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ABSTRACT While Doppler radar can be used to measure cardiopulmonary vital signs during sleep,
meaningful diagnostic assessments are often subject to knowledge of a subject’s changing sleep posture. The
torso Effective Radar Cross Section (ERCS) and displacement magnitude were studied for 20 human subjects
in three imitated sleep posture categories using a dual-frequency Doppler radar system in an exploratory
examination of the feasibility of using radar to recognize body orientation. Box plot statistical analyses
were performed for comparative assessment of ratio variations in ERCS and respiration depth for three
different imitated sleep postures. The observed statistical trends and correlations were applied to a physical
model to develop posture decision algorithms with initial supine posture data used as a reference. A single-
frequency algorithm tracked postures without error for 90% of the subjects using 2.4 GHz data, and 80%
using 5.8 GHz data. As accuracy limitations were complementary, a dual-frequency algorithmwas developed
which recognized postures without error for 100% of the subjects.

INDEX TERMS Doppler radar, radar cross-section, radar remote sensing, sleep posture, radar signal
processing.

I. INTRODUCTION
Sleep is a biological imperative for humans, and quality of
sleep plays an important role in ensuring people stay active,
healthy, and energetic [1]. Irregular or insufficient sleep pat-
terns increase daytime fatigue and have a proven relationship
with chronic diseases, such as obesity and diabetes [1], [2].
One of the most common sleep disorders is sleep apnea,
characterized by pauses in breathing during sleep that can
increase the potential risk of serious diseases such as hyper-
tension and bipolar disorder [1], [3], [4]. Various clinical
investigations have demonstrated that the recoginition of key
categories of posture assumed during sleep can serve as a
diagnostic indicator for a variety of chronic diseases and can
potentially aid in medical therapies [5]–[9]. The predominant
categories of concern in sleep medicine are supine, prone,
and side. For example, the avoidance of the supine posture
(i.e., sleeping on one’s back) can reduce the severity of sleep
apnea [10] and reduce the risk of sudden infant death syn-
drome (SIDS) [11]. Also, pressure ulcers (i.e., bedsores) are
a common medical ailment for bedridden patients, for which
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physicians or caregivers recommend adjusting postures every
two hours [12]. Thus, there is significant value in an unob-
trusive monitoring system which can recognize categories of
sleep posture.

Prior related research has focused on recognizing sleep
postures from cardiovascular signals extracted from electro-
cardiograms (ECG) [13]. However, this approach is contact
based, requiring specialized instruments and trained profes-
sionals that can make the procedure too cumbersome and
expensive for many applications. Video cameras have also
been used to recognize sleep postures [14], however, the
collection of video imagery introduces privacy issues, and
the accuracy is hampered by obstructions such as bed covers
[6]–[9]. Pressure-sensitive bedsheets with densely deployed
textile sensors have been used to generate pressure map
images, withmachine learning (ML) classifiers used to recog-
nize sleep postures [15]. However, when fully developed the
sensor system must replace the user’s simple bedding with a
complex system that requires an active power supply, presents
hygienic issues, affects comfort, and generally imposes a
significant maintenance burden [6].

This paper examines an approach for recognizing three
categories of sleep posture while simultaneously measuring
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diagnostic cardiopulmonary patterns using an unobtrusive
and non-contact Doppler radar system. Previous applica-
tions of cardiopulmonary radar in the biomedical field
have included monitoring cardiopulmonary-related motion
characteristics of a single [16], [17] and multiple sub-
jects [18]–[20]. Prior research also successfully demonstrated
sleep monitoring [21] with CW [22]–[25], FMCW [26], [27],
and UWB [28], [29]. While sleep applications of radar have
included recognition of sleep stages (i.e., REM, non-REM)
[24], [28], and apnea events [21], [25], [29], there have also
been recent research efforts involving sleep posture recog-
nition. Sleep posture recognition for chronic sleep disorder
patients has been examined using Doppler radar with wavelet
packet decomposition and a deep neural network [30]. The
feature extraction method used was developed based on data
collected in supine, prone, and side positions fed to deep
neural network architecture, without employing a physical
model. In contrast, themethod proposed in this paper does not
require a priori knowledge of patient signatures in prone and
side positions and determines the subject’s posture based on
fundamental features that feed into a physical model which
works beyond sleep disorder patients to track a full variety
of healthy or ill subjects. Recently, frequency modulated
continuous wave (FMCW) radar was applied with amultipath
analysis of reflections used to distinguish sleep postures using
a neural network model [31]. However, this method requires
calibration data with subjects wearing accelerometers in dif-
ferent sleep postures in a fixed home environment (accuracy
94.1%). Furthermore, multipath is highly dependent on the
physical environment including furniture or other people.
When the neural network model was transferred to other
subjects in different environments, accuracy was reduced to
86.7% and 83.7%, and the method was not effective for a
prone subject.

In our prior research, real-time sleep monitoring using
microwave Doppler radar was demonstrated for recognizing
different obstructive sleep apnea events (apnea, hypopnea)
[25]. However, patients were instructed to maintain their
sleep postures to simplify the analysis, and the radar system
focused solely on extracting breathing and heart patterns with
posture changes considered an unwanted source of measure-
ment interference. The potential for a similar sleep apnea
monitoring system to be used to track and compensate for
posture changes is considered in this paper. This approach is
based on a physical model that does not depend on extensive
learning of a particular subject in each posture of interest,
or an unchanging physical environment. While the phase-
modulated reflection in a physiological radar measurement is
directly proportional to the subtle movement of the subject’s
chest surface due to cardiorespiratory activity, the power of
the signal at the receiver is a measure of effective radar
cross-section (ERCS) [32]. When subjects switch postures it
affects the ERCS, as different parts of the body are exposed
to the radar and those parts convey cardiopulmonary motion
differently. Additionally, measured displacement varies with
body orientation. This offers the potential to tailor sleep apnea

FIGURE 1. Concept and block diagram for continuous-wave Doppler
radar system used to distinguish sleep postures during cardiopulmonary
monitoring. I-Q phase varies with torso displacement while ERCS varies
with sleep postures.

recognition to the known posture of the subject, even when
that subject changes posture through the night. Also, respira-
tory tidal volume measurement depends on foreknowledge of
subject posture [33], [34], and thus this too can be similarly
tracked by the integration of ERCS and displacement mea-
surements. Furthermore, the ERCS measurement itself can
be used as an indicator of sleep apnea events [35].

The research presented here tests the hypothesis that a
physiological radar system can accurately recognize changes
in posture in a manner required for accurate assessment of
cardiopulmonary motion with the same radar system, as illus-
trated in Fig. 1. Measurements previously taken on a single
subject [32] showed a significant difference between the
ERCS in the three sleep-type postures as well as between the
respiration depth of a subject in prone and supine postures.
However, the significance and repeatability of those results
must be further examined by studying variations in a small
sample population of subjects to explore whether the method
is viable for supporting diagnostic measurements for varied
patients in clinical studies of sleep apnea or other respiratory
disorders. The fundamental theory introducing ERCS and its
relationship to posture has been reported in a Ph.D. disser-
tation, along with details on subject testing and the basis for
a posture determination algorithm [36]. The two frequencies
used for the study, 2.4 GHz and 5.8 GHz, were chosen not
only for the ease of use of the ISM band, but for the rela-
tionship between the wavelength and the target dimensions
for each, and accociated benefits in measuremenmt accuracy.
In this paper, the reported subject data is analyzed through
box-plot statistics from which new insight is derived and a
corresponding comparative analysis is presented. The intro-
duction of visualized estimators and related statistical anal-
yses revealed key distribution trends. These have resulted in
a more effective single-frequency posture decision algorithm
(by up to 20%), and a more robust dual-frequency decision
algorithm. Ultimately, single frequency posture assessments
worked without error for 90% of the subjects at 2.4 GHz, 80%
at 5.8 GHz, and 100% using dual-frequencies.

The accuracy of the measurement system for this study
was initially assessed using a mechanical target to estimate
the system sensitivity to misalignment of the target with
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respect to the radar transceiver. The radar employed two
carrier frequencies to introduce diversity for ERCS measure-
ments. Measurements carried out on twenty human subjects
are then presented, and data statistics are used to show the
trend by which the ERCS and torso displacement magnitude
are correlated to changes in posture. Based on these results,
a decision algorithm was developed to investigate the ability
to automatically recognize the sleep-type posture of a subject.
In this algorithm, it is assumed that initial measurements are
taken while the subject is in a supine posture. By applying
the proper thresholds and using a dual-frequency radar, this
research demonstrates that such a system can differentiate
whether a subject maintains a supine posture or switches to a
prone or side posture.

II. SYSTEM ACCURACY ASSESSMENT
The Doppler radar system used here is designed for human
cardiopulmonary sensing and configured to extract three
main parameters for a moving target: ERCS, motion displace-
ment magnitude, and rate of motion. The captured baseband
signal traces an arc on the complex I-Q plot where the radius
is proportional to the square-root of the ERCS. The angle
scanned by the arc on the complex I-Q plot corresponds to the
displacement magnitude of the moving target. The quadrature
baseband signals are dc-coupled to the two-stage cascaded
LNA’s. The dc component in each signal is subtracted at
the second stage where the amplified signal from the first
stage is added to its dc estimate with negative polarity and
correct scaling [37], [38]. The measurement system and I-Q
concepts are illustrated in Fig. 1. In principle, the ERCS
measurement using Doppler radar is based on detecting phase
modulation caused by a moving target. Since the motion is
in the direction of the transceiver, the target range is also
modulated by the displacement leading to a variation in the
power of the returning wave. For a small displacement away
from the center position, the amplitude modulation can be
neglected but the angle scanned by the arc introduces an
ambiguity in estimating the arc radius. On the other hand,
a large target displacement lets the arc cover a larger part
of a circle, but the amplitude modulation introduces some
deformation to the arc and affects the radius estimation accu-
racy. The system used for this study employs two frequencies,
2.4 GHz, and 5.8 GHz, as using two carrier frequencies
introduces diversity in the ERCS measurements. Table-1 lists
the different components used for the Doppler radar system.
Fig. 2 illustrates the antenna board platform used in this
experiment. The setup has separate but identical transmitting
and receiving antennas. Given that the target range is limited
by the height of the ceiling, low frequencies are more likely
to satisfy the wave-planarity condition of far-field measure-
ments. Therefore, the differences in curvature between the
front and back of the body become more detectable. On the
other hand, high frequencies pull the target closer to the opti-
cal region of electromagnetic scattering where differences in
size are more accurately detected. The target size effectively
changes when the subject rolls to a side posture.

TABLE 1. Doppler radar system specifications.

FIGURE 2. Ceiling-mounted antenna platform for radar sleep posture
measurements (a). The platform used separate but identical transmitting
and receiving antennas, including two ASPPT 2998 panel antennas for
2.4 GHz (red circle) and two Wi-Fi antennas for 5.8 GHz (blue rectangle),
and was mounted vertically for the short-range mechanical mover
measurements (b).

In order to establish validity for the measured quantities,
system accuracy was tested using a metallic spherical object
in a setup similar to the one presented in [32]. The target used
was a metallic hemisphere with a diameter d = 24.5 cm.
From Mie series solution for perfectly conducting spheres
[39], the target lies toward the end of the resonance region
at 2.4 GHz and at the beginning of the optical region at
5.8 GHz. The size of the hemisphere is also comparable to
the dimensions of the average human torso.

A. ERCS MEASUREMENT ACCURACY
The accuracy by which ERCS is measured depends on the
system sensitivity to the target alignment. In this experiment,
the target was measured at three different positions. First the
target was laterally alignedwith the transceiver. The baseband
signals were recorded while the target was oscillating in
the axial direction. Then the process was repeated with the
target shifted laterally by two centimeters to the left and two
centimeters to the right. The target was initially put in motion
using a mechanical mover with a 10-mm displacement mag-
nitude. The mechanical mover simulated chest surface move-
ment which typically ranges from 4-12 mm with a frequency
range of 0.2-0.34 Hz (12 to 20 breaths per minute). The arc
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TABLE 2. Arc radius estimation for target with 10-millimeter motion
amplitude at three lateral positions.

TABLE 3. Arcs radius estimation for target with 5-millimeter motion
amplitude at three lateral positions.

radius was calculated using a center estimation algorithm
[40] and the resulting statistics are presented in Table 2. For
2.4 GHz the mean arc radius was 4.25 V in the aligned posi-
tion, 4.26 V with a two-centimeter shift left, and 4.31 V with
a two-centimeter shift right. The maximum error caused by
the displacement offsets was 1.4%. Using 5.8 GHz, the mean
arc radii were 1.45 V, 1.34 V, and 1.28 V, respectively, giving
an error of 13%.

Another set of measurements was obtained at 5.8 GHz
but with the target, motion amplitude reduced to 5 mm. The
results are presented in Table 3. In this case, the mean arc
radius was 1.25 V for the aligned position, 1.26 V for the
two-centimeter shift left, and 1.21 V for the two-centimeter
shift right. The corresponding error was only 4%, indicating
that the electrical length of the displacement affects the ERCS
measurement accuracy. The dependence of ERCS accuracy
on target displacement was evaluated by comparing the mean
arc radius obtained with 10-mm and 5-mm motion magni-
tudes, 1.45 V compared to 1.25 V. This emulated the scenario
of repeated measurement of the same target but with different
motion magnitudes, and the corresponding error was 16%.
In human testing, it is expected that the subject can be lat-
erally aligned with plus or minus two-centimeter accuracy.
The torso displacement during respiration can range from
a few millimeters up to about three centimeters. Therefore,
accuracy in estimating the arc radius is generally expected to
be about 15% which has been proven satisfactory for posture
assessment.

B. DISPLACEMENT MEASUREMENT ACCURACY
By measuring the scanned arc angle, 1�, the displacement
was calculated using 1x = λ · 1� /4π . Table 4 and
Table 5 show the values of 1x obtained using a mechan-
ical displacement of 10 mm and 5 mm, respectively. For
the 10-mm oscillation displacement, the 2.4 GHz measure-
ments had a maximum discrepancy when the target was
at a two-centimeter offset to the left. The reading for this
measurement was 1.16 cm. Hence, the maximum error was

TABLE 4. Displacement magnitude and rate estimation for target with
10-millimeter motion amplitude at three lateral positions.

TABLE 5. Displacement magnitude and rate estimation for target with
5-millimeter motion amplitude at three lateral positions.

about 16%. At 5.8 GHz, the maximum error was reduced to
5%. But when the target oscillation was 5 mm in amplitude,
from Table 4, the error increased to 10%. This indicates
that greater accuracy is expected for electrically larger target
displacement despite leading to a variation in the power of
the returning wave. For a small displacement away from the
center position, the amplitude modulation can be neglected
but the angle scanned by the arc on the complex I-Q plot is
also small. Considerably small arcs introduce ambiguity in
estimating the arc radius. On the other hand, a large target
displacement allows the arc to cover a larger part of a circle,
but the amplitude modulation introduces some deformation
to the arc and affects the radius estimation.

C. RATE MEASUREMENT ACCURACY
In these tests, the mechanical target was set to swing with
a 0.3-Hz oscillation frequency. Therefore, the motion rate
was 18 rotations per min. The rotation rate was measured
by counting the number of cycles detected in the in-phase or
quadrature baseband signal as long as it was not at a ‘‘null’’
point. From Table 4 and 5, the measured rate in all cases
was approximately 18 rpm with a maximum error of 0.5%.
Hence, for human subject testing, accurate respiration rate
can be expected regardless of respiration depth and for both
the 2.4 and 5.8 GHz systems.

III. HUMAN SUBJECTS TESTING
A study of the cardiopulmonary characteristics for multiple
human subjects was conducted under IRB protocol number
14884 of the Committee of Human Studies at the Univer-
sity of Hawaii. The rf transmission power for these studies
was generally less than for typical WiFi router exposure.
A total of twenty subjects, 6 females and 14 males, were
included in the study. The physical characteristics of this
population are shown in Table 6. The ages of the partic-
ipants ranged from 22 to 75 years. The body mass index
varied from 19 to 31.8 kg/m2 where 8 subjects had normal
weight, 11 were overweight, and one was obese. The chest
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TABLE 6. Subjects physical properties.

breadth displacement frommaximum inhalation to maximum
exhalation ranged from 1 to 5 cm. The maximum chest
depth displacement ranged from 1 to 3 cm. For sedentary
breathing patterns, the maximum chest displacement ranged
from 1 to 5 cm (normal to front chest surface) and chest
breadth displacement ranged from 1 to 8 cm (parallel to
chest surface) [41], [42]. The maximum chest breadth is the
reading at maximum inhalation while the minimum breadth
is at maximum exhalation. The maximum chest breadth is
a bit larger than chest displacement, which is due to the
complex nature of chest expansion during respiration. Each
subject was measured in three recumbent postures: supine,
prone, and side. Within an anechoic chamber, each subject
was instructed to wear effort belts and a finger pulse strap
used for reference measurements and then lay down on a
flat horizontal surface. The transceiver antennas were sus-
pended above the subject using the ceiling of the chamber
at a range of 2.05 m, referred to as the bed surface. A total
of six measurements were taken for every subject. First,
the subject assumed the supine posture while received signals
were recorded for 90 seconds with the system operating
at one of the two RF frequencies. With the same posture
maintained, the system was switched to the other operat-
ing frequency and the new signals were recorded, also for
90 seconds. The subject was then asked to change posture and
the same procedure was repeated for prone and side postures.
All experiments were performed when subjects were fully
clothed but not covered by any blankets. Prior research has
demonstrated the efficacy of Doppler radar in this frequency
range when used for extracting vital signs when subjects were
covered with a bed sheet or quilt [24]. One of the major chal-
lenges in radar-based unobtrusive sleep posture recognition
results from the motion noise produced by the random
body or involuntary limb movement. However, successful

Doppler radar respiration sensing during random body
movement has been demonstrated in prior work [43]–[45].
In the associated methodology, random body movement was
mitigated by utilizing three different strategies, including:
(1) phase compensation at the Doppler RF front-end [45],
(2) phase-compensation for baseband complex signals [44],
and (3) cancellation during demodulation [43]. Furthermore,
in long-duration studies tracking of cardiopulmonary charac-
teristics is most useful when done during sedentary instances
as a lack of knowledge of the exact type ofmotion during each
non-sedentary instance makes it difficult to judge the diag-
nostic merit for such measures. For this, methods have been
demonstrated for distinctly recognizing sedentary conditions
and using only those for comparative assessments, and it has
been shown that such instances are very common between
instances of random motion [46]. These approaches can be
applied as needed with the posture tracking methods and the
exact approach would likely be optimized for the application.

IV. RESULTS AND STATISTICS
For each human subject, the baseband signal recorded at
every measurement scenario was analyzed to extract the
relative ERCS and the absolute torso displacement mag-
nitude. The time-domain signal was segmented into full
respiration cycles [32]. Each segment traced an arc on the
complex I-Q plot where the radius was estimated using a cen-
ter estimation algorithm. The segment-leading to maximum
arc radius was selected then the value was refined using the
circle fitting algorithm. Table 7 shows the resulting arc radius
at every posture and frequency.

The square of the radius is proportional to the ERCS of
the torso at the corresponding orientation. The angle scanned
by the arc leads to the torso displacement magnitude during
respiration, shown in Table 7 at every posture and frequency.
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TABLE 7. Displacement magnitude and estimated arc radius at 2 meters for two different frequencies (2.4 GHz and 5.8 GHz).

The entries marked with strikes in the tables indicate dis-
carded data, where the signal to noise ratio was insufficient
to resolve arc and radius features with adequate resolution.
These included data corresponding to distorted arcs where
the estimated circle radius was too small to contain the
arc. These cases are usually associated with an estimated
displacement magnitude that is larger than the physically
measured chest depth span of the subject in standing position
shown in Table 5. The results in table 6 indicate changes
in measured ERCS and estimated torso displacement magni-
tudes for three sleep-type postures, for any individual subject.
The trend by which both quantities vary with posture can
be understood through statistical analyses of the relationship
between the measured parameters at two different postures.
Taking supine as a reference, the first set of parameters to be
studied consisted of the ratios of the arc radius in prone and
side postures to that in supine. The second set was the ratios
of the torso displacement magnitudes. Statistical analyses
were applied to the results captured using each operating
frequency, separately.

A. ERCS VARIATION
The value of the estimated ERCS, and hence the arc radius,
vary between subjects due to several factors inherent to the
individual being measured. These include the size of the
subject, the curvature of the body surface, the body fat,
and the respiration motion characteristics. In addition, there
is variation due to the tolerance in the measurement itself.
By taking the ratio of the arc radius in prone to that in supine,
the resulting quantity was normalized with respect to the
subject physical characteristics. By obtaining the distribution

over all subjects, the tendency of this ratio to cluster around a
certain value was examined, as well as repeatability among
the population under study. Similarly, the ratio of the arc
radius in side posturewith respect to supinewas calculated for
every subject with similar analyses applied. For the 2.4 GHz
measurements, the far-field conditions were met. The arc
radius ratio distribution box plot of prone-to-supine ratio and
side-to-supine ratio is illustrated in Fig. 3. It can be observed
that the majority of the subject back-to-front posture ratios
have broader distribution than side-to-front postures. The
median for prone-to-supine arc radius ratio distribution was
2.3, first quartile was 1.4, and third quartile was almost 4.8.
This implies that the ERCS of the back of the body tends
to be at least 4 times larger than that of the front (Table-2).
For the side-to-supine arc radius ratio distribution the median
was 0.35, first quartile was 0.25, and third quartile was almost
0.75, which clearly illustrates the variability of dispersion of
the two simulated sleep posture ERCS-ratio data measure-
ments. The overall mean and standard deviation of the prone-
to-supine arc radius ratios were 3.2 and 2.46, respectively. For
the side-to-supine ratios, the mean was 0.54 and the standard
deviation was 0.41.

Unlike supine and prone postures where the size of the
moving surface exposed to the incident wave was similar,
in the side posture the size of the exposed surface was rel-
atively reduced. At 2.4 GHz and depending on the size of
the subject, the reduction could be such that the target fell in
the resonance region of interaction with the electromagnetic
wave, resulting in ERCS fluctuation that was not proportional
to size. But for the majority of the subjects in this test,
the ERCS of the side was smaller than that of the front and on
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FIGURE 3. Box and whisker plot of arc radius ratios with respect to
supine posture at 2 meters with a 2.4 GHz carrier. The interquartile range
(IR) (two boundaries of box) clearly illustrates the variability between
(prone to supine IR = 3.4, side to supine IR = 0.5) the two distributions.

FIGURE 4. Box and whisker plot of arc radius ratios with respect to
supine posture at 2 meters with a 5.8 GHz carrier. The interquartile range
(IR) (two boundaries of box) clearly illustrates the variability between
(prone to supine IR = 1.25, side to supine IR = 0.3) the two distributions.

average tended to be a quarter of the ERCS of the front. The
average ERCS ratios of prone-to-supine and side-to-supine
are strongly consistent with the proposed half-cylinder model
introduced in [47].

At 5.8 GHz, the radiation far-zone condition was strongly
met but the dimensions of the target led to spherical wave
measurements in the supine and prone postures. In the
side posture, since the exposed area of the body was
already smaller, the wave front tended to be planar espe-
cially along the chest depth dimension. The box plot of the
prone-to-supine and side-to-supine ratio distributions for the
5.8 GHz carrier at 2 m is shown in Fig. 4. The median
for the prone-to-supine arc radius ratio was 1.1, the first
interquartile was 0.75, the third interquartile was 2, and the
interquartile range was 1.25. For the side-to-supine radius
ratio distribution, the median was almost 0.23, first quartile
was 0.2 and third quartile was 0.5. The interquartile range
was almost 0.3. With 5.8 GHz carrier, the overall mean and
standard deviation of the prone-to-supine arc radius ratios
were 1.44 and 0.97, respectively. For the side-to-supine ratios,
the mean was 0.35 and the standard deviation was 0.27.

FIGURE 5. Normalized average arc radius I/Q plots for prone, supine, and
side postures, at (a) 2.4 GHz, (b) 5.8 GHz.

The two box plots in Fig. 2 and 3 clearly illustrate that the
variability of dispersion of the arc radius ratio distributions at
two different frequencies have the same trend in distribution
size in terms of the interquartile range. A summary of distinct
arc radius variation with posture is illustrated in Fig. 5.

B. DISPLACEMENT MAGNITUDE VARIATION
The data collected in Table 7 shows that the respiration depth
is altered when a subject changes posture from supine to
prone. For instance, at 2.4 GHz the measured displacement
of subject #01 in the prone posture was 0.46 cm compared
to 1.5 cm in supine. This implies that the respiration depth
was reduced approximately by a factor of 3. Similarly, in the
side posture the measured displacement was 0.58 cm, which
is also smaller than that in supine, this time by a factor
of 2.5. The respiration depth reduction in the prone posture
is expected as the body weight resists torso motion during
respiration compared to relatively unhindered respiration in
supine. But for the side posture, while one side of the body is
facing the hard-supporting surface, the other side is moving
upward with a displacement proportional to the chest breadth
span. From Table 5, the span of the chest breadth in standing
position is equal to that of chest depth for most of the subjects.
Therefore, the respiration depth in supine will be maintained
as a reference. The amount of reduction in prone respiration
depth and how the displacementmagnitude in the side posture
compares to supine can be examined through statistical anal-
yses. Thus, the displacement magnitude ratio was the second
parameter investigated.

As demonstrated in the system calibration and accu-
racy assessment, the spherical target displacement was mea-
sured with a tolerance of 16% at 2.4 GHz and 10% at
5.8 GHz. Although at 5.8 GHz the target is located in the
spherical-wave zone, the displacement measurement is more
accurate because the target is positioned further in the radi-
ation far-zone while the amount of displacement is indepen-
dent of the target shape. Therefore, the system sensitivity to
target surface curvature is not impacting the displacement
measurement as long as the target is far from the radiator in
terms of the number of propagation wavelengths.

For 2.4 GHz the ratio of the prone-to-supine and
side-to-supine respiration depth ratio was calculated, and the
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FIGURE 6. Box and whisker plot of respiration depth ratios with respect
to supine posture at 2 meters with a 2.4 GHz carrier. The interquartile
range (IR) (two boundaries of box) clearly illustrates the variability
between (prone to supine IR = 0.35, side to supine IR = 0.68) the two
distributions.

FIGURE 7. Box and whisker plot of respiration depth ratios with respect
to supine position at 2 meters with a 5.8 GHz carrier. The interquartile
range (IR) (two boundaries of box) clearly illustrates the variability
between (prone to supine IR = 0.33, side to supine IR = 0.43) the two
distributions.

box plot distribution is shown in Fig. 6. Themedian for prone-
to-supine ratio was 0.4, first quartile was 0.3 and third quartile
was 0.65. The interquartile range in the distribution was 0.35.
The overall average of prone to supine ratio was calculated as
0.48 and the standard deviation as 0.25, confirming that for
the average human subject tested the respiration depth while
prone was less than that in supine by a factor of 2. Similarly,
for the side-to-supine respiration depth ratio, the median was
0.85, first quartile was 0.42 and third quartile was 1.1. The
interquartile range of the distribution was 0.68. The overall
average was 0.83 and the standard deviation was 0.42. The
majority of the subjects generally had side-to-supine ratios in
the vicinity of unity. As a result, there should be no significant
difference expected for the displacement magnitude in side
posture compared to that in supine for the average human
subject.

Similarly, a box plot of prone-to-supine and side-to-supine
respiration depth ratio using 5.8 GHz is shown in Fig. 7. The
median of the prone-to-supine ratio was 0.45, the first quartile
was 0.32 and the third quartile was 0.65. The interquartile
range was 0.33. The mean of the distribution was 0.52 and
standard deviation was 0.31. These results are in agreement

with those obtained at 2.4 GHz confirming that the respiration
depth in the prone posture tends to be half that in supine
for the average human subject. Similarly, the side-to supine
depth ratio median was 0.7, first quartile was 0.42 and third
quartile was 0.85. The interquartile range was 0.43. The
mean of the distribution was 0.8 and the standard deviation
was 0.63. This also aligns with previous results obtained at
2.4 GHz indicating a considerably small difference in the
torso displacement magnitude in the side posture with respect
to supine. A simple t-test was performed in Matlab to assess
the significance of differences between the two different data
sets (prone-to-supine and side-to-supine). The results showed
that the t-test rejects the null hypothesis with a significance
interval of 99% which also validates the difference between
two posture data sets.

V. POSTURE RECOGNITION
In a likely practical application of cardiopulmonary remote
sensing, a patient who is initially in the supine posture would
be continuously monitored by sensors attached to the ceil-
ing and pointing downward. During that time, the patient
physiological characteristics would be logged. These include
heartbeat, respiration rate, ERCS and torso displacement
magnitude. Over extendedmonitoring, the patient is expected
to roll in bed, changing orientation with respect to the sensors
while measurements are proceeding. Tracking posture not
only facilitates sleep analysis but could also allow respiratory
tidal volume to be deduced from the other measurements
[32], [33].

The previous data statistics assessed the amount of varia-
tion expected for an average human when rolling in bed from
a supine posture to a prone or side posture. From these results,
thresholds can be determined to set the boundary between the
values corresponding to each assumed sleep posture. It is then
possible to develop a decision algorithm to detect whether the
subject has changed posture.

The reference inputs required by the algorithm are the
measured parameters in the supine posture. Once the ref-
erence readings are obtained, the system can periodically
assess the ERCS and displacement magnitude. In every cycle,
measurements are compared to those in the supine posture,
and resulting ratios are compared against boundary thresh-
olds. The tolerances in ERCS and displacement measure-
ments from Section II provided the boundary from which the
thresholds for maintaining the supine posture were derived.
The thresholds used to resolve the prone and side postures
were determined based on a statistical analysis of the twenty
subject study and selected for maximum likelihood of a cor-
rect decision.

Fig. 8 depicts flowcharts of the proposed single and dual
frequency decision algorithms, where Ar and Dr denote
ratios of arc radii and displacement magnitudes, respec-
tively. Applying this algorithm to the population of subjects,
the readings of prone-to-supine were first entered, and the
corresponding decisions examined. Then the same procedure
was followed for the side-to-supine readings. Two subjects
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FIGURE 8. Single and dual frequency flowcharts of decision algorithms
used to determine subject sleep posture based on arc radius ratio (Ar)
and displacement magnitude ratio (Dr) threshold tests. Single frequency
decision is based on two threshold assessments for both Ar and Dr (a),
while the dual frequency decision introduces a third threshold test for
both Ar and Dr (b).

were excluded from the prone-to-supine data because the
result for the 2.4 GHz arc radius was discarded in either the
prone or supine data, as shown in Table 6. Similarly, two
subjects were excluded from the side-to-supine data.

To assess accuracy of single-frequency systems, decision
algorithms were developed for each of the 2.4 GHz and
5.8 GHz radars, as shown in Fig 8(a). From statistical cal-
culations based on an initial analysis [36] the arc radius ratio
thresholds used for 2.4 GHzwere TA1 = 0.014 and TA2 = 0.5,
and the displacement ratio thresholds were TD1 = 0.16 and
TD2 = 0.35. For 5.8 GHz they were TA1 = 0.16 and TA2 =
0.3, and the displacement ratio thresholds were TD1 = 0.10
and TD2 = 0.35. Using 2.4 GHz alone, 3 out of 18 subjects
in side posture were erroneously assessed as prone (subjects
1, 7, and 18) and one prone subject was incorrectly assessed
as side (subject 17), thus functioning without error on 78%
of the subjects. Using 5.8 GHz alone, there was an increase
in errors as the algorithm resulted in 8 wrong decisions out
of 20 for the side posture (subjects 1, 2, 6, 9, 11, 15, 17, and
20), thus functioning without error on 60% of the subjects.
Box-plot statistics provide enhanced insight into the subject
data dispersion. Using the resulting interquartile ranges for
the arc lengths at each frequency the efficacy of the decision

FIGURE 9. Confusion matrix for posture assessments using 2.4 GHz only
(a), 5.8 GHz only (b), and a dual-frequency measurement (c). With the
incorporation of interquartile range statistics for arc lengths, on average
postures for 90% of subjects were assessed correctly using 2.4 GHz (15%
false classification for side postures and 10% false classification for
prone postures), and on an average 80% were correctly assessed using
5.8 GHz. Utilizing dual frequencies all subjects were correctly assessed.

algorithms was significantly increased. Using TA2 = 1.25 for
2.4 GHz, there was three erroneous decision (subject 6, 7 and
18) in prone and side posture assessment and using TA2 =
0.53 for 5.8 GHz, there were in total six erroneous decisions
(subjects 6, 7, 9, 11, 17, 20) for supine, prone and side posture
assessment of twenty subjects. Here, it should be mentioned
that new thresholds were fit on the twenty subjects dataset
whereas the old threshold was applicable for 18 subjects. The
percentage of subjects for which all postures were recognized
correctly was calculated as 90% for 2.4 GHz and 80% for
5.8 GHz, as illustrated in Fig. 9.

While the results for 2.4 GHz were most promising,
the complementary nature of the limitations for each fre-
quency suggested a dual-frequency decision algorithm could
produce more accurate decisions than for either frequency
alone. A dual-frequency algorithm was developed, shown
in Fig. 7(b), which applies the ratio threshold tests to both
frequencies and expands the process to introduce a third set of
thresholds for the arc radius ratios. The additional arc radius
ratio thresholds usedwere TA3 = 1.25 for 2.4 GHz, and TA3 =
0.7 for 5.8 GHz. Where arc ratios required dual-frequency
combinations (Fig. 7(b)), the distinct arc ratios are indi-
cated with a 2.4 or 5.8 subscript denoting the correspond-
ing frequency in GHz. As illustrated in Fig. 9 (confusion
matrix), postures for 18 out of 18 subjects (100%) were cor-
rectly assessed using the dual-frequency measurement. It is
expected that each single-frequency improvement from the
arc length interquartile range will make the dual-frequency
assessment accuracy more robust for larger, more disperse
data sets. The benefits of frequency diversity and the partic-
ular selection of operating wavelengths were based on three
factors [36]:
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The wavelength of choice must satisfy the conditions of
far-field measurements for accurate detection of a given tar-
get. On one hand, the radiation far-field condition requires
the target to be placed at a distance covering multiple wave-
lengths. On the other hand, for a fixed target size d , the plane
wave incidence condition requires the target range to be larger
than 2d2/λ. This implies higher frequencies will require the
target to be placed at further distances. Since this radar is
intended to assess patients lying in bed, the target range is
limited by the size of the room. The achievable range would
typically be within 2m, assuming the antennas would be
attached to the ceiling. Applying the equation above with
2.4-GHz and 5.8-GHz carriers, the radar illuminates a
far-field target with a diameter sweeping from 23 cm to 35 cm
[36]. This aligns with the expected target size in this applica-
tion where the ERCS can vary from supine/prone posture to
fetal posture.

The Mie relation of RCS for spherical targets shows that
the RCS is a function of the operating wavelength. If the
incident frequency is such that the target falls in the resonance
region of wave scattering, the RCS presented by the target
fluctuates with the target size. This will represent a challenge
when comparing two unknown targets with different sizes.
The operating wavelength must be small with respect to the
circumference of the physical cross-section of the target to
place the latter in the optical region where the RCS monoton-
ically increases with the target size. At 2.4 GHz, the average
human torso lies toward the end of the resonance region,
while for 5.8 GHz the target is deeper in the desired optical
region [36].

The third factor that determines the wavelength choice
is the target displacement magnitude. The human torso dis-
placement with respiration translates into an angle scanned by
the arc in the center-estimation algorithm. For accurate esti-
mation of the circle center, an arc scanning between 30 and
60 degrees is desired. With a 2.4-GHz operating frequency,
the optimum target displacement will be from 1 cm to 2 cm;
while for 5.8 GHz, it will be from 0.5 cm to 1 cm. This
aligns with the expected window of average human torso
displacement [36].

In summary, by having two transmitters illuminating the
target with two separate frequencies, the received signals
can be processed separately and hence improve the overall
system performance. The choice of 2.4 GHz and 5.8 GHz is
optimum for the specific application of the radar, in terms of
target properties and the placement of the radar. Frequencies
lower than 2.4 GHz would be deeper in the resonance region
of wave scattering and would result in smaller scanning
angles with torso displacement. Frequencies above 5.8 GHz
would require a greater distance for the target to satisfy
the far-field condition and could lead to phase-wrapping
issues with larger torso displacements [48]. While the thresh-
olds were based on average statistical trends observed in
the data that was subsequently used for validation, the fact
that the system ultimately accommodated all outliers is
noteworthy.

FIGURE 10. Experimental scenario in an office environment where the
participant switches postures each minute between supine (a), prone
(b), and side (c).

The design criteria for selecting thresholds were based on
observations and statistical trends in the dataset. Additionally,
the box-plot analysis provided insight on data distribution for
different postures. For refining the threshold, the interquartile
range (IR) of the data set was used which provides insight on
the upper and lower limit variations. For example, initially,
TA2 = 0.5 was tried for 2.4 GHz, but replacing that number
with the interquartile range of 1.25 increased the accuracy of
the single-frequency algorithm. In summary, some thresholds
were selected based on observation and some were selected
based on statistical trends.

This demonstrates that the proposed dual-band Doppler
radar system can efficiently differentiate between the three
sleep-type postures of a patient while monitoring cardiopul-
monary activity. Since the algorithm requires initial values
only in the supine posture, and since no absolute ERCS
reading is needed, a minimum burden is imposed for both the
patient and the clinic specialist. The latter can conveniently
take the reference readings once the patient is in bed and does
not have to go through any calibration process for the other
two postures.

VI. COMMON ENVIRONMENT ALGORITHM VALIDATION
To test the efficacy of the proposed system and algorithm in
a realistic setting, postures were also measured in an office
environment. Fig. 10 illustrates the experimental scenario
where the Doppler radar system was mounted on the ceiling
and the subject reclined on a flat horizontal surface 2.15 m
beneath it. A total of three repetitive measurements were
taken. The subject started in the supine posture for oneminute
and then switched to the prone and side postures. Fig. 11 illus-
trates the radar-captured breathing patterns during sleep for
the three different postures. In the time-domain signal, there
was an abrupt change during switching of postures. The cap-
tured time-domain signal was analyzed to extract the relative
ERCS and the absolute torso displacement magnitude. A seg-
mentation technique was used to remove the abrupt spikes
during posture transition [49]. In the segmentation technique,
60% of the maximum amplitude was discarded and the rest
of the periodic signal was analyzed. Each segment traced an
arc on the complex I-Q plot shown in Fig. 11 (b) where the
radius of the arc was estimated using a center estimation and
circle fitting algorithm [32]. For 2.4 GHz, supine, prone, and
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FIGURE 11. Data for subject in three different sleep postures, taken in an
office environment. Posture change events are evident in the
time-domain plot (a) where red ellipses highlight the transition from one
posture to another. In the arc-radius estimation from the I/Q plo
(b), prone postures result in the highest arc-radius, around 5.71 V.

side postures the relative ERCS or arc radius was 2.90, 5.70,
and 1.09, respectively, as shown in Fig. 10 (b). Similarly,
the chest displacement magnitudes were extracted for differ-
ent postures from the recorded dataset. The chest displace-
ment information for supine, prone, and side postures was
1.14cm, 0.43 cm, and 0.53 cm, respectively. From the ratios of
ERCS and chest breadth measurements, the proposed single
and dual-frequency algorithms were applied and accurately
recognized the three different postures using the thresholds
established in the initial anechoic chamber study. While this
experiment which took place in an office environment with no
rf control clearly illustrates anecdotal efficacy, further testing
in the home or hospital environments should be conducted to
identify potential interference and anomalies before collect-
ing long-term data for related clinical applications.

VII. CONCLUSION
A dual-frequency Doppler radar system that integrates sleep
posture recognition with cardiopulmonary monitoring has
been successfully demonstrated, with measurement results
for a 20-subject human study analyzed for the recogni-
tion of three critical categories of imitated sleep postures.

The approach used is uniquely based on a physical model
that does not require subject-specific supervised training with
monitoring data for each posture to be recognized.

It has been shown that the properties of the baseband
signals at the radar receiver depend on the orientation of
the subject with respect to the viewpoint of the transceiver
antennas. The ability to discriminate between these properties
for different orientations is key to monitoring the posture
of the subject by remote sensing using Doppler radar. With
the baseband signal represented as quadrature components,
digital processing algorithms were applied to extract the
ERCS and displacement magnitude of the torso during res-
piration. Measurements of metallic spherical targets, model-
ing expected human respiratory motion, indicated that these
two quantities can be effectively measured within acceptable
accuracy.

To explore the relation between the measured parameters
at different orientations, human testing was performed on a
sample group of twenty subjects. By comparing the ERCS
values and displacement magnitudes measured for three sleep
postures, some trends were clearly observed. For all collected
data, results obtained in supine posture were taken as a refer-
ence, emulating the practical case where measurements could
be first taken in the supine posture. The ERCS obtained in the
prone posture was ultimately greater than that in supine for
measurements performed at 2.4 GHz. This observation was
less prominent for the 5.8 GHz system due to the spherical
property of the incident wave at the relatively short target
range, which leads to a reduction in sensitivity to target
curvature.

On the contrary, the effective ERCS in the side posture was
smaller than that in supine for most subjects at both 2.4 and
5.8 GHz. The latter showed larger discrepancy between the
two postures as the target extends toward the optical region
of electromagnetic scattering. In that region, the ERCS is
directly proportional to the physical cross section and since
the size of the body side is smaller than the front or back,
a smaller ERCS is expected.

Additionally, the change in sleep posture compared to
prone was associated with a reduction in respiration depth
with respect to supine. This was observed for both operating
frequencies and the reduction consistently averaged out to
about 50%. For the side posture, the displacement magnitude
was comparable to that in supine and was only 20% less on
average.

Based on the statistical analyses of the population of
subjects, and considering the tolerances in measurements,
a decision algorithm was developed to investigate the poten-
tial to identify a subject’s orientation from the measured
ERCS and torso displacement magnitude. Having data only
for the known supine posture, the algorithm successfully
worked for all eighteen subjects with valid data. This work
concentrated on recognizing three different generalized sleep
postures (supine, prone, and side). Each subject assumed the
postures in their own way. In principle, recognition of addi-
tional intermediate sleep-related postures can be similarly
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attained using Doppler radar and remains beyond the scope
of this study.

The proposed method successfully tracked three distinct
recumbent postures for a twenty-person study in an ane-
choic chamber, with an additional successful tracking demon-
stration made in an office environment. As no two people
assumed the exact same form of each posture, there is some
level of robustness in our classifications that should hold up
whether or not the subject is asleep. A full clinical study
with a large sample of sleeping subjects, and simultaneous
video and polysomnography reference measurements, would
be an important step in bringing this posture measurement
technique to practical use.
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