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Abstract—Using continuous wave, 94 GHz millimeter-wave
interferometry, a signal representing chest wall motion can
be obtained that contains both the heart rate and respiration
patterns of a human subject. These components have to be
separated from each other in the received signal. Our method
was to use the quadrature and in-phase components of the signal,
after removing the mean of each, to find the phase, unwrap it,
and convert it to a displacement measurement. Using this, the
power spectrum was examined for peaks, which corresponded to
the heart rate and respiration rate. The displacement waveform
of the chest was also analyzed for discrete heartbeats using a
novel wavelet decomposition technique.

Index Terms—Millimeter-wave, Non-contact, Cardiography,
Respiration, Heart rate.

I. INTRODUCTION

HE reasons to gather physiological parameters at a

distance range from medical monitoring, to security, to
military use. There is a growing need for non-contact medical
monitoring equipment, for observing individuals unobtrusively
at home. It has been shown that this kind of equipment can be
used for respiratory monitoring while a subject sleeps [1]. It
has also been used to detect whether a person is lying without
the subject even knowing he was being tested, by observing
his vital signs as he answers questions [2]. Furthermore, this
form of technology has been used to determine if people are
alive in situations where it may be dangerous to try to retrieve
a person [3].

The goal of this project is to remotely obtain human
physiological parameters, specifically heart rate and respiration
rate, using millimeter-wave interferometry. What separates this
from past research is the fact that we use a higher frequency
for much finer displacement resolution, which could allow
observing not simply the rate of heartbeats, but even details
in the heartbeat pattern. Additionally, the higher frequency of
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operation creates a smaller beam divergence with a practically-
sized antenna, thus allowing accurate measurements to be
taken from greater distances.

There is prior work in remote detection of vital signs. In
1975, it was shown that the respiratory rate could be obtained
from a clothed subject from 0.3 m away using microwaves and
the Doppler effect [4]. It was also shown in the late 1970s
that the heart rate could be remotely obtained as well [5].
This was based upon the fact that the chest moves periodically
with respiration and with heartbeat. Using the fact that radio
frequency (RF) waves undergo a small frequency shift when
reflected from a moving surface such as the chest, the heart rate
and respiratory rate can be extracted using signal processing.

Detection of heart rate and respiration has been reported
using several frequency ranges such as 2.4 GHz [6], 10 GHz
[7], and 60 GHz [8]. In these studies, the phase was extracted
from an in-phase and quadrature component and was used to
compute the displacement of the chest. Our system employs
a higher frequency (94 GHz) to resolve smaller displacement.
This is important because chest wall motion due to heart beats
is about 0.5 mm, while that due to respiration varies from 4
mm to 12 mm [9].

There have also been tests done with a 228 GHz system
[10]. This system, however, requires a lot of specialized in-
strumentation to operate at such a high frequency. Even though
such a system would naturally obtain higher displacement
resolution, we chose to stay at a lower frequency because one
of our goals was to make an economical and practical solution.

We also looked at the pattern of chest motion due to the
beating of the heart while respiration was suppressed. This
has been done in the past using motion sensors attached to the
body [11] — [13]. The authors called this the kinetocardiogram,
which was simply the outward displacement of the chest. The
biggest problem at the time was that these sensors created
interference of their own because they were attached to the
subject. Therefore, the authors suggested that the best way
to get this data would be to use some form of non-contact
technique. At the time this was unavailable, but now we can
do just that. In fact, the displacement resolution we observe
is fine enough to be able to potentially see intricacies in the
heart beat waveform that could be used for medical diagnoses
without having to touch the patient at all.

Another method that has been used in the past to try to
separate heartbeats and respiration has been to use wavelets
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[14]. A wavelet decomposition allows for high frequency
resolution at low frequencies and for high time resolution at
high frequencies [15]. This is a good property when looking
at a signal with heart rate and respiration, since the high
frequency heartbeats are quick events, while low frequency
breathing is a slow event.

This paper will demonstrate a method to find heart rate
through a proof of concept of the techniques. The conditions
for the tests are ideal, as the tests are used to validate the
algorithms.

II. METHODS

We constructed a 94 GHz continuous-wave (CW)
millimeter-wave interferometer for displacement signal acqui-
sition, adapted from [16]. A diagram of the setup is shown in
Fig. 1. In the setup, a CW 94 GHz signal is generated by a
cavity tuned Gunn diode oscillator. It is then transmitted at a
target using a Gaussian (quasi-optical) antenna with a 15.24
cm lens, resulting in the far-field starting at approximately 1.8
meters and a beam divergence of approximately 1.5 degrees.
The antenna itself is shown in Fig. 2. There is an optical
telescope on top of the antenna for accurate aiming.
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Fig. 1. Millimeter-wave interferometer setup.

Using several simplifying assumptions, the reflected signal
(r(t)) is defined as:
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where d is the displacement, c¢ is the speed of light, and wqg
is the angular frequency 94 * 27 % 10° rads/sec. This is then
mixed with a sample of the transmitted signal as shown in
Fig. 1 and low-pass filtered to create an in-phase (/) and a
quadrature (Q) component of the net reflection:

I = 1cos <2w0d) , )
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Fig. 2. Setup of antenna.

The displacement is clearly modulated on the phase of the
signal. To isolate the phase, we used:

phase = arctan <%) . 4)

After this, the displacement could be easily calculated to be
the phase scaled by an appropriate factor:
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When the signal is reflected off a human target, there are
several vector components embedded in the relative magnitude
and phase of the returned signal. There is a small rotating
vector defined by equations (2) and (3), which is what we
were interested in extracting, because it represents the small
displacements of the chest wall due to respiration and cardiac
activity. There is also a series of much larger vectors added
to the small rotating vector, which is due to reflections from
any number of things, from walls to other people moving. A
visualization of this can be seen in Fig. 3. The bigger vectors
are all lumped into the large white vector, which for our
experiments is assumed to be stationary. To find displacement
of the chest, we isolated just the small black vector and
eliminated the rest.

A very important factor in our study is the high frequency
we used. At 94 GHz, the free-space wavelength )y is 3.19
mm, meaning that a target displacement of 1.595 mm will
cause a full rotation of the rotating vector we are trying to
isolate. At this scale, we have very fine resolution of motions
of the chest making heartbeats easily resolvable. To interpret
the data correctly, however, the phase that was found with
the aforementioned method must be unwrapped due to the 27
periodicity of phase.
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Fig. 3. State space visualization.

It should also be mentioned that any of the motion that
is detected with our system is due to the movements of the
surface of the chest. This can be verified by finding that the
skin depth of human skin at 94 GHz is 0.37 mm [17]. Since
the average human dermal thickness is between 2 mm and 3
mm [18], most of the power is attenuated long before the wave
penetrates the skin, and thus everything we see is due to the
motion of the skin.

At 94 GHz, the beam is able to penetrate optically opaque
materials, such as clothing, and reflect off skin [16]. Naturally,
if a person is wearing something made of metal in the area that
the antenna is aiming at, there would be a problem. However,
with a lens radius of 15.24 cm, there is a good chance that
the reflection will still contain some usable data. Another good
property of this frequency is that it is near a local minimum
in terms of atmospheric attenuation [19]. Since this device is
meant for indoor data acquisition, this frequency is a good
choice.

With this setup, we recorded data for a clothed subject ten
meters away. The subject was wearing a tee-shirt, and the
data acquisition took place indoors. We used an NI PCI-4474
24-bit DAQ and LabView’s data acquisition software. Each
recorded interval was 8.192 seconds of data (for easy FFT
processing), sampled at 1000 Hz. We then processed this data
using a customized program written in MATLAB, utilizing
MATLAB'’s signal processing toolbox.

To find the displacement of the chest wall, we started by
trying to eliminate the vectors that were not due to chest
motion. This was done by subtracting the mean of the in-
phase part of the signal from itself, and likewise for the
quadrature part. This created a zero-mean signal in which the
only vector left was the one rotating around the origin due to
the chest displacement, as can be seen in Fig. 4. Then, we
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Fig. 4. State space after shifting the mean to the origin.
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Fig. 5. State space after shifting the center of the best fit circle to the origin.

found the phase and calculated the displacement as described
earlier. Since we wanted a continuous graph of displacement,
we used an unwrapping algorithm to eliminate the inherent
discontinuities at =7 due to the periodicity of phase.

Since the displacement of the chest due to respiration causes
several rotations of the vector in the state space, taking a mean
of the data and subtracting it is viable. However, when there is
no respiration, for example when we want to closely examine
the heart pattern, only an arc of the rotating vector will be
traced out. In this case, the mean would not be a good estimate
of the center of the rotating vector. For this case, we fitted a
circle to the data, and subtracted the center of the best fit from
the data to move it to the origin, as seen in Fig. 5. It is clear
that fitting a circle is a better solution.

For this kind of experiment, we took measurements from 2
to 9 meters away. We fed the data into an NI USB-9239 24-bit
analog input module, using a sampling rate of 5000 Hz. We
then processed the data in MATLAB. We first low-pass filtered
the data at 1000 Hz using a sixth-order Butterworth filter, and
then fitted a circle to the data and moved the data so that the
center of the circle would be at the origin. Then, we found
the phase as before, using the arctangent. At the same time
as gathering this data, an ECG was also gathered from the
subject to use as a gold standard to examine the accuracy of
heartbeat detection. This was done using a Tektronix 408 ECG
monitor, and feeding the ECG into an NI USB-6212 16-bit M
Series MIO DAQ.

The displacement data was then processed using a wavelet
decomposition technique. A sample signal is shown in Fig.
6. This is the calculated displacement recorded from 3 m
while the subject was breathing normally. First, the data was
decimated by 100 to make the sampling rate 50 Hz instead
of the initial 5000 Hz. Then, using a symlet 32 wavelet, we
performed a one-level multi-resolution analysis, yielding two
signals: a high-pass filtered one and a low-pass filtered one.
The high-pass filtered signal had a waveform as shown in Fig.
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Fig. 6. Displacement of chest from 3 m with breathing.

Displacement vs. Time

Displacermnent (arbitrary units)

-0.02 - B

-0.03 F B

1 1
2 4 g g 10 12 14 16 18 20
Time (g)

Fig. 7. High-pass filtered result of one level multi-resolution analysis.

7. It was clear that there were higher amplitude oscillations
associated with heartbeats. Therefore, we took the absolute
value of that signal, and used a moving average filter of length
20 on it. This created the signal shown in Fig. 8. It is clear here
that there are distinct peaks corresponding to the heartbeats,
so we simply found the peaks of this signal, and designated
those as the heartbeats.

The ECG data was also used to remove the baseline wander
from data collected with the millimeter-wave sensor. This
was done by using the Pan-Tompkins algorithm [20] to find
the QRS complexes in the ECG, and fitting a spline to the
collected displacement data at the points found using that al-
gorithm. Then, the spline fit was subtracted from the collected
displacement signal. The data without baseline wander gave
a better representation of the chest displacement. However,
it is important to note that the aforementioned processing
was performed without baseline wander removal. The baseline
wander was removed for display purposes, to show that the
obtained signal closely matches the ECG and the signals found

ECG and Displacerment

Top Signal - ECG (arbitrary units)
Bottorn Signal - Displacernent (arbitrary units)

Time (g)

Fig. 8. Waveform after finding absolute value and applying moving average
filter, with superimposed ECG and vertical lines corresponding to heartbeats
in the ECG.

using the kinetocardiogram in [11] — [13].

III. RESULTS AND DISCUSSION

We began our testing with a simulation of chest movement
due to cardiac and respiratory activity by using a shaker com-
bined with a function generator. The shaker was a vibration
exciter (Vibration Exciter Type 4809 from Briiel & Kjeer)
whose motion was controlled by the function generator. This
allowed us to simulate the movement of the chest wall in order
to demonstrate the proof-of-concept.

First, we used a reading from a laser vibrometer which was
a “perfect” recreation of what we were trying to achieve. Fig. 9
shows the waveform as gathered from the shaker and function
generator setup described earlier. We then used our interfer-
ometer configuration on the same setup. Figs. 10(a), 10(b)
show the data the interferometer gathered from the shaker and
function generator, and Fig. 10(c) shows the unwrapped phase
converted to a measure of displacement using our technique.
The displacement is very close to the laser vibrometer signal,
which is a gold standard against which we measured. This
proved that the phase unwrapping algorithm worked.

Using this routine, we tried to obtain the heart rate and res-
piratory rate from an actual human subject breathing steadily
and standing still against a wall. Figs. 11(a), 11(b) show the
reflected signal that contains both heart rate and respiration.
It should be noted that whereas in Figs. 10(a) and 10(b) the
separate beats due to the shaker are evident, no such thing
can be said about the waveforms in Figs. 11(a) and 11(b). We
again applied the same algorithm as before, and generated the
results seen in Fig. 11(c). Next, we obtained a power spectrum
for the unwrapped signal which is shown in Fig. 12. From the
power spectrum, which is plotted on a decibel scale on the
y-axis, it is possible to read the heart rate and the respiration
rate. The respiration rate corresponds to a peak around 0.2-0.6
Hz, and the heart rate corresponds to a peak around 0.8-1.5
Hz. This is the range of values that would be expected for a
calm adult human.
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Fig. 10. a) In-phase shaker and function generator signal, b) Quadrature

shaker and function generator signal, and c) Calculated displacement of shaker.
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Fig. 12. Power spectrum of chest displacement.
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Fig. 13. Chest displacement and ECG while holding breath.

When breathing was suppressed, we found a result similar
to the kinetocardiograms observed in [11] — [13]. Both the
ECG and the resultant displacement waveform can be seen in
Fig. 13. The signal after baseline removal can be seen in Fig.
14. Tt is clear that the displacement signal is due to the heart
beating, since the waveform aligns with events in the ECG.

To test the wavelet decomposition technique, we gathered
data from several distances and under the conditions of breath-
ing and not breathing. The subject was wearing a tee-shirt in
each sample, and samples were taken at 1 meter increments
from 2 meters to 9 meters from the antenna. In each sample,
the subject was seated with back support and was facing the
antenna, which was aimed at the center of the chest around
the level of V2 in an ECG. The results were good in most
cases, with a couple of samples presented here. The results
from using the wavelet technique on data gathered from 5
meters with breathing can be seen in Fig. 15. This shows the
estimated heartbeats superimposed on the actual displacement
waveform, and the ECG with the estimated heartbeats. The
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Fig. 14. Chest displacement and ECG while holding breath, with baseline
wander removed.
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Fig. 15. Displacement waveform and ECG with heartbeats superimposed,
gathered at 5 meters with breathing.

heart rate estimated by the wavelet method was 59.6 bpm.
This was obtained by finding the average spacing in between
estimated heartbeats. The true heart rate, obtained by dividing
the number of QRS complexes by the amount of time of the
data sample, was 59.9 bpm. Another sample, gathered at 9
meters with breathing suppressed, can be seen in Fig. 16.
Again, the accuracy of the estimation method can easily be
seen, as the estimated heart rate was 65.9 bpm, whereas the
actual heart rate, calculated by the same method as before,
was 65.9 bpm.

IV. CONCLUSION

The millimeter-wave interferometer reliably split the re-
flected signal into its in-phase and quadrature components.
The technique of subtracting means (or a circle center) and
unwrapping the phase, which can easily be converted to a
measure of displacement, appeared to work effectively for
separating the heart rate and respiration rate from a signal
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Fig. 16. Displacement waveform and ECG with heartbeats superimposed,

gathered at 9 meters with no breathing.

that contained both. This method provided promising results
as it gave accurate measurements for both the heart rate and
respiratory rate in several trials from up to ten meters away.

When breathing was suppressed, the remaining waveform
was clearly due to the cardiac cycle, and contained a great
amount of detail. Future work will focus on extracting this
same level of detail from a subject breathing normally. Also,
since this whole study was performed under ideal conditions,
further work will have to be done to find a way to extract
data in non-ideal conditions, such as those involving subject
movement and ambient motion.

Finally, the wavelet decomposition technique gave an accu-
rate representation of the location of heartbeats, even in data
where the heartbeats were not clearly visible or easy to detect.
Future work will focus on finding an optimal wavelet for this
specific task.
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