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Abstract

Respiratory rate is an extremely important but poorly monitored vital sign for medical conditions.
Current modalities for respiratory monitoring are suboptimal. This paper presents a proof of
concept of a new algorithm using a contactless ultra-wideband (UWB) impulse radar-based
sensor to detect respiratory rate in both a laboratory setting and in a two-subject case study in

the Emergency Department. This novel approach has shown correlation with manual respiratory
rate in the laboratory setting and shows promise in Emergency Department subjects. In order

to improve respiratory rate monitoring, the UWB technology is also able to localize subject
movement throughout the room. This technology has potential for utilization both in and out of
the hospital environments to improve monitoring and to prevent morbidity and mortality from a
variety of medical conditions associated with changes in respiratory rate.

charlotte.goldfine@umassmemorial.org, farhanoshim@cs.umass.edu.
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1. Introduction

Respiratory rate (RR) is a critical vital sign that is used to assess all hospitalized patients.
Respiratory rate abnormalities are among the first indicators of severe pathology, including
sepsis, metabolic acidosis, respiratory distress, and drug overdoses. [1] Patients with high
respiratory rates have been found to have increased morbidity and one study even found high
respiratory rates to correlate with risk for in-hospital cardiac arrest. [2] Despite this critical
importance, respiratory rate is inconsistently and inaccurately documented in hospitalized
patients, earning recognition as the “neglected vital sign.” [3]

The most common current techniques for respiratory rate measurement include manual
respiratory rate counting and transthoracic impedance plethysmography (which measures
chest wall movement through cardiac telemetry electrodes); both techniques are suboptimal.
Manual counting is time consuming and cannot practically be done in a continuous

fashion, making detection of subtle changes difficult. [4,5] Transthoracic impedance
plethysmography is susceptible to erroneous measurements, as patient movements can

lead to significant interference. [6,7] Improving accuracy of respiratory monitoring will
increase early detection of significant changes in clinical status, such as bradypnea in opioid
overdose, and prevent adverse outcomes.

To enable a more simplified and accurate method of respiratory rate monitoring in the
clinical setting, we propose the use of a contactless sensor system using an Ultra-Wideband
(UWB) radio transceiver capable of detecting subtle movements in subjects (e.g. as chest
wall rise). The overarching goal is to improve respiratory rate monitoring in order to prevent
morbidity and mortality both in and out of the hospital setting. As an initial step, we present
a proof of concept manuscript to explore the contactless sensor system’s capability to detect
respiratory rates in subjects in both controlled laboratory and real-world clinical settings
compared to current gold standards.

2. Methods

Respiratory rate monitoring in any indoor setting needs two major processes, namely
localization and RR estimation in that localized area. At first, the localization algorithm
tracks the subject in an indoor space and then the RR estimation algorithm focuses

around the tracked position where the subject has settled down. Localization in the

clinical environment such as the Emergency Department (ED) is important because in the
emergency room we can track other individuals’ (doctors, technicians, nurses, visitors etc.)
location in order to choose the appropriate radar(s) in the case of blockage of any particular
radar from measuring target subjects respiratory rate.

2.1. General Study Protocol

The study took place in two phases: The first phase was in a controlled setting (laboratory),
and the second was in a clinical environment (ED).
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2.2. Hardware

In our study, UWB Impulse Radar was used for non-contact and continuous monitoring
of patient's macromovement (large motion and limb-level motions) as well as micro-
movements (chest wall motion that correlates with respiration).

For the data collection described here, we used the commercially available UWB radar

units PulsON® 440 (P440) Monostatic Radar Module (MRM) as shown in Figure 1(a).
Each sensor has an UWB transmitter and an UWB receiver. The transmitter and receiver
operating band is generally, 3.1 to 4.8 GHz with a center frequency of 4.3 GHz. We built

an ultra-wide band radar array with 3 monostatic radars placed on 3 walls of the room. The
three radars use sperate code channels to avoid interference among each other. The UWB
radar repetitively transmits short duration electromagnetic impulses having extremely low
power and a very large bandwidth. These impulses incident upon both stationary and moving
objects and the reflected pulses travel back to the receiver of the UWB radar. The reflected
pulses go through some signal processing steps in order to remove clutter (reflections from
static objects such as furniture, walls etc.) and focus on the target’s motion based on the
round-trip propagation delay of the pulses called time-of-flight (ToF). The signal processing
steps for clutter removal include band-pass filtering of the raw data and envelope detection
of the motion filtered data. The target’s range/distance can be easily calculated from the ToF
by multiplying it with the speed of light (electromagnetic wave).

Each radar unit consists of two omni directional antennas one for transmitting the radar
pulses and the other for receiving the reflections. As only the returns arriving from inside the
room are useful, we want to block the returns from behind the antenna by using an absorber
material. For this purpose, we use absorber material of dimension 8.5” x 4.5” x 1.13” which
provides attenuation of —20dB for a frequency range of 2.5GHz to 40GHz. The radar box
comprises one PulseON 440 UWB radar unit, one piece of absorber material placed 1”
behind the antennas, one Raspberry Pi unit and one hard disk drive to store the data locally.
All these components are accommodated in a 3-D printed T shaped box as shown in Figure
1(b-d). The Raspberry Pi is connected with the radar module and the storage device. The
Raspberry Pi works as a single board computer which runs a C program to initiate the radar
data collection and stores them in the hard drive every minute. The program starts at the boot
as soon as the device is connected to power supply which makes the radar box easy to use as
it requires no prior technical knowledge.

2.3. Laboratory Protocol

The laboratory protocol consisted of two experiments. The first one aimed at localization

of the subject while moving in different predefined paths. The predefined paths involve
walking in patterns such as the letter ‘U’ or the number ‘4’ etc. The second experiment was
performed to validate the breathing rate estimation. We used standard metronome for the
sake of obtaining ground truth breathing rate. The bed position, the room dimension, and
the position of the radars was kept constant for all the experiments. The subjects were asked
to synchronize their breathing with the sound of the metronome while lying on the bed.
Each subject underwent three specific rhythm of breathing phases: 10 breaths per minute,
15 breaths per minute, and 20 breaths per minute. During each rhythm of breathing phase,
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the radars captured the corresponding chest and abdominal movement of the subject. In

our algorithm we leverage the prior knowledge of the subjects’ position which is the bed
position. It is essential for our current algorithm that the subject be stationary during the
breathing rate detection period. The coarse position of the subject while lying stationary, i.e.
the approximate position of the bed, is also important for us to better estimate the breathing
rate. The orientation of the bed provides the prior information and helps choose one radar or
a subset of radars to focus in the right regions in order to get the breathing signal.

2.4. Natural Environment Testing

After optimization in the laboratory setting, the device was tested on subjects in a natural
clinical environment (ED room during routine clinical care).

The study site was an urban, tertiary care medical center and level one trauma center. The
ED treats approximately 135,000 patients per year and provides care to a significant volume
of high-acuity patients. We included patients in the ED who were greater than or equal to
18 years old, were monitored by cardiac telemetry for respiratory rate, and were able to
provide informed consent. Patients were excluded from participation if they were pregnant
or currently under police custody.

Once the subject provided informed consent, basic demographic and relevant clinical
information (age, sex, race, ethnicity, body mass index, medical history, current and
administered medications, chief complaint, and diagnosis) was recorded. Measurements
were taken of the room and radar placement. General descriptions were recorded of the
patient’s clothing, equipment in the room, furniture, and number and location of people in
the room (Figure 2).

Three radar modules were placed in the room with the subject for two hours, during which
time respiratory rates were collected from telemetry monitors and by manual counting at
15-minute intervals. Since movement of the subject is known to interfere with accurate
respiratory monitoring, the study also monitored and quantified subject movement through
a commercially available, wrist worn sensor, which captures accelerometer data (E4,
Empatica, Milan, Italy). The E4 was placed on the subjects’ nondominant wrist at the
beginning of the 2-hour time frame. Movement of other individuals into and out of the room
as well as any significant events were recorded during the observation period.

2.5. Localization Method

2.5.1. UWB Signal Modeling—A received signal at the UWB receiver during any A’
scan can be expressed as the following equation,

L
Pty =) i S(E = Ty 1) + 0(1) &)

n=1

Here, s(9) is the transmitted pulse, a, 4 and ;. represent the amplitude and the propagation
delay respectively of the 77 path and &’ scan number. (4 denotes the additive noise from
the channel.
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As mentioned earlier the received signal contains reflections from both the target and the
clutter, the received signals can be modeled as following discretization,

r[n] = riln] + r[n] + win] (@)

where, received signal /] is comprised of reflections from the target r{ ] and reflections
from the static clutter r{n]. These clutter signals have to be removed before performing any
localization techniques.

2.5.2. Clutter Removal—There are several techniques available for clutter removal

in the literature including exponential averaging [8], Singular Value Decomposition [9]

[10], Principle Component Analysis [11], and Independent Component Analysis [11].

Some of which are computationally heavy. We apply a simple clutter rejection technique
which comprises background subtraction, band pass filtering, motion filtering and envelope
detection. Background subtraction is performed by first averaging over the first few scans
(e.g. first 100 scans) where there are no targets present in the room. Then the mean is
subtracted from every future scan to reject the clutter. Even with this background subtraction
there may still be some dynamic clutter (e.g a door opening or closing, a fan moving,
vibration from the air conditioning unit). These unwanted signals are further filtered with a
3" order Infinite Impulse Response (11R) band pass filter. After that the band pass signal is
further motion filtered with a four tap FIR filter. The filter coefficients and the filtered signal
equation are provided as follows:

c=[1 =06 —03 —0.1] )

yln] = c[1]rg[n] + c2]rg[n — 1] + c[3]ry[n — 2]

+ c[31rln — 3] “)

After band pass and motion filtering the scan envelope is detected by creating in phase
and quadrature components by multiplying each scan by a low frequency cosine and sine
respectively. The In phase and quadrature components are than low pass filtered with a 6t
order IIR filter. The envelope is then calculated by taking the square root of the sum of
squares of in phase and quadrature components.

2.5.3. Thresholding—After the envelope detection of the motion filtered signal one can
observe the presence and movement of human body in the waterfall curve. By plotting a

3D plot of the envelope detected signal we can decide a threshold value for tracking the
moving individual over time. This threshold can be different for different radars depending
on farthest location of the subject from the radar location. We used an optimal empirical
value after some trial and error which is best suited for our given room dimension. In a
given time instant, the range bins at which the signal strength is greater than the threshold
determines the radial distance of the individual from the corresponding radar. UWB impulse
radar (IR) can only provide range information based on ToF of the received pulses. For this
reason, localization in a 2D plane via UWB-IR requires more than one radar.
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2.5.4. Time Synchronization—In order to localize and track a moving person, we
need to synchronize consecutive observations of the target individual with their location.
Therefore, time synchronization of all three radars’ observations is crucial. Using the
provided Unix timestamps from each radar we synchronized the envelope detected signals
from all the three radars before applying any localization techniques.

2.5.5. Trilateration—Trilateration technique [12] uses only the distance measurements
to localize the target. After getting the synchronized consecutive observations of the three
radars, the target range bins are obtained through thresholding. Now one can draw circles
using this range as radius and the corresponding radar position as the center. The intersection
of these circles will provide the estimated location of the target in a 2D plane. However, it

is expected to have multiple circles drawn for one radar for a particular time instant due to
multiple range bins (human target cannot be considered as a single point). This also depends
on the window size and window shift taken for analysis. Larger window size results in more
radar detections. In our localization experiments the window size is taken 0.25 seconds with
a window shift of half of the window size. Therefore, there would be multiple intersection
points for a single target. A geometric interpolation is used to estimate target position using
a properly created cluster of circle intersections. The geometric centroid of the cluster is then
the estimated location of the target individual.

2.5.6. Shadow/ Mirror Location Fallacy—In case of localization using only two
radars in adjacent walls, shadow/mirror points might appear because two circles intersect
twice in two different locations. This mirror point does not appear in cases of three radars.
The mirror location can easily be avoided by incorporating the room measurements (the
intersection falling outside of the room dimension should be discarded). If two intersections
are still available (which might occur in case of short radii) then the intersection closest to
the previous observed location should be selected, discarding the other one.

2.5.7. Kalman Filtering—For improving the localization and tracking estimation we
used the Kalman filter [13]. It is an iterative approach used to predict the future state of
linear dynamic system given the current observation and the previous state. In our case we
use localization and tracking of an individual in an indoor space using Kalman filtering

in 2-D. The trilateration followed by clustering and geometric centroid estimation works
as an input to the Kalman filter. As the ED room is quite small compared to other indoor
scenarios, we use a constant velocity linear model as opposed to non-linear models like
Extended Kalman Filter [14] or Unscented Kalman Filer [15]. Below we set up a linear
system defined by the kinematics equation of the target individuals’ motion,

For a 2-dimensional estimation, we have 2 sets of kinematics equations one for each
dimension at any given iteration:

)
x,+1=x,+uxl+§a,t )
Uxp 1 = U+l (6)
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Vi1 =Yty +5al M

Uy, L | = Uy, + ast (8)

Here, xand y denote the position or state, v denote velocity and a is the acceleration. Now
combining the 2 sets of equations eg. (5 - 8) into matrix following format eg. (9) for the state

update,
State update: X, | = AX, + Ba, + E, ©)
[ 41 Xt
Ye+1 Yt
Or,| =~ |=A| |+Ba+E, (10)
Xt +1 Xt
Vi +1 Vi

The matrix A, Band Eyare defined in the following way to match with the original
kinematics equations in 2-D.

10T O
010T
A = state transition matrix =
0010
0001
i
2
) |2
B = system input matrix = =
T
T
™,
2 2
o Ty I
4 2
Ey = input noise covariance matrix =
Ty 12
2
3
T 2
0 5 0 T
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Next, we define the measurement update by the following eq. (11):

Measurement update: Z, ; | = CX, + E, (11)
6)% 0
E; = measurement error covariance matrix =
0 o2
y

1000
“lo1o00

] as measure the position in the 2 dimensions not the velocity.

Now the predicted covariance matrix is defined by

Then the Kalman gain is denoted by the following expression,

Kiy1= Et+1CT(C21+1CT'|‘Ez)_1 (13)

Finally, we update our state estimation and the error covariance for the next iteration.
Update state estimation,

Xep1=X 1+ Ky 1(Zi g1 - CXp 4 ) (14)

Update error covariance,

Zir1=U-K 41041 (15)

This is a constant velocity model which avoids modeling for the acceleration. However, the
localization estimation can further be further smoothed using a Rauch—-Tung-Striebel (RTS)
smoother [16] which is a fixed interval filter and uses Kalman filtered data as a forward pass
over the interval.

Respiratory Rate Estimation Method:

In the laboratory setting we employed two methods to estimate respiratory rate from the
sensor data. The first technique involves taking the Fast Fourier Transform (FFT) of the
slow time samples of the radar signal in the traversed range bins of interest (the range

bins associated to the position of bed with respect to radar). Before performing FFT we
must transform the 2-D radar scans resulted from multiple focused range bins over the time
window of interest into a 1-D time series. This transformation is crucial as we want to
preserve the breathing information as well as also reduce the dimension of the data. For this
purpose, we use taking the maximum of each scan over all the focused range bins. Thus, we
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get a single value for each scan and a time series over a defined window size. This method
happens to preserve the breathing information.

A windowing of 30 seconds with a window-shift of 3 seconds is maintained to ensure
correct breathing estimation in any given time of the observation. The sensor raw data is
filtered with a band pass butter-worth filter having a lower cutoff frequency of 6 breaths per
minute and a higher cut off frequency of 30 breaths per minute. The filtering helps get rid of
the dc components and the high frequency clutters present in the RR signal.

The ED room scenario is more convoluted due to the fast nature of emergency events and the
abrupt manner of the response and recovery. The subject is not always alone in the room and
not necessarily stationary. At any given time, the subject might be accompanied by the ED
doctor, nurse, technician or visitor, creating noisier signals. In an event of entry or exit of a
second individual, there is a possibility that the second person is blocking one of the radars,
which may cause false estimation of the respiration rate. Our localization algorithm comes
into play in such a scenario. According to the estimated location of the second individual,
the RR estimation algorithm can remove the blocked radar for calculating the breathing rate.

2.6.1. Radar Fusion: In a multi-person scenario, movement of individuals other than
the target present in the room interferes with the signal significantly. In both single and
multi-person scenarios, the movement of the target also disturbs the respiratory signal
captured at the radar. Due to the movements of the target as well as the other individual,

the signal gets distorted and the radar returns are not pure breathing signals. In order to

fuse all the radars’ captured signal for a better estimation of RR we employ Independent
Component Analysis [17]. For any given window, all the radar returns (the 1D time series)
are fed into the ICA algorithm to get 3 independent and possibly pure components. One of
the components is supposed to be the true respiration signal. Now taking the FFT of all the 3
components gives us information about which component to choose. Again, we apply a band
pass filtering to each component with the cut off frequencies in the normal human breathing
range i.e. 6 breaths per minute to 30 breaths per minute. The component with the strongest
FFT peak will be the best candidate for the respiration signal. The results section describes
more about the effect of ICA and subsequent FFT on the individual radars.

3. Results

3.1. Localization Results from Lab data:

In the laboratory setting we have a 4m x 4m room where the subject walks in a designated
path. In Fig. 3(a) the subject took a U shape without returning to the original position and

in Fig. 3(b) the subject takes a ‘4’ shape path and returns to the starting position. The green
line shows the true path and the red dots correspond to the observed location from radar
using trilateration method. The blue path in both the figures shows the Kalman filtered and
smoothed locations of the individual. It is interesting to observe that the Kalman filtering
and smoothing is robust to outliers (some of the red dots which are way of the original path).
These localization results give us confidence about localizing in a clinical environment.
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3.2. Localization Results from ED Room data:

In the ED room we also successfully localized the entry and exit event of the second
individual at the time instants which matched with the ground truth time. One of the events
is illustrated in Fig. 4 where an ED doctor entered the ED room and left after some time.
The ED room dimension for this case was 4.92m x 3.15m. The radar positions, stretcher
position and the door location are drawn to scale. Fig. 4(a) shows an entry event whereas
Fig. 4(b) illustrates an exit event. The red line indicates the ED doctor’s location estimated
by the trilateration method and the blue line shows the location estimated by Kalman
filtering.

3.3. Respiratory Rate Estimation from Laboratory Data

In the second phase of laboratory protocol we had a bed in the middle of the 4m x
4mroom. The subject lay down on the bed on his back replicating an emergency room
scenario. In the laboratory setting the signal is pure as the subject is mostly stationary

and there are no second individuals in the picture. The purpose was to ensure our device
and algorithm can pick up the RR signal in a pure setting. Four subjects participated in
the laboratory respiratory rate estimation. A sample breathing signal captured by the radar
and corresponding FFT are shown in Fig. 5. The result shown in this figure corresponds
to the subject breathing in a rhythm of 15 breaths per minute in synchronization with the
metronome count. The top figure illustrates the raw breathing signal in blue and the filtered
signal is shown in red. The bottom figure shows the spectrum of the signal with a peak
around 15 breaths per minute.

We performed both FFT and Zero crossing for all four subjects and for all breathing rates
and the corresponding results are shown in Fig 6. From the figure it can be observed that the
FFT has a better match with the ground truth than the zero-crossing algorithm.

3.4. Respiratory Rate Estimation ED Room Data:

The independent component analysis takes the raw radar returns from all the three radars
shown in the left column of Fig. 7 as input and outputs three independent components

as illustrated in the middle column. A filtered version of the independent components is
observed in the right most column. We observed that the ICA algorithm extracts a better
breathing signal shown as the second independent out of noisy radar reflections. Now for the
RR estimation only one independent component was chosen which results in the strongest
FFT peak that contains more breathing information compared to the other two.

We compared the RR estimation results with the standard manual RR counting and the
telemetry RR monitoring for the ED room sessions. Two subjects were enrolled. A sample
of the results for ED subject 2 are reported in Fig. 8. The ground truth data (manual

and telemetry monitor) were collected at 15-minute intervals. Therefore, we report out RR
estimation matching the same time instants. However, we took the RR estimation for three
consecutive minutes around each ground truth measurement to maintain the 30 second
window size and 3 second window shift and report the average RR over all the windows.
This mechanism helped us to generate a smoothened estimation for respiratory rates.
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The results for ED subject 2 shown in Fig. 8 are promising. The estimated rates follow the
increasing trend like the manually counted RR and the RR from telemetry monitor in the
early measurements. However, there is a large discrepancy observed in the manual RR and
the monitor RR in the 3" measurement at 30 minute, the estimated RR exhibit values close
to the manual counting. The estimation also matches the decreasing trend in the middle and
replicates the RR at the later measurements with a maximum error of 2 breaths per minute.

As the standard measurement procedures like manually counted RR and the telemetry
monitored RR differ in values, we can conclude that our estimation algorithm does a fair job
calculating the respiration rate as well as capturing the trend of RR variations over time.

4. Discussion

Overall, the contactless monitor has shown good correlation with respiratory rate in the
laboratory setting and in multiple different subject positions, showing promise for the natural
environment setting. The initial cases in the ED had good correlation with the ground

truth, showing that the algorithm can work in a natural environment. This technology has
potential applications in many clinical scenarios, such as monitoring high risk opioid users
for overdose, people who suffer from pulmonary disease or sleep apnea, and infants at risk
for apnea. The contactless monitor also has shown other unique findings, such as the ability
to localize a subject’s movements throughout a room, which could be useful in its own
regard.

There are several factors that may challenge our accuracy and will have to be monitored

and accounted for. Motion artifact is known to affect respiratory rate monitoring. Further
analysis will be aimed at evaluating the effect of motion by comparing accelerometry

data from a simultaneously worn wrist sensor. Another possible challenge is observer
interference. The observer stands very close to the patient in order to get the best manual
respiratory rate, which could cause the radar to pick up on the observer respiratory rate given
the close proximity of location. Narrowing the focus of the radar location being used to
detect respiratory rate may help decrease the observer interference.

The ultrawide band monitor is not the first technology to be used for contactless vital

sign monitoring. A recent study used sonar technology through a smart phone to identify
respiratory depression and apnea in people who had overdosed. [18] While ultrasound
technology was able to detect changes in respiratory rate, there are some limitations that
can be overcome using the UWB technology. The main difference is that ultrasonic audio
cannot penetrate through many objects, therefore, the monitor will need to have a reasonably
direct line of sight of the target subject. The UWB technology uses electromagnetic wave

in the microwave range. It can easily penetrate objects like clothes, wood, even walls
(although wall might attenuate it significantly), therefore this technology should perform
well in diverse living environments, with different sensor placements and subject locations,
in multi-person settings and lastly with different postures, making it more applicable for use
in a broad range of scenarios.
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Other studies have utilized contactless radar monitors to detect respiratory rate in a

sleep study lab. [19] They were performed with a small sample size and encountered
similar difficulties that are known to exist with radar modules, which included movement
and background noise interference that made the determination of contactless vital signs
difficult. For this reason, the studies were performed on subjects that were stationary and in
a direct line of site of the monitor. The ability of the UWB algorithm to localize the subject
and be used with the patient in multiple positions and locations and in multiple-person
scenarios will enable more practical use.

The UWB Respiratory Module could represent a noninvasive, simple, and accurate method
to facilitate detection of subtle changes in clinical status. To move toward this goal, there
are several future studies that will need to be performed. The first is to validate the device
algorithm against telemetry respiratory rate monitoring and standard manual respiratory rate
counting. Once validated, additional studies will be aimed at detecting changes in respiratory
rates associated with therapeutic and adverse medication events. These studies will focus

on patients at-risk for medication overdose, such as those with opioid use who are being
monitored following an overdose or patients who are prescribed high-dose opioids for pain
control. The ultimate goal is to deploy the device both inside and outside of hospital settings
to help signal clinically concerning respiratory rate changes, such as bradypnea and periodic
apnea, during opioid use.

4.1. Strengths and Limitations

As new technologies are being developed, it is important for them to be useful in

real-life scenarios. The study is being performed in the ED, an extremely busy, chaotic
environment, with severely ill patients requiring immediate interventions, diagnostic testing
and procedures. Validating the device in this setting is difficult due to the large amount of
movement and additional background noise that can affect the data. However, demonstrating
accuracy of this algorithm in such an extreme environment will confirm its utility in a large
variety of settings, both in and out of the hospital.

While preliminary data have been promising, there are some limitations. First, the study

has a small sample size. In order to validate the technology, more subjects will need to be
included to ensure that it holds true over a variety of subject types and subsets of disease.
The future validation study will aim to recruit 52 subjects which will be powered to detect

a difference in respiratory rate of two beats per minute. Additionally, the “gold standard” to
which the device is being compared to have their own limitations- hence the critical need for
this study. Manual respiratory counting requires that study personnel are directly observing
the patient, which can distract the patient from their normal activity and thus change their
respiratory pattern. The alternative comparison, telemetry monitoring, is also known to have
inaccuracies.

5. Conclusion

Successful validation of our contactless sensor system for respiratory rate monitoring will
create an innovative solution to help recognize, monitor, and treat patients with a variety
of critical disease states. The ability to obtain objective data from a contactless sensor
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has multiple potential applications. This technology can be miniaturized to generate small
devices for the home or mobile devices that will collect continuous data that can be accessed
remotely. This information can be leveraged by clinicians to promote earlier recognition of
critical starts (such as drug overdose) resulting in earlier intervention and improved patient
outcomes.
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b

Al

Figure 1:

(a) P440 MRM radar module with LF-75 absorber behind the antenna (b) Top view of the
radar with absorber (c) Radar Box with Raspberry Pi and a hard disk drive (d) enclosed
radar box
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Figure2.
Room layout, the letter T indicates sensor placement.
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Figure 3:
Single Person Tracking: Walking in different patterns (a) Shape: U (b) Shape: Four
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Figure 4:
(a) Event: ED Doctor Entry at 14:51:41 hr (b) Event: ED Doctor Exit at 14:55:19 hr.
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Figure5:
(Top) Respiratory Signal captured by the radar module and (Bottom) Respiratory Rate

extracted by FFT for Lab Subject 1 at metronome count 15 breaths per minute.
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Figure®6:
Estimated Respiratory Rate compared with corresponding metronome count over 4 subjects

in Laboratory setting
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Figure 7:

Left Column: Raw radar returns from the radars, Middle Column: Independent components
extracted from the three radar returns using ICA, Right Column: band pass filtered
independent components
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Figure8:

ED Subject 2: Comparison of the RR estimation with the ground truth taken manually at 15

minutes intervals
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