sciencedirect.com/science/article/pii/S1873959813000410
https://www.sciencedirect.com/science/article/pii/S0966636221001272
https://www.sciencedirect.com/science/article/pii/S0966636221001272
https://www.sciencedirect.com/science/article/pii/S0966636221001272
https://www.mdpi.com/1424-8220/19/10/2416
https://www.mdpi.com/1424-8220/19/10/2416
https://www.sciencedirect.com/science/article/pii/S1746809421001099
https://www.sciencedirect.com/science/article/pii/S1746809421001099
https://link.springer.com/article/10.1007/s00371-015-1092-0
https://link.springer.com/article/10.1007/s00371-015-1092-0
https://www.tandfonline.com/doi/abs/10.1080/17483107.2018.1467975
https://www.tandfonline.com/doi/abs/10.1080/17483107.2018.1467975
https://www.tandfonline.com/doi/abs/10.1080/17483107.2018.1467975
https://www.tandfonline.com/doi/abs/10.1080/19488300.2015.1095256
https://www.tandfonline.com/doi/abs/10.1080/19488300.2015.1095256
https://www.tandfonline.com/doi/abs/10.1080/19488300.2015.1095256
https://link.springer.com/article/10.1186/s12859-018-2488-4
https://link.springer.com/article/10.1186/s12859-018-2488-4

	Title
	Corresponding Author
	ABSTRACT

