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Abstract—This paper describes an experimental demonstra- ing solid and 2) the null point problem citelubecke2002. The
tion of machine learning (ML) techniques supplementing radir  most valuable tool in signal analysis is Fourier analysiian
to distinguish and detect vital signs of users in a domestic paq therefore been used in many fields, though it is limited to

environment. This work augments an intelligent location avere- . . - -
ness system previously proposed by the authors. That reser static data sequence [11]. The Fourier band describeslsigna

employed Ultra-Wide Band (UWB) radar complemented by corresponding time-invariant amplitudes and phases éwer t
supervised machine learning techniques to remotely iderfi§ whole period in which the signal was recorded. An intuitive
a persons room location via floor plan training and time stamp  resolution for dealing with time-dependency is by windogvin
correlations. Here, the remote breathing and heartbeat sigals ¢ signa| for specific time instance and calculates its iEour
are analyzed through Short Term Fourier Transformation . .
(STFT) to determine the Micro-Doppler signature of those vial transform. _Ther.1 this process repeats for gvery time stamps.
signs in different room locations. Then, Multi-Class Suppet ~ The resulting time-dependent spectrum is known as short
Vector Machine (MC-SVM) is implemented to train the system time Fourier transformation (STFT) and was first introduced
to intelligently distinguish between vital signs during difer-  py Gabor [12].
ent aci“"f['ﬁes' fgﬁigﬁﬂﬁgﬁ{ﬁf 'I(')I]i;hvevosli(pceorlmert])tealuiseLcjilttSo This work proposes and investigates a non-intrusive and
fsl:JrE[)r?eorr Lsmdergtanpd, for efample,.how active older people ae intelligent System that can measure and distinguish tre vit
by engaging in typical domestic activities. signs and location of a person in a house under test. UWB
Index Terms—Indoor Positioning System (IPS), Breathing, radar augmented by machine learning techniques provides a
Heartbeat, Ultra-Wide Band (UWB), Short Term Fourier path that a) negates the use of CCTV, thus maintains privacy,
;r\:;l&s)form (STFT), Multi-Class Support Vector Machine (MC- 1) hon-tactile vital sign measurements, thus no wires and c)
remotely identifies room usage creating a useful picture of
a person’s health during the day or night. It has the inbuilt
potential to identify changes in behavior and/or vital sign
Indoor Positioning Systems (IPSs) provide a level afith the help of approved signal processing features. This
intelligence that can be employed for in-building use witexperiment correlates the position of a person and aims to
IPS finding numerous applications in areas including secdetect vital signs during normal activities. This proposed
rity, health, assistive living, personalized healthcae B°S method could further assist elderly people get improvedl int
locates the position and movement of any objects in an indagi actual activity levels, etc.
scenario which is often difficult to characterize by norelin  The paper is organized as follows. Section 2 describes
of-sight (N-LOS) of reference objects, presence of obstgre proposed work, including the techniques and algorithms
cles, signal fluctuations or noise, environmental changesnployed for signal analysis machine learning. The exper-
etc. [1]. The proposed work identifies vital signs of persongental set up and result analysis is presented in Section

in different room locations within a domestic Setting in an. Fina”y’ section 4 draws conclusions on the presented
autonomous way. This work analyses and distinguishes th&earch.

breathing and heartrates of persons and to understand their
position in a building under test. Il. ANALYSIS AND LEARNING

In this paper Ultra-Wide Band (UWB) radar is used The proposed work is divided into two stages, signal
to detect users are different locations throughout a honmamalysis by STFT and machine learning using MC-SVM.
Recently, many of the localization techniques are bas&hw UWB signals are transmitted form a single point in
on respiratory motion [2], [3], but few works are basethe house under test and return information captured onto a
on cardiac-induced radar signatures [4]. Ultra-Wide Bardkdicated processing board. The UWB hardware module data
(UWB) radar has advantages over other existing tools duedan accommodate the multi-path interference, but direitt pa
its non-intrusive, non-tackling capabilities and its puial to interferences still occur during data collection procdssis,
penetrate through different materials or obstacles [5]lsthi gathered signals are pre-processed to eliminate direbt pat
also having very low radio frequency (RF) power levels. interference between two antennas (transmitter and egeiv

Several studies have investigated UWB-based wireleEke pre-processed signals are subsequently analyzedythrou
sensing devices to detect vital signs for health care a@pliSTFT, and later the micro-doppler signatures at different
tions [6]-[9]. Microwave Doppler radar was offered as nortime stamps are considered as the employable knowledge for
invasive vital signs approximation technique [10]. Thougltlassification using MC-SVM algorithm. These classificatio
Doppler radar methods present two difficulties: 1) in peatetr results can potentially distinguish who is in a particuzosm

I. INTRODUCTION



and identify possible activity levels by perceiving the beas I1l. EXPERIMENT & RESULT ANALYSIS

in vital signs and UWB location methods. The UWB vital sign monitoring experiment has been

carried out on the ground floor area of a semi-detached house
located in Essex, UK. The ground floor plan is shown in Fig.

STFT is a powerful, well established and widely used togl 5,4 comprises four rooms: a living room, kitchen, dining

for time frgquency analysi_s [,12]' I.n the case here, it used f8om, and a downstairs bathroom. The single UWB device
generate important and distinct time-frequency patteans f fiyaq towards the back comer of the living room (top left
respiration and heartbeat rates at different room Iocatlorle1rea in Fig. 1)

To determine vital signs in time, the window width must be
narrow, alternately the frequency resolution requiregén
time spans. The mathematical expression of STFT [13] is
shown in Eg. (1) and explained below.

A. Short Term Fourier Transform

oo

S(a, f) = Z s(t)u(a — t)e M 1)

t=—o00

Where, S(a, f) = frequency function,f = continuous
variable denoting frequency,(a — t) = shifted frequency,
s(t)u(a — t) = short time section ok(t) at time a. Here,
s(t) is the obtained vital sign signal, which is sampled
at f frequency with the duration of. Then, the shifted
frequency or window (in our case, this is a hamming window)
is convoluted with the short-term section of the signal to
observe the frequency changes within a short term.

B. Multi-Class Support Vector Machine

The UWB vital sign data produced from the indoor sce-
nario here is considered a multi-class categorization.case
Therefore the extracted features are labelled and fed into & Time Domain PulsON 410 (P410) (shown in Fig. 2) is
Crammer and Singer's MC-SVM, where a set of labelleghe UwWB hardware module employed for data acquisition,
training pattern is represented bi1,y1), ..., (z1,4:) Of which is short-range radar with 1.4 GHz of RF bandwidth.
cardinality /, wherez; € R? andy; € 1,...k, w € R* This P410 commercial radar module, embedded with in-
is the weight vector(' € R, is the regularization constant,house developed software was connected to a raspberry
and ¢ is mapping function which projects training pattermhi which stored the time stamped radar data [15]. The
into a suitable feature spack that allows for nonlinear experiment was carried out in the house described earlier
decision surfaces. Crammer and Singer [14] proposed a S\AMd compared to diary measurements made at the time to
with multi categorization ability by solving the quadraticcorrelate findings. The transceiver transmits RF from 3.1
optimization problem, GHz to 5.3 GHz, with its center frequency at 4.3 GHz,

and follows Federal Communications Commission (FCC)
l restrictions [16].
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Fig. 1. The floor plan where UWB experiment was executed

)

where,d; ;, j is the Kronecker delta, defined as 1 fo« j
and as 0 otherwise. The resultant decision function is dafine
as,

argmax.y, fm(x) = argma:vmw%go(x) 3)

Note that the constraintg > 0,7 = 1, ...,[, are implicitly
indicated in the margin constraints of (2) wherqualsy;.
In addition, (2) focuses on classification rule (3) withonya
bias terms. A non-zero bias term can be easily modelled by ‘ i
including an additional constant feature to eacH herefore,
different categories of data are classified by solving this

decision function and the results are analysed in the fatigw
section. Fig. 2. The P410 hardware module used in the experiment
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The experiment was carried out by Matlab R2016b tool in
a Intef* Core’™ i7 processor@ 3.60GHz based Windows
7 Enterprise 64 bit operating system and it has 7856 MB
NVIDIA Graphics Processing Unit (GPU).

This work build on that presented in [17], where UWB
radar signals are learned though supervised machine egrni
algorithms to remotely determine and pivotally recognize
the room position information of persons at different times
of a day. Therefore, the MC-SVM is already trained with
the time stamp and localization information required here.
This experiment investigates the use of machine learning
augmented UWB to detect and recognize the vital sign
patterns of a person in different rooms during those time
stamps. Based on this prior knowledge it is indeed found that (s
machine learning when appropriately applied assists in the OM :
distinction of vital sign patterns in different room loaats. 0 0o ' o z -
The parameters and configuration used for this experiment o004 ‘

0.1

Frequency (Hz)

are tabulated in Table I. 0.02¢
Oo 05 1 1.5 2 2.5
TABLE | %103
PARAMETER SETTING FOR THE EXPERIMENT 0.02 ‘ ‘ : ;
Radar & Lab Based Values O‘O; LMAMU | |
Radar range 10 Meters 0 0.5 1 15 2 25
Antenna mode Iy and 1R, Time (Seconds) %1073
Transmission gain 63 dB
Scan time interval 0.012 Secondg
Sampling rate 0.3063 MHz
Resolution of each scan 1440
Total no of scans 12222 Fig. 3. Moving window analysis of a breathing signal
Window type Hamming

The raw data from the four different rooms mentionednd a hamming window is used for convolution. It is clearly
were accumulated over different time stamps via the set-gpen that the frequencies repeat themselves in subsequent
described. The data is accumulated with the presence awviddows. After doing the final summation of discrete time
absence of persons where the rest of the environmentSSFT, it produces a breathing pattern that also occurs as the
assumed static. Therefore, eight distinct breathing amgthe person is sitting watching television. The same UWB data
beats are found during the data collection. The descriptigend TV sensor) is being used for location identification and

of different vital signs is included in Table II. vital sign determination. Fig. 4 shows the breathing patter
for that person in resting mode in this case.The maximum
TABLE Il peak occurs around 0.24 Hz, which signifies a breathing

DIFFERENTPATTERNS AND THEIR DESCRIPTIONS FOR THE EXPERIMENT rate for this person of 14.4 per minute.

Position Details  Vital Sign Patterns
Living room Respiration
Living room Heartbeat
Kitchen Respiration 0.25
Kitchen Heartbeat
Dinning Respiration
Dinning Heartbeat 0-2
Bathroom Respiration T:ET
Bathroom Heartbeat <015
[s]
s
Amplitude fluctuations are captured when persons or mo § 01
ing objects are in the LOS of signal propagation from th &
radar. Time frequency analysis is executed using STFT 0.05
extract human breathing and heartbeat rates. As the gene¢

rates of these vital signs are already widely known, thrieisho 0

are fixed to distinguish between them. Later these micr

doppler signatures are learned by MC-SVM, enabling vital

sign distinction between persons and knowledge of their Fig. 4. UWB breathing pattern for the person in resting mode

location information along with pivotal time informatiokig.

3, shows the example of a time frequency variation of a Fig. 5, shows the frequency analysis of a heartbeat signal

respiration signal during the moving window analysis. for the same person through moving window during the
Fig. 3 shows the windowing frequency information of &TFT. Each segment of the signal has the interval of 2.5

signal. The incoming raw data signal is divided into six parimillisecond and the frequencies occurred within the range

0 0.002 0.004 0.006 0.008 0.01 0.012
Time (Second)



of 0 to 0.1 Hz. After STFT the micro-doppler signature offable Ill, shows the classification results of differentsslas
a heartbeat signal is found for the experimented persondeascribed in Table II.
living room, and is shown in Fig. 6.

TABLE Il

CLASSIFICATION BREATHING AND HEARTBEAT SIGNALS RESULTS BY
MC-SVM FOR DIFFERENT ROOMS

0.1 : : : : Statistical Measurements 10% 20% 30%)
Correct Rate 0.9827 0.9830 0.9829
Error Rate 0.0173 0.0170 0.0171
Sensitivity 1.0000 1.0000 1.0000
Specificity 1.0000 1.0000 1.0000

Positive Predictive Value 1.0000 1.0000 1.0000
Negative Predictive Value 1.0000 1.0000 1.00p0
Time elapsed (in Seconds) 0.7605 0.7604 0.7602

01 : : x10° Table Il shows that the proposed vital sign prediction
< oost ] model provided the highest testing correction rate 0.9830
\I; OMMMMMMMMM | | (marked in bold) and lowest error rate 0.0170 in the 20%
= 0 05 1 15 2 iﬁ percent training data. Testing correction rate was ine@as
g o1 w w w w 10 from 0.9827 to 0.9830 for 10% to 20% training data. In case
I 005f ” A of 30% training data, the algorithm is being over-fitted due t
0 susbbidA ‘ ‘ the high dimensional data points, and testing accuracy tiall
0 09 ! L 2 s 0.9829 and the error rate increases to 0.0171. The objective
0.1 T T T T X

of the proposed method is to fit the model, so that it could
0.05 | 1 make valid predictions on untrained or test data. Therefore
— : ‘ the performance of the proposed algorithm at 20% training

0 0.5 1 15 2 25

008 | | | | <102 data is consider_ed as the performance of the model.
002 Other evaluation parameters are also determined to support
' ‘ ‘ ‘ ‘ the robustness of the model. In this case (20% training
% 05 1 15 2 25 and 80% testing data), sensitivity 1.0000 of the proposed
Time (Second) x107 algorithm indicates the probability of correctly identifg

the person through their vital signs. Additionally, spexti

of 1.0000 tells the probability of the system to recognize th
person accurately when there is no known person occurs.
The Positive Predictive Value (PPV) 1.0000 signifies the

Each heartbeat signal has the duration of 0.012 secoigbability that the system gives positive result about the
and the peak is found around in 1.3 Hz. It indicates tHaerson’s identity which is true. Negative Predictive Value
person has the heartbeat rate of 78 beats per minute. The FQ‘[@V)_ 1.0000 points out the pr(’)bgblllt)_/ that s_ys_tem gives
of the respiration and heartbeat of each person is verifieal bf€921ive result about the person’s identity and |t0|s true.
medical measurement mobile App. The experimental resultsThus’ the experimental results achieved 98.3% accuracy

compared and support the actual rate obtained from the Ap, distinguishing a person’s room location through thétial
signs with a small training set. This method can potentially

now be improved to recognize, whether the person is doing
14 : : : : : some activity or resting by the positive and negative classi
fication results. Also the accuracy over the attempt is made
by the system traced by their result analysis.

Fig. 5. Moving window analysis of a heartbeat signal

E IV. CONCLUSION AND FUTURE WORK

>0.8 . . . .

g Breathing and heartbeat signatures are two important vital
206 signs of a human body which are estimated in this work
[ . . . . .

Loa with the non-intrusive UWB radar and the application of

a machine learning algorithms that could alongside other
sensors such as smart plugs can potentially recognize the
person’s activity type and correlated with location infam
tion therefore, the proposed method can be used to observe
and track elderly people for example, with tailored feedbac
Fig. 6. UWB heartbeat pattern for the person in resting mode ~ and suggestions on their daily personal activity levels via
mobile devices. That can inform, empower and encourage
In the second experimental phase, these vital signs alder adults to remain active to improve their well-being,
learned through the supervised machine learning methadd provide help when they need. Further work is underway
MC-SVM. This employed to distinguish persons via théo extend this study with multiple occupants and longer
micro-doppler signature of their breathing and heartbegitne intervals. Along with this, distinguishing occupamida

0 | | | | |
0 0.002 0.004 0.006 0.008 0.01 0.012
Time (Second)



activity patterns aligned with vital sign measurementd wil
be explored in the currently tested environments to provide
real activities and effective measurement through notilé¢ac
non-tag wearing methods.
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