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Abstract: Internet of multimedia things (IoMT) driving innovative product development in health
care applications. IoMT requires delay-sensitive and higher bandwidth devices. Ultra-wideband
(UWB) technology is a promising solution to improve communication between devices, tracking
and monitoring of patients. In the future, this technology has the capability to expand the IoMT
world with new capabilities and more devices can be integrated. At the present time, some people
face different types of physiological problems because of the damage in different areas of the central
nervous system. Thus, they lose their balance coordination. One of these types of coordination
problems is named Ataxia, in which patients are unable to control their body movements. This kind
of coordination disorder needs a proper supervision system for the caretaker. Previous Ataxia
assessment methods are cumbersome and cannot handle regular monitoring and tracking of patients.
One of the most challenging tasks is to detect different walking abnormalities of Ataxia patients.
In our paper, we present a technique for monitoring and tracking of a patient with the help of UWB
technology. This method expands the real-time location systems (RTLS) in the indoor environment
by placing wearable receiving tags on the body of Ataxia patients. The location and four different
walking movement data are collected by UWB transceiver for the classification and prediction in the
two-dimensional path. For accurate classification, we use a support vector machine (SVM) algorithm
to clarify the movement variations. Our proposed examined result successfully achieved and the
accuracy is above 95%.

Keywords: UWB; IoMT; Ataxia; SVM

1. Introduction

The exponential growth of applications in the internet of multimedia things (IoMT) requires
higher bandwidth technology especially regular monitoring of patients [1,2]. Ultra-wideband (UWB)
technology is one of the solutions for higher bandwidth challenges. It also has continuous tracking
and monitoring ability [3]. In this research, UWB technology is used to monitor the Ataxia patients.
People who have Ataxia, control movement and balance are affected by their daily behavior. Ataxia
has an effect on the fingers, hands, arms, legs, body speech and eye movement. For the diagnosis,
patients need to check their movements especially walking movements is important. When they walk,
sometimes they feel confused about taking a step. As a result, they are unable to walk with proper
balance. Currently, clinically it is difficult to find out the particular problem of the Ataxia patients
and also more challenging work to monitoring the movements. The gesture imbalance in Ataxia
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people used the wearable detector to estimate their position [4]. With the help of UWB technology,
detection of human walking activity and human body tracking are possible for actual implementation.
UWB technology has greatly improved for human detection and tracking system for accuracy on
two-dimensional and three-dimensional paths. For the real-time location (RTL) and wireless sensor
networks (WSN) system, UWB technology-based sensor is mainly used as an IEEE 802.15.4-2011
standard. This sensor is a low power radio transceiver, transferring data rate is high and having high
bandwidth which is larger than 500 MHz and frequency bands from 3.5 GHz to 6.5 GHz. Recently
for safety and security, this technology is used in hospitals, healthcare, supermarket and different
industries for tracking and monitoring.

The main purpose of this paper is to monitor the walking movements of Ataxia patients using
UWSB technology-based for the indoor environment. This system helps to detect the movements by
using the UWB sensor and classified using the support vector machine (SVM) algorithm, we classify
the collected data to determine every movement. SVM is very famous for data classification and
regression analysis [5].

This paper characterizes the variations of the walking movements by using a detection method
consisting of a small wireless sensor of UWB technology. We present a system for the detection
with monitoring of the abnormal and normal walking activity by the patients suffering from Ataxia.
The rest of this paper is coordinated as follows: In Section 2, motivation behind the research work is
explained. In Section 3, related work to the proposed research, Section 4 materials and methods are
presented. In Section 5, we explain our experimental process, Section 6 gives achieved results and
related discussion and finally, Section 7 concludes this work.

2. Motivation Work

Recently, UWB technology is the most popular for locating each active element in space precisely.
For the short-range UWB radio technology is used in a very low energy level and high-bandwidth
communication. Applications of [oMT are now expanding with expeditiously. Monitoring of human
activity especially for clinical assessment of the Ataxia patients, people are using IoMT systems [6,7].
Ataxia means a lack of coordination, so it’s quite hard to monitor and find out the estimation of the
accurate positions in an indoor environment. It is a new research area for researchers. This encourages
researchers for the development of this system [8]. Many technologies and systems are used for
monitoring purposes. The major problem of Ataxia is balance disabilities which need regular monitoring
and practice physical activity [9]. So, on this point, patient monitoring is the most important for
patient’s family members and caretakers. The motivation of the study is to improve the patient’s life
suffering from Ataxia with the help of technologies like UWB.

3. Related Work

There are many tracking systems used in indoor and outdoor environments. Based on the
hardware device, a human movement detection method has become very popular. In Cerebellar Ataxia,
for motion measurement, some are used in optoelectronic motion analysis systems [10]. For monitoring
of physical activity, some use body-worn or triaxial accelerometer type devices [11]. UWB sensor is
constructed with multiple implementation solutions [12]. Detection and tracking of the human body
are already recognized by the UWB radar system [13]. With the help of this sensor without radar
technology, we can detect human activity. There are various systems are available for the detection of
the human body with the wireless sensors. They have different precision positioning systems. UWB
RTL system gives the higher precision than others [14]. In most cases for detection and localization,
radar technology was used. With dual-frequency in CW radar used for locating moving target for
indoor imaging [15], human gait recognition and detection of the localization while people walking is
also constructed by UWB radar [16,17]. All the systems are used for location detection but using the
UWB sensor, we can also find the variations of the movements. The common symptom in Cerebellar
Ataxia is postural balance. In this situation, some used wearable sensors for positioned their locations
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but UWB technology is more suitable for estimation [18]. Using RFID and harvesting sensors, it is also
perceived the body language of humans in All See prototype system [19].

With the comparison of others methods, UWB sensor have transceiver chips which are used for
RFID and RTL system application and the chip which measures 6 mm by 6 mm, use a very low energy
level to transmit low range and medium-range (about 70 to 250 feet) and short-duration transmission
(up to 6.8 Mbps) to gateway receivers. So, UWB based indoor positioning system is very famous for
accurate estimation of the location in various movements.

4. Materials and Methods

At present, for multimedia application UWB technology gives a different path to wireless
technologies compared to very common narrow-band systems, which bring a huge place of interest in
the research sector. According to the Federal Communication Commission (FCC) [20], UWB technology
bandwidth is larger than 500 MHz and center frequency fc larger than 2.5 GHz. In [21], the signal speed
is potentially 10 GHz spectrum and it has low electromagnetic radiations. In an indoor environment,
the radio power pulse is lower than —41.3 dB, which has little impact on the environment and low
radiations are not harmful to the human body. For the implementation of our method, we use a very
simple system which is based on the two-way-ranging (TWR) real-time location systems (RTLS)
method in UWB technology. The data rate of this sensor was 6.8 Mbps for short-range and 110 kbps
is for long-range. In our experiment, the data rate is 6.8 Mbps. On the other hand, UWB has low
processing energy and consumed capacity which is enabled by long-life battery-operated devices.
In our method, we use the sensors which compliant with the IEEE 802.15.4-2011 UWB standard. It has
a CMOS single-chip radio transceiver integrated circuit (IC). Using TWR in time-of-flight (TOF) it can
locate the position with 1-dimension and the detection accuracy is +10 cm with RTLS, it can detect the
location with (2D/3D) and the detection accuracy of £30 cm using TWR or time-difference-of arrival
(TDOA).

There are a number of different methods of implementation for the RTLS system using a wireless
device. This device is a simple two-way-ranging-based RTL evaluation system comprised of just three
anchors and up to eight tags. TWR is a system where radio transmissions are coordinated by the time
between two devices and connected mathematically to determine the distance or range between the
devices. With three anchors, the trilateration solver actually gives two solutions equidistant each side
of the plane of the anchors, which is assumed to be all horizontal. The anchors are all mounted at the
same height above the area of interest for the localization. This device works as a TWR scheme, to
estimate the distance between tag and anchor which is shown in Figure 1. Implementation of this
method we use a simple TWR based RTLS evaluation system. For the localization with three anchors
and one tag. We placed all the anchors at the same height. Instead of performing an individual TWR
exchange, the radio message was between the tag and the anchor. This sensor operates an optimized
message exchange. In Figure 1, when tag sends a message (poll) and received all anchors, each anchor
sends a response message in turn, after that tag completes the ranging exchange by sending a final
message and all anchors received the final message. Each device records an accurate transmission
and reception timestamp of the message. The tag sends the actual transmission time of the final
message, along with the first sending time and response time from each of the anchors. When each
anchor received the final message, they record the time stamp between transmission and reception and
calculate the time-of-flight (TOF) between the tag and itself. The remark is the part of the frame that is
assumed time-stamped at the device antenna.



Sensors 2020, 20, 931 40f 16

:J TR1{Round) o :
< » Tr2(reply) i
¢ Ll o » Tr2freply) | '
I ” |
Tr2 . ! S
| TRIRound) R : ! >
e ' | |
| | |
§ ! ! 1 z
| Res 'Res e
Tag 4——‘“" Rxx :Resp A}—R;i E P A Rx | IMEsP T lFinai-‘
£ . | gt Uhi'y [ i .'.->-'| 1
Pt e | e P | e
v P L P L, P v IR o ¥ P 5
socer L APl i fre R |l e |—vd 7 >
g !
Remark | 1MreRl)  pomound) 1L : o
| < y  TR2(Round) [ A
: Triireply) : !
| - Nl
i Tritreply) »  TR2(Round)

Figure 1. Scenario of the two-way-ranging (TWR) scheme in three anchors with five messages.

The final message communicates the tag’s Tr (Round) and T,(reply) times to the anchors and Tp
is the values of TOF which is the propagation time of the message between tag and anchors. Here,
anchor calculates the range of the tag which is given in Equation (1):

Tr1TRo— Tri'Tip

T, = . 1
P TR+ Tre+Th + T M

The position of the tag can be estimated by TOF from the anchors. For location estimation, it
needs to measure the distance between tag and anchors in RTLS. The speed of the radio waves through
the air is the same as the speed of light, then the distance of the tag and anchors is:

Distance = C X TOF. 2)

The positioning error may have occurred because of the covered area and error in clock, which is
used to represent TOA at each device. All of the features of UWB technology are used for accurate
detection and localization, especially for medical monitoring. The Ataxia disease is a hereditary and
non-hereditary disease of the cerebellum and spinal cord, where the main symptom is progressive
Ataxia. The main symptoms of Ataxia are defined by their cerebellar area damage which occurs during
irregular foot placement [22]. We monitor the human leg-coordination defects to detect cerebellar
Ataxia. In our work we can find out the combination of postural instability, walking unsteady, lacking
leg-placement. For the accuracy of location estimation, UWB can detect the motion of the patient’s foot
placements. In this paper, we can detect the abnormality of walking by monitoring on the basis of
the problem of Ataxia patients. For accuracy analysis of clinical symptoms, we divided the walking
patterns into four types. One of them is a normal walk and others are an unnatural walk. The walking
activities are given below:

e  Normal walk (NW)

e Difficulty walking in a straight line (DWSL)
e  Walking with stomping or heavy step (HS)
e Bending forward while walking (BFWW)

Given this type of problem of Ataxia traditionally described as unsteady, stumbling walking with
increased step width. Actually, it is quite difficult to detect pure Ataxia. Because Ataxia occurs form
cerebellum injury. As such injury, one of the most characteristic signs of cerebellar damage is walking
in Ataxia [23].

Based on walking, we can detect the abnormality of a walk with the comparison of a normal walk.
Detection of lacking coordination is based on the tracking number of the footsteps which is taken
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by the sensor and to record locomotion in two-dimensional space on the log file. The UWB sensor
can recognize the variations of movements with high accuracy. For the treatment of those affected
by Ataxia, they need coordination exercise [24] and fall-downs are regular symptoms in cerebellar
Ataxia [25]. In this case, when they want to walk without any object, they need help. Under these
circumstances, our system is very effective for monitoring in the medical center and home for their
safety [9].

5. Experimental Process

In this section, we describe the experimental set—up, activity performed, data collection and
SVM algorithm.

5.1. Experimental Setup

For this experiment, we set up our indoor environment into our laboratory corridor at the School
of Electronic Engineering, Xidian University. In the implementation of our proposed work, we used
UWRB wireless evaluation sensors for data collection, a desktop computer, connected with the anchor,
for data processing. For this experiment, we considered a 3D space to provide the X-axis Y-axis and
Z-axis, where the Z-axis is the height of the anchor position from the floor. In this experiment, we used
three anchors and one tag. Three anchors were placed in a corridor.

The length and width of the corridor was 8 m and 3 m respectively. The height of the anchor’s
position from the floor was 1.6 m and the measurement of X and Y from the center in an anchor Ay
to Ay were (0, 1.95) m and Ap to A; (0, 6) m, respectively. For the mounting of an anchor position,
we used hanging stands which can be seen in Figure 2 and the tag can be freely moved to various
predefined positions that were fixed on subject’s body in the lower limb portion.

Figure 2. The typical scenario for the experiment.

Following the above scenario when the subject is walking within this range the signal can easily
detect the different walking activities. All the transaction is recorded into log files between anchors and
tag. This device provided the most accurate results. The idle condition of this sensor with 3.993 GHz
radio-frequency and the data rate was 110 kbps and the highest location estimation range of the module
was 300 m.

5.2. Activity Performed

According to the Ataxia symptoms, we quantified walking activities into four types and we
recorded 2D data using UWB sensors with anchors and tags. When a subject performed in our created
scenario, all the data were collected by anchor A, which was connected with the PC as shown in
Figure 3. The subject walking within this range. We can compare all the uncoordinated balance walks
and normal balance walks, and for this test, it was measured as the forward distance traveled by the
lower limb marker while the subject walked. During the subject walking period, we observed the
moving tag on the screen and the different movements looked different from one symptom to another.



6 of 16

Sensors 2020, 20, 931
A1(0,6)
|
4 T~
7/ \
. / = \ g
@ =
< =
£ 3
& s @
\ 2
\ /
AN /
Vo -
Desktop
Data collect /.—'-
Ao(0,0) 1.95 meter A2(0,1.95)
(a)

Figure 3. Scenario of the walking task (a) the area of walking scenario; (b) the sensor used in the

experimental object’s body.

With our method, we define four types of symptoms which were preconstructed and all the
subjects walked on this pattern. For data classification, the changing position of the tag mounted on the

leg due to different footpath gives data for each type of symptoms, where higher data values indicated
increased curvature of the footpath. The typical scenario of preconstructed walking movement pattern

is shown in Figure 4.
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Figure 4. The scenario of the preconstructed walking pattern, (a) normal walk (NW), (b) difficulty
walking in a straight line (DWSL), (c¢) walking with stomping or heavy step (HS), and (d) bending
forward while walking (BFEWW).

5.3. Data Collection

On the basis of our proposed method, we monitored the detection of walking abnormality.
Our experimental task divided four parts on the basis of symptoms such as NW, DWSL, BEWW,
and HS. When the subjects performed the walking test, the anchors and tags continuously distributed
their signals. For the experiments, nine persons participated, and their ages ranged from 26 to 35 years.
They performed 10 times for each symptom and by using the UWB RTL system, we collect the data.
We captured the data for more than 60 s, but for classifying we took 60 s in each datum. Therefore, we
collected the data in total 360 (symptoms of four types, 10 performances, and nine subjects). After
all these experiments, we also capture the activities data into the log file from PC where the software
(RTLS-PC) consists of a log file. Every location was estimated by the value of X, Y and Z in the log file.
We only took the X and Y values because our experimental sensor device is a two-dimensional tracking
device and Z is the height of the anchor position from the floor which is the same for all anchors.
In Figure 5, we present the horizontal movements of the subject where the y-axis is the position of the
tag and the x-axis presents the time. In Figure 6, we present the vertical movements of the subject,
where the y-axis presents the position of the tag and the x-axis presents the time. We use our sensor
(tag) on the patient’s lower limb portion of the leg and all of the data we take is the position of the tag
in every activity.
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Figure 6. Measured vertical values for normal and abnormal movements.

According to Figures 5 and 6, we can see the divergence of all the activities. Here, all the
movements are different from each other because of their different behavior and the time of the
performance is also different. We also examined the performance time of all the movements and
their variations. With the comparison of every activity from Figures 5 and 6, it looks as though every
movement of the subject is not the same. These results are considered for the classification of normal
and abnormal movements using a machine learning algorithm.

5.4. Support Vector Machine (SVM)

For the accuracy test, the SVM algorithm was applied on the extracted data. For data separation
and for the high dimensional space, the two separate parallel hyperplanes were constructed for
maximal separating hyperplanes on each side in SVM [26]. Due to its capability and efficacy, the SVM
was very convenient for accessing a large amount of data classification [27]. The error of experimental
classification is minimizing and maximizing geometric margin it is called the maximum margin
classifier [28]. For this experiment, we use the number of the performance of data and classified the
variations of each performance using SVM. For the data training, we expected the number of data to
be (a;, b ]-), wherei =1,2,3,...... z, where z is the number of the experiments, and all the experiments
are leveled by support vectors which are separate from the highest margin hyperplanes. It depended
on training data in SVM with the help of parameter for separable parallel hyperplane construction and
is given by:

Sa+t=0, 3

where S is for the dimensional real vector and t is for a scalar. Separable hyperplane S point
perpendicular and ¢ support to expand the margin. The maximum margin particularly placed on the
SVM and the parallel hyperplanes are constructed by,
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Sa-+t==xl. )

Both hyperplanes can select for the linearly separable training data, therefore, there are no marks
to expand their distance and the distance between hyperplanes is 2/|S|. Experimental data are called
support vectors (SVs) which are included with the hyperplanes. The separable hyperplane with the
highest margin can be defined by My = 2/|5|. This margin is used to provide SVs means of training
data which is denoted by,

bi[STa;+t] =1. (5)

The optimal separating hyperplane (OCH) contain a maximum margin which is [|S?|| used to
minimize margin, denoted by
bi[STa; +1] 2 1; ©)

wherei=1,2,3....zand 4; is a training vector. After that, when the saddle points of the Lagrange’s
solved the optimization problem then there are many functions found [5,29]. The kernel function,
K(ai,a ]-) = CI>(ai)TCI>(a ]-) is established with a larger margin separable hyperplane and it performs in
high dimensional which is very famous. In SVM there are many kernel functions are used. The primary
kernel functions are linear, radial basis function (RBF) kernel and sigmoid kernel. For classification of
the walking movements in this experiment, we used sigmoid and RBF kernel function to calculate the
distance by using Equations (7) and (8) respectively:
A sigmoid kernel function:

K(ai, a]') = tanh(yaiTaj + r). (7)
A radial basis kernel function:
K(a;,a;) = exp(-ylla; = /i), y >0, ®)

where 7 and y are the kernel parameters. According to two functions, we trained our data for the
classification. In Figure 7, we present a classification outline with SVM for two classes. If we use
more than two classes, then two approaches, one-against-one and one-against-all, were used in the
experiment are defined in [30,31].

L
r

Figure 7. Typical outline of the maximum margin hyperplanes in two classes of support vector machine (SVM).
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6. Results and Discussion

In this section, we present the results of the experiment and classifying extracted data by using
the SVM algorithm. In our experiment, we used two SVM functions to classify our collected data.
We classify the vertical and horizontal data altogether (720 data). In our experiment, we performed
classification based on the different walking activities performed. We separated the dataset into testing
and training proportion and each proportion behaves as a section which is shown below:

Considering Table 1 for all the activities, we used SVM to classify the data to find the abnormality
of the walk.

Table 1. Separate the data set in different proportions.

Proportion Section

60% of training and 40% testing
70% of training and 30% testing
80% of training and 20% testing
90% of training and 10% testing

JgN @ >

6.1. Experimental Result

This section explains the experimental result of the trained data by using SVM. We use RBFs
and sigmoid function as kernel functions of SVM in the time of classification. The data classification
result presented a confusion matrix that shows the accuracy result of a different activity. The confusion
matrix of every group for both the SVM algorithm presented in Figures 8 and 9. The confusion matrix
of the sigmoid kernel function is given below:

BFWW 7 25 BFWW 20
3 ]
8 2
° 20 =
g 15
2 S
- =
DWSL 0 15 DWSL
10
10
NW 0 5 NW s
0 T T [
& o & S & & >
W S & &
& N & S
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10
20.0 HS 1 0 o
HS
17.5
8
15.0
— _ BRWW 4 i o
3 125 3
3 £ °
o
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7.5
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2
L 2.5 NW 0 0 0 5
0.0 - 0
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Figure 8. The result of the confusion matrix of four activity using SVM-sigmoid kernel function (a) 60%
training and 40% testing; (b) 70% training and 30% testing; (c) 80% training and 20% testing and (d) 90%
testing and 10% training.
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Figure 9. The result of the confusion matrix of four activity using SVM-radial basis function (RBF)
kernel function (a) 60% training and 40% testing; (b) 70% training and 30% testing; (c) 80% training and
20% testing and (d) 90% testing and 10% training.

According to Figure 8, we make a predictable Table 2 for showing the result of each activity in
every section which is given below:

Table 2. The predicted level of four symptoms with true level, training and testing data set in every
section in SVM-sigmoid kernel function.

Predicted Level in Sigmoid Function Result of 60% Training

Symptom True Level and 40% Testing Data (Section A)

HS BFWW DWSL NW
Heavy step (HS) 29 5 2 0
Bending forward while walking (BFWW) 7 27 5 1
Difficulty walking in straight line (DWSL) 0 0 40 0
Normal walk (NW) 0 0 0 28

Result of 70% Training and 30% Testing Data (Section B)

HS BFWW DWSL NW
Heavy step (HS) 19 8 0 0
Bending forward while walking (BFWW) 9 21 0 0
Difficulty walking in straight line (DWSL) 0 0 32 0

Normal walk (NW) 0 0 0 19
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Table 2. Cont.

Result of 80% Training and 20% Testing Data (Section C)

HS BFWW DWSL NW
Heavy step (HS) 14 6 0 0
Bending forward while walking (BFWW) 5 14 0 0
Difficulty walking in straight line (DWSL) 0 0 22 0
Normal walk (NW) 0 0 0 11

Result of 90% Training and 10% Testing Data (Section D)

HS BFWW DWSL NwW
Heavy step (HS) 11 1 0 0
Bending forward while walking (BFWW) 4 6 1 0
Difficulty walking in straight line (DWSL) 0 0 8 0
Normal walk (NW) 0 0 0 5

Here on the basis of this table, it is showed that every monitoring activity is different from each
other. Only in section (A), the performing result of BEWW is different from other sections and DWSL
is different in every section and other activities result in approximately the same.

The confusion matrix helps us to understand how the accuracy result came out and which class
miss predict with which class. The confusion matrix of the radial basis kernel function is given below.

For the clear concept of the result of the RBF kernel function we also use a predictable Table 3 to
show every section data training and testing results.

According to Table 3, we also see the differentiation of each activity. From all the information in
the above table we can see the accuracy result of training and testing data set, which has very good
accuracy. The different values of this function are only for a normal walk and the results of other
activities in every section are the same.

Compared with the sigmoid kernel function when we use the RBF kernel function for all the
unnatural and normal walk, the percentage of data accuracy increased rapidly. This was an increase in
testing samples, the highest accuracy achieved using the RBF kernel function while all the misstep
data reduced.

Table 3. The predicted level of four symptoms with true level, training and testing data set in every
section in SVM-RBF kernel function.

Result of 60% Training and 40% Testing Data (Section A)

True Level

HS BFWW DWSL NW
Heavy step (HS) 31 3 0 2
Bending forward while walking (BFWW) 0 38 2 0
Difficulty walking in straight line (DWSL) 0 0 40 0
Normal walk (NW) 0 0 0 28

Result of 70% Training and 30% Testing Data (Section B)

HS BFWW DWSL NW
Heavy step (HS) 25 0 0 2
Bending forward while walking (BFWW) 0 30 0 0
Difficulty walking in straight line (DWSL) 0 0 32 0

Normal walk (NW) 0 0 0 19




Sensors 2020, 20, 931 13 of 16

Table 3. Cont.

Result of 80% Training and 20% Testing Data (Section C)

HS BFWW DWSL NW
Heavy step (HS) 18 0 0 2
Bending forward while walking (BFWW) 0 19 0 0
Difficulty walking in straight line (DWSL) 0 0 22 0
Normal walk (NW) 0 0 0 11

Result of 90% Training and 10% Testing Data (Section D)

HS BFWW DWSL NwW
Heavy step (HS) 10 0 0 2
Bending forward while walking (BFWW) 0 11 0 0
Difficulty walking in straight line (DWSL) 0 0 8 0
Normal walk (NW) 0 0 0 5

6.2. Discussion

After all these classification results, we discuss the accuracy of the results of all the data. UWB
sensor is observed in a particular signal for these activities that are clearly distinguishable. The SVM
train function is used to classify the activities and representing the abnormality walk. In SVM the two
kernel functions sigmoid kernel and RBF were used. Analyzing the results by using sigmoid kernel
function the data accuracy rate is 86.11%, 84.26%, 84.72%, and 83.34% respectively for HS, BEWW,
DWSL, and NW walk.

In Table 4, we see the result of all the performances in every section with two SVM kernel functions.
So comparatively using the RBF kernel function in SVM, the result is higher than the sigmoid function.
Simultaneously, the accuracy rate of the data is 95.14%, 98.15%, 97.22% and 94.44% for the four types
of walk. So, after observation of this confusion matrix of all data using a two-kernel functions for the
following four groups, we can determine that all levels are different from each other, and the similarity
rate between all levels is low and also depends on the activity performed.

Table 4. Results of the data accuracy in the Sigmoid kernel and RBF kernel function in SVM.

. . Sigmoid SVM RBF SVM Classification
Activity 4 Posture of Walk Classification Accuracy (%) Accuracy (%)

A Walking with heavy step (HS) 86.11% 95.14%
Bending forward while walking o o

B (BEWW) 84.26% 98.15%
Difficulty walking in a straight o o

C line (DWSL) 84.72% 97.22%

D Normal walk (NW) 83.34% 94.44%

On the other hand, we make a predicted level with the value of positive and negative rates at
every performance. We conduct accuracy, true positive rate (TPR present in Rp and Ry) false-negative
rate (FNR present in Ly and L), and precision, recall and D-measure performance metrics. All the
performance data we calculated by:

Accuracy = Rp + Ry
y= Rp+Lp+Ry+Ln

©)

Rp

_ 10
Rp+Lp (10)

Precision =
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Rp
Recall = ———— 11
Rp+Ln ()
2 % Precisi
D — measure — * Precision = Recall. (12)

Precison + Recall

All the information related to true positive and false negative values is given in Table 5.

Table 5. Results of the true positive and false negative rate using SVM.

Sigmoid SVM RBF SVM
True Positive  False-Negative  True Positive  False-Negative
4 Posture of Walk Rate (%) Rate (%) Rate (%) Rate (%)

Walking with heavy step (HS) 67 33 97 3
Bending forward while walking

(BEWW) 90 10 93 7
Difficult waking in a straight line

(DWSL) 100 0 100 0

Normal walk (NW) 100 0 100 0

According to the above discussion, the performing result of the sigmoid kernel function is lower
than the RBF kernel function for all the data. SVM using RBF gives a better accuracy rate. So, this result
showed very good accuracy in an indoor environment with estimating an accurate shape that provides
a baseline for measurements. At present time, there are several sensor devices that are produced to use
in IoMT but we focused on UWB technology because of its accuracy and higher bandwidth.

This paper focused on an indoor environment positioning system for a single person in a specific
direction and the result is authenticity. In the near future, this system can be done for the monitoring of
multiple persons and outdoor positioning systems. This system can be exploited in several healthcare
applications with charms of UWB technology higher bandwidth and reliability features [32-34].

7. Conclusions

The IoMT can be used in medical applications that can connect to healthcare information
technology systems using networking technologies. By using this system, patients are connected
to their physicians and allowing the transfer of medical data over a secure network. The internet
estimates the accurate position; it is necessary to have location-based information in order to give
a significant health condition information. In our paper, we present a method for monitoring of the
Ataxia patients by tracking movements in an indoor environment. We used UWB technology for
detection of the walking variations on the basis of walking disabilities in Ataxia patients which will
be very harmful if it is not monitored regularly. The proposed method has been implemented by
the detection of the particular variations of the walking movements with time. The accuracy of the
results showed that our method is very useful for the tracking system. The results achieved by using
SVM algorithms for normal and abnormal walking is above 95%. Comparatively, with high accuracy
and good performance, this method provides a system for monitoring that can be very helpful in
IoMT applications.
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