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PASSIVE RFID BASED HEALTH DATA
MONITOR

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Patent Application Nos. 62/165,165 filed May 21,
2015, and 63/298.544 filed Feb. 23, 2016, which are incor-
porated herein by reference as if fully set forth herein.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH OR DEVELOPMENT

[0002] This work was supported by the National Science
Foundation Partnerships for Innovation: Building Innova-
tion Capacity (PFLBIC) subprogram under Grant No.
1430212.

BACKGROUND

[0003] A common approach to continuously monitoring a
person’s health condition, for example heart rate, respiration
rate, and the like, requires that the subject wear one or more
sensors that are physically coupled to a stationary electrical
mains-powered monitoring device. Another common
approach is to couple the sensors to a wireless transmitter
powered by a portable battery pack. Such approaches can be
problematic.

[0004] For example, a healthcare provider may be inter-
ested in monitoring an infant’s heart and respiration rate.
However, tethering a baby to lengthy wired devices for
continuous monitoring, as is usually done, can be difficult.
Besides being uncomfortable, such wired monitors can be
hazardous if the baby gets entangled in them. Moreover,
monitors that are attached to cumbersome battery packs or
mains powered processing units add to the discomfort of the
infant.

[0005] Over the last decade, there has been a big push
towards the development of wearable health monitoring
devices. The underlying assumption is that wearable devices
will allow for affordable round-the-clock monitoring, which
will, in turn, enable early detection and prevention of many
diseases. Heart rate monitors and electrocardiogram (ECG)
devices are a group of devices that have received wide
attention from the wearable devices community. However,
research on ECG monitors has been focused on making
better wearable sensors and integrating them with a minimal
profile. To wirelessly transmit the cardiac information, a
battery-powered solution is generally used, together with
communication methods like Bluetooth and cellular tech-
nologies or prototype radio frequency (RF) transmitters.
Batteries add to the size and weight of wearable systems,
making them obtrusive and cumbersome.

SUMMARY OF THE EMBODIMENTS

[0006] The present invention is a health monitoring sys-
tem comprising a passively powered, lightweight, unobtru-
sive wearable sensing device. Illustrative embodiments
include a wearable sensing element or electrode coupled to
a passive RFID tag, or the RFID tag may be used as a sensor.
Also included in illustrative embodiments are a signal
amplifier, a wireless power harvester, and a wireless trans-
mitter. The passive RFID tag is used to obtain operating
power and to transmit sensed health information. The health
information provided by the wearable device may include
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heart rate information, respiration rate information, and the
like. More than one type of wearable device may be worn at
a time, or alternatively their monitoring components may be
combined into a single wearable device. The wearable
device may operate without a battery and without being
coupled to a wired power source.

BRIEF DESCRIPTION OF THE DRAWINGS

[0007] The accompanying figures are included to provide
a further understanding of the invention, and are incorpo-
rated in and constitute a part of this specification. The figures
illustrate and the detailed description explains various exem-
plary embodiments and/or aspects, and serve to explain the
principles of the invention. The disclosed embodiments are
presented as examples, and are not limiting. The scope of the
invention is defined by the claims. In the figures:

[0008] FIG. 1 shows a single cycle of a simplified ECG
signal.
[0009] FIG. 2 is a block diagram illustrating an exemplary

embodiment of the disclosed system and various signals
passing between its elements.

[0010] FIG. 3 shows graphs pertaining to heart beat detec-
tion for a 30 BPM ECG signal, including an amplified ECG
signal(top), timer output to turn RFID tag on/offimiddle),
and time between successive tag reads (bottom).

[0011] FIG. 4 is a graph of the mean values and standard
deviation observed in heart rate calculations over two dif-
ferent sampling windows.

[0012] FIG. 5 is a graph of the mean and standard devia-
tion observed in heart rate calculations over different tag-
to-reader distances.

[0013] FIG. 6 is a flow diagram of an illustrative approach
to probabilistic heart beat detection from data received by an
RFID reader from an RFID tag responsive to an interroga-
tion signal.

[0014] FIG. 7 is a flow chart showing a method of improv-
ing data recognition in a passive RFID-based signal in
accordance with the disclosure.

[0015] FIG. 8 illustrates the identification of heartbeats in
a passive RFID-based signal.

[0016] FIG. 9 is a graph of the calculated heart rate with
and without using a method for improving heart rate calcu-
lation in accordance with the disclosure.

[0017] FIG. 10 illustrates a passive RFID monitoring
system suitable for monitoring an infant’s heart rate and
respiration rate.

[0018] FIG. 11 is a bar graph illustrating respiration rate
monitoring using passive RFID signaling.

[0019] FIG. 12 illustrates the use of a Kalman filter in
monitoring a subject’s respiration rate using passive RFID
signaling.

DETAILED DESCRIPTION OF THE
EMBODIMENTS

[0020] A health information monitoring system comprises
a passive RFID powered wearable component and an RFID
reader component. The wearable component may not be
tethered to a power source or any other structure, such as a
hospital bed, for example. Moreover, the system may be
battery-free, eliminating the need for battery replacement
and charging.

[0021] Passive radio frequency identification (RFID) tags-
may work on power harvested wirelessly, typically from an
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RFID reader. RFID tags have been used conventionally as a
means of identifying objects. For example, they can be used
for product identification similar to barcodes, or to track
components in a manufacturing setting. For RFID tags to be
used in sensor networks, they have to be capable of con-
veying sensor data along with the tag ID. In its simplest
form, an RFTD tag can be used as a one-bit transmission
device by turning the RFID tag on and off, and having an
RFID reader detect the tag’s state. For instance, the reader
may detect a “1” when the tag is on and a “0” when the tag
is off.

[0022] Contemporary RFID tags may be capable of stor-
ing and transmitting multiple bits of data in addition to a
default tag 1D. However, writing and storing such data
requires additional elements like analog to digital converters
(ADCs) and microcontrollers to digitize and store the addi-
tional data with the tag ID. Not only would such elements
increase the size and complexity of the wearable component,
but they would also add to its power requirements. Another
drawback of such elements is that they may require signifi-
cant transmitted data redundancy to achieve an acceptable
degree of reliability. For example, one known electroen-
cephalogram (EEG) system requires 92% data overhead and
has a range of only about 0.8 meter. The requirement for data
overhead adds to the system power consumption. Because
power is harvested wirelessly, the higher power demand can
significantly degrade the system’s range. Accordingly, such
additional elements are not used in the disclosed embodi-
ments, but may be used in other embodiments that are not
explicitly disclosed.

[0023] The disclosed embodiments comprise an unobtru-
sive, battery-free, wearable component for monitoring
health information using one or more passive RFID tags.
The health information may include, for example, respira-
tion information obtained from changes in the RFID tag
position, heart rate information obtained from an ECG
signal, and other information from other types of sensors.
The system can be used to wirelessly monitor such aspects
of a subject’s health information and, in some embodiments,
the subject’s location when mobile. The system can elimi-
nate the need for the subject to be tethered to a cardiac or
other health monitoring system that may be, for example,
physically coupled to a hospital bed.

[0024] FIG. 1 illustrates a single cycle of a typical signal
from an electrocardiogram (ECG). The ECG indicates the
electrical activity of the heart, typically using electrodes
placed on the skin. These electrodes detect the tiny electrical
changes on the skin that arise from the heart muscle’s
electrophysiologic pattern of depolarizing during each heart-
beat. During each heartbeat, a healthy heart may have an
orderly progression of depolarization that starts with pace-
maker cells in the sinoatrial node, spreads out through the
atrium, passes through the atrioventricular node down into
the fibers spreading down and to the left throughout the
ventricles. This orderly pattern of depolarization may give
rise to the characteristic ECG tracing. The letters P, Q R, S,
and T were long ago arbitrarily assigned to different portions
of the ECG waveform, as shown in FIG. 1. The QRS
complex represents the rapid depolarization of the right and
left ventricles. The ventricles have a large muscle mass
compared to the atria, so the QRS complex usually has a
much higher peak (“R”) than the rest of the waveform.
Therefore, the heart rate can be determined by measuring the
time between successive R peaks.
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[0025] To do so, the system may employ on-off keying
(OOK) to transmit heart rate. For example, the RFID tag can
be turned on by default, and turned off for a predetermined
brief duration every time an R peak is detected in the ECG
wave. This action of turning the tag off results in a succes-
sion of RFID outages corresponding to the ECG peaks. The
outages can be detected by the RFID reader and used to
determine the heart rate using the equation

60 69)
Heart Rate(BPM) = T
R-R

where “7 ; 2 is the time between successive RFID outages
in seconds. This gives the heart rate in beats per minute
(BPM).

[0026] FIG. 2 is a block diagram illustrating components
of an exemplary system embodiment. The RFID reader
component 25 is at the left of FIG. 2, and the RFID tag
component is at the right of FIG. 2, as indicated by the dotted
box 26. The RFID tag component comprises certain exem-
plary elements, and shows the various couplings between
them.

[0027] The ECG signal is generated using electrodes 20,
and input into ECG amplifier 21. The amplitude of the ECG
signal input is typically on the order of a couple of millivolts
or less (shown by the small waveform to the right of the
ECG amplifier) and may amplified in ECG amplifier 21
(shown by the larger waveform below the ECG amplifier).
Such amplification requires power, and the power may be
obtained using wireless power harvester 22 which obtains
energy transmitted by the RFID reader 25. The RFID reader
25 generates a field shown as a series of large concave waves
of thick solid lines. In an embodiment, power harvester 22
receives the reader field via an antenna and harvests its
energy. In an embodinient, the frequency of the reader field
may be matched to the resonant frequency of RFID tag 24.
Power harvester 22 outputs DC to passively powered ele-
ments including ECG amplifier 21.

[0028] The amplifier and any other passively powered
elements may be configured to consume as little power as
practicable. This is because the passive elements get their
power from the power harvester 22. The instantaneous
power harvested is proportional to the distance between the
power harvester 22 and the RFID reader 25, so the range of
the system is directly proportional to the instantaneous
power harvested, and the more power the passive elements
consume the shorter the effective range of the system. In an
embodiment, ECG amplifier 21 may be a simple two lead
ECG amplifier circuit similar to those known in the art, but
configured to promote full scale output and low power
consumption in a small footprint.

[0029] The amplified ECG signal is input into heart rate
detector 23. In an embodiment, the heart rate detector may
comprise a comparator/timer block, and the comparator/
timer block may comprise a micropower 555 timer IC that
detects the wave peaks R in the ECG signal. The timer’s
comparator may be configured to determine when the ECG
signal exceeds a predetermined threshold such that the R
wave 1s reliably detected. When a wave peak R is detected,
the timer may set its output high for a predetermined
duration, such as 100 ms. This duration may be user pro-
grammable, and may limit the maximum detectable heart
rate, for example 500 BPM. After the high output of 100 ms
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duration, the comparator output is set to low and it is ready
to detect the next wave peak R. As shown in the figure to the
left of heart rate detector 23, the output of the heart rate
detector resembles a binary pulse train with highs of 100 ms
duration separated by lows, such that the leading edge of
each pulse is separated from the leading edge of the next
pulse by a duration that equals the duration between suc-
cessive R peaks and the corresponding heartbeats.

[0030] The output of heart rate detector 23 is input into
RFID tag 24. The RFID tag 24 may be arranged to turn on
and off based on the signal from the heart rate detector 23.
In an exemplary embodiment, the RFID tag 24 may be
configured so that its default state is on. For example, with
no ECG signal input into the ECG Amplifier, RFID tag 24
remains in its default state and continuously responds to an
interrogation signal with its RFID tag ID. When an ECG
signal is input into the amplifier, an amplified ECG signal is
input into the RFID tag 24. The RFID tag 24 may be
configured to turn off when its input (from the output of the
heart rate detector 23) goes to its high level, and stays off for
the duration of the high level input. The RFID tag 24 may
advantageously contain a UHF RFID chip with a direct
current input (DCI) that suppresses RF communication from
the tag when RFID tag 24 input is set to high. In this
embodiment, the tag may be switched on and off without
using any additional external circuitry.

[0031] The backscatter from RFID tag 24, shown in FIG.
2 as small, concave waves with thin, dashed lines, may be
received by the RFID reader 25, which analyzes the wave-
form received. In an exemplary embodiment, Impinj’s
Speedway RFID Reader (IPJ-R 1000) may be used with a
Laird Technologies 59028PCLJ antenna to read the ultra-
high frequency (UHF) RFID tag. The RFID tag 24 may be
advantageously configured to operate with an input voltage
between 1.5V and 3V, and a peak current consumption less
than 80 pA.

[0032] An exemplary system was tested in a test environ-
ment (not shown). In the test environment, an ECG simu-
lator was used to generate ECG waveforms at five distinc-
tive heart rates between 30 BPM and 300 BPM. In the test,
the RFID reader component and the RFID tag component
were spaced approximately three feet from each other. The
RFID reader read the tag for a period of three minutes at
each heart rate, as is usual, the reader generated an interro-
gation signal, and the response received from the tag was
recorded and time-stamped at regular intervals. These time-
stamped data points were then analyzed by the data proces-
sor of RFID reader 25 to determine the heart rate, and
compared to the known actual heart rate to determine its
accuracy. The effective range of the system was also tested
by increasing the distance between the RFID reader com-
ponent and the RFID tag component. In addition, the per-
formance of the system was tested in the presence of an
additional dummy RFID tag to study the tested system’s
ability to operate properly in the presence of a second RFID
device.

[0033] An exemplary amplified ECG signal for a 30 BPM
wave is shown at the top of FIG. 3. For the 30 BPM signal,
the ECG pulse appears every two seconds. The amplified R
wave triggers the comparator in the timer causing it to turn
the output high for 100 ms. This detection of an ECG pulse
is demonstrated in the middle plot of FIG. 3. The system was
configured to turn the tag off for 100 ms with every pulse
detected, as shown in the middle plot. The time difference
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between successive tag reads was determined and plotted at
the bottom of FIG. 3. It can be clearly seen that there is a
spike for every ECG pulse that defines the duration of each
pulse 7 R.

[0034] Similar results were observed for each of the
distinctive exemplary heart rates. Data for all of the exem-
plary heart rates, which were within the range of 30 BPM
and 300 BPM inclusive, is summarized in the following
table.

Beat-to-beat

HR (BPM) Time (min) Beats Average HR (BPM) std dev
30 2.99 90 30.00 0.20

60 3.00 180 59.95 0.82

120 3.00 360 119.99 3.67
180 2.99 540 180.04 6.90
240 2.99 720 240.02 15.86
300 2.99 899 299.92 25.65

The first column of the table is the beats per minute (BPM)
of the ECG waveform used. The second column lists the
total duration for each measurement in which detected beats
were counted. The third column is the number of heart beats
detected by the RFID system within that time. The fourth
column is populated by dividing the number of beats in the
third column by time in the second column. The beat-to-beat
heart rate is determined by measuring the time between
successive tag outages and using that in (1) Equation 1,
repeated here for convenient reference.

60
Heart Rate(BPM)= ——
Tr-r

The last column lists the standard deviation of all such
beat-to-beat heart rate measurements in the given data set.
Heart rates are always presented as an integer, but fractional
values are included in the standard deviation calculations in
order to better compare accuracy. It can be seen that the
average heart rate calculated for all measurements is accu-
rate when sampled for three minutes. But the standard
deviation increases as the BPM increases. The standard
deviation is lowest for 30 BPM, and highest for 300 BPM.
For 30 BPM and 60 BPM, the standard deviation of the
beat-to-beat measurement is less than 1, which means that
for these heart rates one could simply measure the time
difference between successive tag outages and expect to get
avery accurate heart beat calculation. However, the standard
deviation for the remaining ECG signals is greater than one.
It is important to note that the accuracy of the tag timing
measurements does not get worse with increasing heart rate.
Rather, the same error in time measurement has a larger
significance for a higher heart rate, because the time between
each heartbeat at the higher rate is shorter than at a lower
rate. For example, a 20 ms overestimation in a 30 BPM
measurement will cause an error of 2%, while a 20 ms
overestimation in a 300 BPM measurement will cause the
calculated heart rate to be off by 9%.

[0035] The primary source of this error can be explained
with reference to the bottom plot in FIG. 3. While the tag is
on, the time between successive tag reads may be expected
to be constant. However, that was not so in the test case.
Instead, the time between successive tag reads varied
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between about 0.015s and 0.03s. Another source of error in
the test environment was determined to be that the time
taken to turn the tag on/off could vary anywhere within a
range of about 2 ms to 20 ms. Moreover, there were
instances when tag reads were missed, leading to a longer
than expected measured time between successive tag reads.
The combination of these factors created variability in the
time measured by the system between successive pulses of
an ECG pulse rate that was substantially constant. In spite of
these variations, the detected heart rates over a longer period
were found to be very accurate. As shown in the table above,
in the test environment with a 300 BPM signal, the exem-
plary system detected nearly 900 beats in three minutes.
However, the standard deviation of the time between suc-
cessive detected heart beats was significant. Thus, averaging
detected beats of a fast heart rate over a long sample window
was found to yield accurate results. However, the three-
minute sampling window used in Table I is both impractical
and excessive. Accordingly, an analysis of the test data was
performed to determine the shortest sampling window
within which a reasonably accurate heart rate calculation
could be obtained.

[0036] In the analysis, each measurement window was
defined to start and end with a detection of a beat. The heart
rate within that window is 60%*Beats/T,,, ., where “Beats”
is the number of heart beats detected in the window, and
“Tygmpze” 18 the duration of the sampling window in seconds.
FIG. 4 shows plots of the results at 60 BPM and 120 BPM,
with sampling windows of 1, 2, . . . 9, and 10 seconds. The
average BPM from each sampling window is indicated by
the points connected by the substantially horizontal line in
each graph. The standard deviation is also shown, repre-
sented by the error bars. It can be seen that to obtain a heart
rate calculation that is accurate to within 1 BPM, a sampling
window of one second was found to be sufficient to obtain
a reasonably accurate pulse rate for the 60 BPM signal.
However, a sampling window of about 2 seconds was
required to obtain the same 1 BPM accuracy for the 120
BPM signal. As noted previously, the higher standard devia-
tion of the faster heart rate can be attributed to the increasing
significance of the same error margin in terms of BPM.
However, here it is also noted that the standard deviation
(error bars) plotted in the bottom graph of FIG. 4 for the 120
BPM ECG signal is lower than the standard deviation shown
in column 5 of the table above. This is because the table used
a window of three minutes, which is many times larger than
the measurement windows from one to 10 seconds plotted in
FIG. 4. The longer window produces a far larger number of
data points. A greater range of values is observed in the
larger window because the greater number of data points
from the longer window are much more likely to include
some values that arise only infrequently, and even a few
outliers. Such values are far less likely to arise in the short
windows graphed in FIG. 4.

[0037] FIG. 5 pertains to the range of the system, i.e., the
greatest distance between the RFID tag and the RFID reader
that still results in acceptable system performance. The
range of the system is dependent on two factors: the ability
of the power harvester to obtain enough power to run the
wearable component circuitry, and the ability of the reader
to obtain data from the RFID tag sufficient to resolve the
heart rate with acceptable accuracy.

[0038] To test the harvester range, the RFID reader com-
ponent and the RFID tag component were separated by
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about five feet, a distance known to provide good system
performance. The distance between them was gradually
increased while monitoring the output of the heart rate
detector on an oscilloscope. The harvester was observed to
obtain enough power to continuously operate the RFID tag
component circuitry up to a distance of about 11 feet from
the reader. Beyond that distance, the harvester was observed
to run the circuit only intermittently for a few seconds at a
time. It is contemplated that this range may be improved by
refining the circuitry of the power harvester.

[0039] To quantify the range limitations due to the read-
er’s ability to resolve the heart rate, the distance between the
RFID tag and the reader was set at a distance known to
provide good resolution, and the standard deviation in
measurement was calculated at different distances while
increasing the distance between them. The standard devia-
tion in the calculated heart rate was observed to remain
within 1 BPM of the known actual heart rate up to about 10
feet, and deteriorated to about 3 BPM at 15 feet. The
accuracy of the system can be improved at longer distances
by increasing the sampling window, as described previously.
[0040] A second, non-system-related “dummy” RFID tag
producing its own signal responsive to the RFID reader was
added to the test environment to assess the system’s perfor-
mance in the presence of interference from proximate unre-
lated RFID tag. The dummy tag and the sensor tag were
placed about one and a half feet from each other, and about
three feet from the reader. It was expected that only about
50% of the reader measurements would be from the sensor
tag, and the other 50% would be from the dummy tag. The
following table shows the results for this arrangement at 60
BPM and 120 BPM. The table lists the average heart rate and
standard deviation calculated over a four second sampling
window, and also shows the percentage of false beats
detected.

Average
HR (BPM) HR (BPM) Std. Dev. False Beats
60 60.37 0.92 %
120 120.1 24 0.5%
[0041] It was observed that the performance suffered only

slightly due to the presence of the dummy tag. It was
determined that, as the reader spends time reading the
dummy tag, the time between measurements of the sensor
tag increases, thereby increasing the variation in the time
between successive beats detected. It is also possible that the
reader may not read the sensor tag for a duration longer than
100 ms, in which case the system would falsely detect a
heartbeat. In spite of these errors, the system was found to
calculate the heart rate fairly closely in this test.

[0042] The tests of the exemplary system in the test
environment described in the foregoing confirms that the
disclosed health information monitoring system, comprising
an OOK modulated passive UHF RFID tag in conjunction
with an RFID tag reader, can be used effectively to accu-
rately determine the heart rate from an ECG signal. No
information other than the tag identifier needs to be stored on
the RFID tag. The system can be configured in large part
using conventional RFID elements. The disclosed embodi-
ments were found to consume less than 200 uW of peak
power, suitable for battery-free operation using a wireless
power harvester that obtains power from an RFID interro-
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gation signal. Even though the beat to beat variability is
typically low for normal heart rates, averaging over short
time windows of just a few seconds has been demonstrated
to product reliable results. An exemplary embodiment was
tested and was observed to maintain acceptable performance
up to a distance of about ten feet between the RFID tag and
the RFID reader. The embodiment was also found to be
effective even in the presence of a proximate unrelated RFID
tag responding to the RFID interrogation signal.

[0043] However, in an actual operating environment there
may be other sources of noise in an RFID based health data
signal other than a single proximate extraneous RFID tag.
Therefore, modified approaches to logistic regression were
developed for accurate identification and determination of a
health data signal from a passive RFID tag in a noisy
environment. An RFID signal containing heart beat data was
used as an exemplary health data signal, although the
modified approaches may be applied to other passive RFID
health data signals.

[0044] In one approach, a logistic regression model may
first be used to determine which ones of a plurality of data
points obtained in a noisy environment have a very high
probability of pertaining to the heart beats being monitored.
These data points are then used as features to remove
ambiguity in the recognition of other heart beats from the
same monitored source. This procedure is trained using
parameters obtained from a single heart rate measurement,
and the obtained parameters are used for determining vari-
ous other heart rates. Using this approach, an F,-score of
0.98 for correct heart beat detection was achieved, and an
error of over 75% in mean heart rate calculation was
completely eliminated.

[0045] Time-domain methods that essentially find average
heart rates over several seconds can only help to overcome
problems posed by poor data quality to a certain extent.
Additionally, averaging removes beat-to-beat interval infor-
mation which is required for heart rate variability analysis.
Therefore, a method to identify individual heart beats more
accurately from RFID data is required. Machine Learning
algorithms have been employed for improving accuracy of
other heart rate monitoring systems. However, a new logistic
regression model is disclosed herein to improve heart beat
detection from RFID data obtained using the wireless bat-
tery-free system disclosed in the foregoing description.
[0046] One exemplary approach is to accurately recognize
heartbeats by identifying unintentional outages. RFID tag
outages can be due to poor signal strength, interference due
to other RFID tags or other noise sources. It is difficult to
distinguish between a real heartbeat, indicated by an RFID
tag turning off for a set time (e.g. 100 ms), and a false outage
because the tag data is similar in both cases. Of course, if
false or missing outages are perceived as heartbeats, the
calculated heart rate will be incorrect. In addition, it may be
advantageous to avoid the use of averaging over long
measurement windows, because the beat-to-beat variability
information is lost. A supervised learning algorithm based
on logistic regression may achieve this goal. Logistic regres-
sion is a regression model in which the dependent variable
(DV) is categorical. That is, the DV must be one of a limited,
fixed, number of possible values. For example, a measure-
ment by an RFID reader either indicates a valid heartbeat, or
it doesn’t. Thus, each measurement is assigned to an “on”
group or an “off” group. In an exemplary approach prob-
abilities are obtained from a logistic regression model to
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estimate the likelihood that a gap or outage in the RFID tag’s
backscatter signal indicates a genuine monitored heartbeat.
[0047] FIG. 6 is a flow diagram illustrating this approach.
There are two main processes to perform. The first process
is model training, indicated by dashed box 60. The goal for
model training is to obtain parameters that fit already
received data points as training data 61. The parameters can
then be used in classifying subsequent data points correctly
as beats or not-beats. The time between successive sensor
RFID tag reads is used in the model. For data points that are
not heartbeats, this time may be much shorter than the
predetermined duration of the RFID outage. However, the
time between tag reads for false outages could be much
higher or comparable to the predetermined RFID outage
duration. Hence, a linear fit cannot be used to separate the
real beats from non-beats and false outages. Therefore,
polynomial features of time between tag reads are used as
input to the model. Each feature data point has an associated
state; all real beats are assigned as “1” and all non-beats
(including false outages) are assigned “0”.

[0048] Logistic regression and parameter extraction, 62,
are illustrated in FIG. 7 and performed as follows. In block
70, the probability of a given tag reading being an actual
heart beat is given by the logistic function in Eq. 2,

1 @

he(x)) = ————
9( i) 1 +e %

where “h0(x,)” is the probability that a data point represents
a beat (1) or not (0), “x,” represents the training data feature
with index “1”, and “0” represents the parameters of the
model. Before training, the parameters “6” for a fit are
unknown. In block 72, the parameters are first assumed to be
“0”. The error with this assumption is calculated using Eq.
37

Slom _
E0) = — 3" 1/ loglhe(s)) + (1 = Y log(1 = ho(x,)

G
1

where “m” is the number of training samples with index
and “y” is the actual state of the output (1 for beats and 0
otherwise). The first term in Eq. 3 accounts for the error in
determining beats, and the second term represents the error
in determining non-beats. In block 74, after the error due to
the choice of 0 is determined, a new estimate of 0 may be
calculated using Eq. 4,

@

AE®) @
e = 0 —
new [ 69

where “o” is a scaling factor that adjusts the step sizes for
new values of 6. The process returns to block 70, where the
probability of a given tag reading being an actual heart beat
is recalculated using the new 6 values by the logistic
fanction in Eq. 2, and the process continues iteratively from
there. The process of finding the error and new parameters
is continued until the value of 0 converges, and that value is
chosen as the parameter for the model.



US 2016/0338798 Al

[0049] The second process of the method is beat detection,
indicated in FIG. 6 by dashed box 63. The parameters
obtained from model training may be verified by inserting
the test data features 64 into Eq. 2. The top graph in FIG. 8
plots the time periods between successive tag reads. The
longer periods above line 80 occur as the RFID reader does
not receive a signal because the RFID tag is off, then
receives a signal again when the RFID tag comes back on.
This operation yields the probability of each test data point
being a heartbeat. The bottom graph of FIG. 8 shows how
tag data are classified into three categories: heartbeats,
non-beats, and ambiguous data, based on the probabilities
obtained from the model. As shown in FIG. 8, tag data that
have a probability of less than 0.1 of being an actual beat are
classified as non-beats. Conversely, data points that have a
greater than 0.8 probability of being a real beat are classified
as beats. The two remaining data points in the bottom graph
of FIG. 8 have intermediate probabilities, and they could
represent real beats or false outages. To classify these
ambiguous beats, a linear regression analysis is done using
the previous two accurately determined beats. If an ambigu-
ous data point follows the linear trend of the two known
heartbeats within an appropriate margin, it may be classified
as a heartbeat. An illustrative appropriate margin might be
20%.

[0050] Heartbeats can sometimes be missed due to a
hardware glitch, noisy environment or incorrect classifica-
tion from the above procedure. An example for a 60 BPM
heart rate signal is shown in the following table in which the
time between successive detected beats is shown in seconds.

T T T4 Tys Tse

0.99 1.02 0.98 2.01 0.99

As shown in the table, the time between the fourth and fifth
beat (T4-5) is twice as long as the previous three samples,
which strongly indicates a missed beat. When such a case is
encountered, a beat may be inserted using the arithmetic
mean of the previous two beats.

[0051] Testing with actual data was performed to verify
the procedure explained above. A commercial ECG simu-
lator (HE Instruments” Tech-Patient Cardio ECG Simulator)
was used as a source for the heart rate signal. The ECG
simulator was used to generate three discrete heart rates; 45
BPM, 60 BPM and 120 BPM. The simulated ECG signal
was fed into the RFID tag component of the heart rate
monitoring system described herein. The test system con-
trolled a passive RFID tag configured to transmit continu-
ously by default, but to turn off for a period of 110 ms every
time an ECG pulse was detected. Thus, a threshold of 110
ms between successive tag reads was expected to detect all
transmitted heart beats. The RFID data was recorded by an
Impinj Speedway Revolution R420 passive UHF tag reader.
The RFID reader component and the RFID tag component
of the tested system were placed six feet away from each
other. A noisy signal environment was simulated by placing
an additional RFID tag five centimeters away from the
system’s RFID tag. For each set of heart rate measurements,
at least 7000 individual tag reads were processed and the
time between successive responses from the sensor tag was
calculated.
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[0052] The 60 BPM heart rate data was used to train the
model. The test had two goals; to identify heartbeats that the
procedure under test warranted a high level of confidence,
and to subject the ambiguous data points to further scrutiny.
The true beats and the ambiguous data were cycled through
the regression analysis described above. All but two of the
actual beats were correctly identified, the first of which was
the second beat of the data set and so did not have two
previous beats for comparison. The missed beats were
accounted for using the process described above. It should
be noted that the entire process depends only upon past data
and thus heart beat detection can be done in real-time.
[0053] Below, the F,-score demonstrates the improve-
ment,

2 x Precision x Recall

Flscore = Precision + Recall

where “Precision” is the fraction of detected beats that are
actual beats, and “Recall” is the fraction of actual beats that
are detected. Thus an F, score of 1 indicates there are no
false positives or false negatives. This procedure provides an
improvement in detected heart beats over the threshold
method for all heart rates tested. The F, score of the 120
BPM data without using the procedure is comparatively
higher than others in the same column. The 120 BPM signal
has twice as many heart beats as the 60 BPM signal in the
same period, and the higher number of actual heart beats
improves the fraction of actual beats detected, resulting in a
higher F, score.

[0054] The calculated heart rate for a 120 BPM input
signal with and without employing the method are compared
in FIG. 9. Without the method, the heart rate is unstable and
most of the error is due to false beats. These additional beats
reduce time between detected beats causing a spike in the
calculated heart rate. There are also sudden drops in calcu-
lated heart rate for the graph without the method. Here, the
missed beats are not accounted for and this leads to a longer
duration between detected heartbeats thereby causing a
lower calculated heart rate.

[0055] As canbe seen in FIG. 9, spikes are absent for heart
rate with the method. The table below shows the calculated
heart rate and corresponding error with and without using
the method. As shown, without the method the calculated
heart rate is overestimated by as much as 77%. This is
mainly because of false outages which cause spurious spikes
in calculated heart rate. The method successfully filters out
these false outages to arrive at an accurate heart rate calcu-
lation.

Average Heart Rate (BPM)

Heart Rate Without With
(BPEM) Method Error Method Error
45 79.76 77.2% 45.04 0.09%
60 105.75 76.3% 59.97 0.05%
120 144.94 20.8% 1202 0.17%
[0056] The disclosed logistic regression based model can

be used to improve the detection of heart beats from RFID
data. Parameters obtained by training the model using fea-
tures from 60 BPM heart rate signal were used to improve
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the beat detection in 45 BPM and 120 BPM signals. The
method works by first identifying data points that have a
high probability of being real heart beats and uses them to
accurately classify ambiguous heart beat data. A procedure
is also employed to account for heart beats that are missed
by the method to get a more robust overall heart rate
calculation.

[0057] Although this method has been developed for
RFID data, it may be possible to adapt it for other heart rate
monitoring techniques that can use a threshold for detecting
heartbeats, such as ballistocardiagraphy and pulseoximetry.
[0058] In another embodiment in which the RFID tag
component may be used to monitor a subject’s respiration,
motion artifacts in the RFID tag component may be detected
when it is worn by a subject, for example, as the subject’s
chest rises and falls with each breath. These motion artifacts
may cause a change in the Returned Signal Strength Indi-
cation (RSSI) from the tag. RSSI values can be monitored to
calculate the respiration rate.

[0059] In an exemplary embodiment for monitoring res-
piration rate, RSSI values may be collected over time, and
a Kalman filter may be applied to the collected data to
reduce noise artifacts in the wireless signal. Kalman filtering
is a method that uses a series of measurements observed over
time containing statistical noise and other inaccuracies, to
produce estimates of unknown variables in the data. The
filtered data are then grouped into discrete time windows,
and statistical features are extracted from those windows to
establish a baseline RSSI. For the respiratory application, it
may not be possible to collect non-actuating test data since
non-breathing test data is biologically infeasible. Therefore,
single-class anomaly detection is required. Subsequent new
windows of data are compared to the baseline to classify the
window as corresponding to inhaling or exhaling. Using a
programmable mannequin, a One-Class Support Vector
Machine anomaly detector has been shown to perform with
classification accuracy nearly as good as its two-class coun-
terpart, and the FFT has been shown to accurately indicate
movement of the passive RFID tag.

[0060] Conventional respiration monitoring devices may
be uncomfortable to wear, and are subject to signal loss
when the subject being monitored changes position or
becomes mobile. In an embodiment of a wireless passive
respiration monitoring system, devices may be knitted into
the fabric of a wearable, wireless, smart garment. For
example, conductive thread in the garment may act as an
antenna inductively coupled to a Radio Frequency Identifi-
cation (RFID) chip in the fabric. In this embodiment, the
Received Signal Strength Indication (RSSI) may change as
the knitted antenna is deformed due to stretching of the
garment, to determine different types of motion in the
inductively-coupled chip and knit antenna structure as it is
moved by the wearer.

[0061] Depending on the requirements of gathering health
condition data, a plurality of RFID tags may be employed
with different sensors, to provide power and to transmit data.
For example, as shown in FIG. 10, an exemplary passive
RFID tag based component 1000 may comprise a battery-
free combination heart rate and respiration rate monitor
having a separate RFID tag for each measurement. Machine
learning algorithms may be used to accurately classify RFID
data into heart beats and active respiration. A histogram of
breathing (left bar of each pair) and heartbeat (right bar or
each pair) RSSI values is shown in FIG. 11. Despite notice-
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able overlap, the breathing RSSI values tend to be larger
than the heartbeat values. With filtering and signal-process-
ing similar to that previously described, both the respiration
rate and the heart rate of the subject may be determined from
these RSSI values.

[0062] The only pre-processing required for heart rate
determination may be the calculation of time between suc-
cessive RFID tag responses. However, for respiration rate, it
may be necessary to filter every N-seconds of data (the
measurement window) using a Kalman filter due to the noisy
output from the passive wireless RFID tag. No additional
pre-processing of the data is needed, and this filtering can be
done on each successive window rather than on the entire
data set, facilitating real-time processing. FIG. 12 illustrates
RFID respiratory data over time, with the average and
standard deviation of each window plotted over 8-second
time horizons. The data before Kalman filtering is shown at
the top left of the figure, and after Kalman filtering is shown
at the bottom right. The window values (x-axis) shown in red
indicate exhaling, and blue indicate inhaling.

[0063] FIG. 13 illustrates an exemplary respiratory clas-
sification method that uses linear classifiers to classify
inhaling and exhaling RFID data. A Support Vector Machine
(SVM) separates the mean and standard deviation of win-
dows of data into an inhaling class and an exhaling class.
The SVM requires training data for both classes, which is
biologically infeasible for the exhaling class (as this would
require the subject not to inhale). This can be overcome by
using a single-class SVM classifier, which assumes that any
data point outside an “envelope” of observed training data is
an anomaly. However, these anomalies are observed to occur
only in specific regions relative to the training envelope.
[0064] By filtering and utilizing a Support Vector Machine
for classification, it is possible to classify up to about 94%
of respiratory data points accurately (calculated by so-called
Receiver Operating Characteristic-Area Under the Curve
“ROC-AUC”), using a window size of approximately 4
seconds (128 data points per window collected at 30 Hz),
and a training set size of approximately 2.5 minutes.
[0065] It is contemplated that practical wearable passive
RFID tag based devices can be manufactured having a small
form factor, for example by integrating some or all of the
components illustrated in the reference numeral 26 dashed
box in FIG. 2 with signaling antennas on a single flexible
circuit board no larger than a standard credit card. Such
devices may be incorporated into garments or may be
provided with a wearable strap or harness. Advantageously,
the user never has to replace or recharge a battery or perform
any other maintenance. Such a device may be used for
example as a mobile heart rate monitor for patients in
healthcare facilities, as a comfortable cardiac/respiration
monitor for infants in cribs, and the like. The disclosed
wireless monitor system may also be used during exercise,
for example on aerobic exercise machines such as tread-
mills, stationary bikes, and the like.

[0066] Although embodiments and aspects of the inven-
tion have been disclosed with a certain degree of particu-
larity, the description and figures have been made by way of
example only. A person of ordinary skill in the art would
understand that numerous changes in the details of construc-
tion, combination, and arrangement of parts and steps may
be made without departing from the scope of the disclosure.
Accordingly, such changes are deemed to be included within
the scope of the invention, the protected scope of which is
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defined by the claims. Accordingly, the invention is not
limited except as by the appended claims and the elements
explicitly recited therein.

1. A passive RFID health monitoring device, comprising:

an antenna for receiving a continuous interrogation signal,

a passive RFID chip coupled to the antenna comprising:

a power harvester circuit coupled to the antenna that
obtains power from the interrogation signal and
converts it to direct current (DC) 1o provide operat-
ing power for at least one other circuit in the passive
RFID chip;

a health data amplifier circuit coupled to the power
harvester circuit and having at least one port for
receiving a cyclical health data signal from at least
one sensor, the health data amplifier circuit operative
to receive operating power from the power harvester
circuit and use the power to amplify the received
cyclical health data signal,

a data detector circuit coupled to the health data ampli-
fier circuit that receives the amplified cyclical health
data signal and detects the occurrence of at least one
event of interest in each cycle of the cyclical health
data signal, and outputs a signal containing informa-
tion of each detected event of interest; and

apassive RFID tag coupled to an antenna and operative
to output via the antenna a default continuous back-
scatter signal responsive to the received interroga-
tion signal, the RFID tag coupled to the data detector
circuit to receive the signal containing information of
each detected event of interest, and further operative
to modify the backscatter signal to include at least a
portion of the information of each detected event of
interest.

2. The device of claim 1, wherein the cyclical health data
signal includes at least one electrocardiographic (ECG)
signal from at least one ECG sensor operationally coupled to
a subject, the ECG signal containing information of the
condition of the subject’s heart.

3. The device of claim 2, wherein:

the event of interest is the occurrence of the peak ofa QRS

Complex (R) in each cycle of the ECG signal;

the data detector is a heart rate detector that detects the

peak of the R event in each cycle, the heart rate detector
configured to output a pulsed binary waveform that
switches from a first value to a second value when it
detects the peak of the R event, remains at the second
value for a predetermined duration, and returns to the
first state at the end of the predetermined duration.

4. The device of claim 3, wherein the RFID tag does not
output the continuous backscatter signal when the pulsed
binary waveform has the second value, and does output the
backscatter signal when the pulsed binary waveform has the
first value.

5. The device of claim 3, wherein the cyclical health data
signal includes a respiration signal that arises in at least one
respiration sensor responsive to a cyclical motion caused by
a subject’s breathing, wherein:

the health data amplifier circuit has at least one port for

receiving the respiration signal from the at least one

respiration sensor and amplifies the respiration signal;
the data detector circuit is a respiration detector that
receives the amplified respiration signal and detects the
occurrence of at least one event of interest in each cycle
of the respiration signal, and outputs a waveform
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containing information of the subject’s respiration cor-
responding to the detected event of interest; and

the passive RFID tag is coupled to the respiration detector

to receive the waveform containing the information of
the subject’s respiration, and is operative to modify the
backscatter signal to include at least a portion of the
information of the subject’s respiration.

6. A passive RFID health monitor system, comprising:

the passive RFID health monitoring device of claim 1;

an RFID reader inductively coupled to the passive RFID

health monitoring device, and containing a data pro-
cessor operative to obtain and perform operations on
the health information included in the modified back-
scatter signal from the RFID tag of the RFID health
monitoring device.

7. The system of claim 6, wherein the operations per-
formed on the obtained health information include calculat-
ing a rate of occurrences per minute of the cyclical health
data signal sensed by the at least one sensor.

8. The system of claim 7, wherein the rate is one of a heart
rate and a respiration rate.

9. A method of monitoring the health of a subject,
comprising:

training a model for use in accurately characterizing new

data points in a new window of time using data points
corresponding to sensed information of a cyclical
health data signal from a most recently completed
window of time; and

detecting occurrences of an event of interest in each cycle

of the cyclical health data signal using the model.

10. The method of claim 9, wherein the model training
includes logistic regression and parameter extraction using
the data points.

11. The method of claim 10, wherein the logistic regres-
sion and parameter extraction comprise steps including:

calculating an estimated probability that an occurrence of

the event of interest is indicated by each of the data
points, including estimating a parameter for use in the
calculation;

estimating an error in the estimated parameter used in the

probability calculation, including calculating an error
in predicting an occurrence of the event of interest, and
calculating an error in predicting the lack of an occur-
rence of the event of interest;

calculating an improved parameter for use in recalculating

the probability estimate;

repeating the steps of calculating a probability estimate

using a parameter, estimating an error in the parameter,
and calculating an improved parameter until the value
of the parameter converges; and

using the converged parameter as the parameter for the

model to characterize new data points.

12. The method of claim 11, wherein the estimating the
probability that an occurrence of the event of interest is
indicated by each of the data points includes using the data
points in a calculation given by the equation:

hglx;) = =

where “hg(x,)” is the probability that a data point repre-
sents an occurrence of the event of interest or not, “x,”
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represents a training data feature with index “i”, and
“9” represents parameters of the model.

13. The method of claim 12, wherein the error in esti-
mating a parameter for use in improving the estimated
probability of the occurrence of the event of interest is
calculated using the equation:

-lcom .
E@®) = _Z-— {y'loglhs () + (1 = y')log(1 - he(x: )}
m i=1

where “m” is the number of training samples with index
“1”, and “y” is the actual state of the output.

14. The method of claim 13, wherein after the error due
to the choice of'y is determined, a new estimate of 6 may be

calculated using the equation:

AE(®
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where “o.” is a scaling factor that adjusts the step sizes for
new values of 0.

15. A tangible data storage device on which is stored
computer instructions which, when executed on a passive
RFID health monitor reader, cause the reader to perform a
method comprising:

training a model for use in accurately characterizing new

data points in a new window of time using data points
corresponding to sensed information of a cyclical
health data signal from a most recently completed
window of time; and

detecting occurrences of an event of interest in each cycle

of the cyclical health data signal using the model.

16. The storage device of claim 15, wherein the model
training includes logistic regression and parameter extrac-
tion using the data points.

17. The storage device of claim 16, wherein the logistic
regression and parameter extraction comprise steps includ-
ing:

calculating an estimated probability that an occurrence of

the event of interest is indicated by each of the data
points, including estimating a parameter for use in the
calculation;

estimating an error in the estimated parameter used in the

probability calculation, including calculating an error
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in predicting an occurrence of the event of interest, and
calculating an error in predicting the lack of an occur-
rence of the event of interest;

calculating an improved parameter for use in recalculating

the probability estimate;

repeating the steps of calculating a probability estimate

using a parameter, estimating an error in the parameter,
and calculating an improved parameter until the value
of the parameter converges; and

using the converged parameter as the parameter for the

model to characterize new data points.

18. The storage device of claim 17, wherein the estimating
the probability that an occurrence of the event of interest is
indicated by each of the data points includes using the data
points in a calculation given by the equation:

1

hglx;) = 7077

where “h0(x,)” is the probability that a data point repre-
sents an occurrence of the event of interest or not, “x,”
represents a training data feature with index “i”, and

“0” represents parameters of the model.
19. The storage device of claim 18, wherein the error in
estimating a parameter for use in improving the estimated
probability of the occurrence of the event of interest is

calculated using the equation:

“lom ;.
E@)= — 37" 1y loglh(m) + (1 -y log(l ~ hg()

where “m” is the number of training samples with index
, and “y” is the actual state of the output.

20. The storage device of claim 19, wherein after the error
due to the choice of 0 is determined, a new estimate of 0 may

be calculated using the equation:

s
1

JE®)
Operw =0~ QW

where “a.” is a scaling factor that adjusts the step sizes for
new values of 6.
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