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Abstract

This work aimed to evaluate whether a radar sensor can distinguish sleep from wakefulness in real time. The sensor detects body
movements without direct physical contact with the subject and can be embedded in the roof of a hospital room for completely
unobtrusive monitoring. We conducted simultaneous recordings with polysomnography, actigraphy, and radar on two groups:
healthy young adults (n = 12, four nights per participant) and patients referred to a sleep examination (n = 28, one night per
participant). We developed models for sleep/wake classification based on principles commonly used by actigraphy, including
real-time models, and tested them on both datasets. We estimated a set of commonly reported sleep parameters from these data,
including total-sleep-time, sleep-onset-latency, sleep-efficiency, and wake-after-sleep-onset, and evaluated the inter-method
reliability of these estimates. Classification results were on-par with, or exceeding, those often seen for actigraphy. For real-time
models in healthy young adults, accuracies were above 92%, sensitivities above 95%, specificities above 83%, and all Cohen's kappa
values were above 0.81 compared to polysomnography. For patients referred to a sleep examination, accuracies were above 81%,
sensitivities about 89%, specificities above 53%, and Cohen's kappa values above 0.44. Sleep variable estimates showed no significant
intermethod bias, but the limits of agreement were quite wide for the group of patients referred to a sleep examination. Our results
indicate that the radar has the potential to offer the benefits of contact-free real-time monitoring of sleep, both for in-patients and
for ambulatory home monitoring.

Statement of Significance

This work shows that a contact-free radar sensor with our real-time actigraphy-inspired algorithm can detect body movements and pro-
vide valid estimates of sleep, wakefulness, and related parameters. The performance was best for healthy volunteers in a psychiatric hos-
pital environment, with the radar placed either on the nightstand or permanently mounted in the ceiling. The radar generally performed
on par with actigraphy for sleep/wake classification. Contact-free recording is an advantage for patients with less tolerance for wearable
devices, e.g. in psychiatric hospitals. Future studies should attempt to improve the performance for home use and further validate this
tool for sleep/wake classification in a wider population, particularly in a real in-hospital setting. Sleep-stage classification from radar data
should also be explored.
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Introduction

The polysomnography (PSG) test [1] is considered the gold
standard of sleep studies, but it is not always an ideal option
[2, 3]. The multiple on-body sensors can be experienced as in-
vasive and uncomfortable, and the time and expense involved
in laborious manual interpretation make it a poor choice for
long-term monitoring or population studies. Fortunately, elec-
trophysiological signals are not the only way to get a measure of
sleep. Body movement modalities have been used for this pur-
pose since the first actigraphs were validated in the late 1970s-
early 1980s [4-6]. These devices typically record activity with
an on-body accelerometer and determine activity-rest from
those signals, commonly through simple automatic classifica-
tion models [7, 8]. Compared with PSG, they are cost-effective,
noninvasive, reasonably reliable for estimating periods of sleep
(although also recognized as having unfortunately low specifi-
city for periods of wakefulness during the night), and particu-
larly well suited for monitoring activity-rest cycles over time.
These properties have granted them a position of ubiquity in
sleep medicine and research as an alternative when PSG is not
feasible or desirable [9-11].

However, sometimes even a wrist actigraph can be too
demanding. For patients in a psychiatric hospital setting,
with, for example, disorganized behavior, psychosis, or sui-
cidal intents, the use of on-body sensor equipment of any kind
can be challenging, and potentially dangerous. And although
actigraphy data are collected prospectively, they are analyzed
retrospectively, so they can generally not be used to monitor
sleep in real time. Thus, they are less useful for hospital night
staff who needs to keep track of the sleep/wake state of patients
at any given time. So, even though sleep problems are virtually
ubiquitous among inpatients with mental disorders [12], and
although assessment of sleep can be crucial in diagnosis and
decision making, psychiatric units typically remain limited to
intermittent staff observations. This solution is far from ideal;
the reliability is limited, and it has been argued that the down-
sides in terms of sleep disruption and privacy infringement for
the patients might outweigh the benefits of this type of moni-
toring by a fairly wide margin [13].

This work seeks to evaluate if a radar sensor can be used
to provide an unobtrusive contact-free objective measure of
sleep. The sensor in question, an Impulse-Radio Ultra-Wideband
(IR-UWB) radar, can detect a range of movements from a person
in a room without requiring them to wear equipment on their
body; from the big movements of limbs to the very small mo-
tions induced by respiration. Under favorable conditions, even
the miniscule chest movements caused by a beating heart can
be recognized and recorded [14, 15]. Clothes or beddings do not
impede these signals [16], and since the registered data cannot
be used to directly identify individuals, a degree of privacy is
preserved. The radar is also capable of communicating its sig-
nals in real time.

The general aim of the present study was to evaluate whether
the body movement-derived signals recorded with the radar
sensor can be used to distinguish sleep from wake at least as
well as the activity signals from wrist actigraphy. In addition, we
aimed to evaluate whether contact-free sleep monitoring can
be done in real time. Our main objectives were to develop sleep/
wake classification models for the radar data, including real-
time models, and to compare the classification performance of

the radar with PSG (the gold standard) and actigraphy. Models
were first applied to a homogenous dataset from young healthy
adults recorded in a hospital environment, and then to a heter-
ogenous dataset from ambulatory sleep clinic patients. The
specific objectives for the evaluation were: (1) Estimate clas-
sification performance for sleep-wakefulness detection by ac-
curacy, sensitivity, specificity, and Cohen's kappa statistics using
both real-time and future-dependent models, and (2) estimate
agreement between methods for the main sleep outcome vari-
able total sleep time (TST) using Bland-Altman analysis, and
then similarly for four secondary sleep variables; sleep onset
latency (SOL), wake after sleep onset (WASO), sleep efficiency
(SE%), and number of awakenings (NW).

Methods
Data collection

Two sets of data were collected for this study from different
populations. The study protocol for the randomized cross-over
trial from which Dataset 1 (DS1) was acquired, and the protocol
was approved by the Regional Ethical Committee in Trondheim,
(Central Norway; REK: 2017/916) and is registered on the ISRCTN
website (reference number 12419665). The study was undertaken
in accordance with the Revised Declaration of Geneva [17] and
written informed consent was obtained from all participants.
The protocol for gathering Dataset 2 (DS2) was approved by the
Regional Ethical Committee in Trondheim, (Central Norway;
REK: 2017/309). Written informed consent was obtained from all
participants.

Both datasets consist of simultaneously collected data from
PSG, actigraphy, and IR-UWB radar.

PSG

PSG recordings were recorded using Somnomedics Somno HD
equipment (Somnomedics GmbH, Randersacker, Germany).
Six EEG electrodes were placed according to the International
(10-20) system [18]; F3, F4, C3, C4, O1, 02, plus a mastoid ref-
erence left side (M1) for the electrodes on the right side and a
mastoid reference right side for the left side electrodes (M2); two
electrooculografic electrodes (EOG) applied 1 c¢m laterally and,
respectively, 2 cm above and below the right and left lateral eye
cantus. EOG-reference electrodes were applied to the left (M1)
and the right (M2) mastoids. Surface electromyography (EMG)
was registered from the submental and bilateral anterior tibial
muscles.

Actigraphy

Phillips Actiwatch (Actiwatch Spectrum, Philips Respironics
Inc., Murrysville) placed on the nondominant wrist were used
for both datasets. Automatic scoring algorithms from the manu-
facturer were not used in this work. Instead, binned movement
data were exported from the actigraphs using Actiware (version
5.70.1; Philips Respironics Inc., Murrysville, PA), and then treated
in the same way as the simultaneously recorded radar data. The
actigraphy and radar data were subjected to identical sleep/
wake classification model development, resulting in models of
similar form but with different parameters. These models and
their parameters are reported in their entirety in Supplementary
Table S1.
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IR-UWB radar

The radar used was the XeThru model X4M200, a commercially
available radar sensor developed by Novelda AS. All radar data
for this work were stored in baseband I/Q [19] form, to enable
different or improved digital signal processing (DSP) at a later
date, and then subjected to the pulse-Doppler signal processing
provided by the manufacturer. Their Respiration_2 profile was
used, to obtain body movement and respiration rate estimates
at a rate of 1 Hz. This profile has a detection zone of 0.40-5.00
m, and a respiration detector range of 8-30 respirations-per-
minute (RPM). A more detailed description of the radar can
be found in Supplementary Material, or in the manufacturer’s
datasheet [20].

Dataset 1

Dataset 1 (DS1) consists of data from twelve healthy participants
of 20-30 years (5 male). These data were collected as part of a
randomized cross-over trial meant to evaluate the effect of the
light conditions in a state-of-the-art acute psychiatric hospital
unit at St. Olavs Hospital, Trondheim, Norway [21]. All 40 patient
rooms in this building have radar sensors installed in the ceiling.
This study was conducted in the last phase of the building con-
struction period before the unit was opened for patient admis-
sions. Prospective participants were eligible for inclusion if their
habitual sleep/wake cycle was normal; i.e. weekday bedtime
between 22:30 h and 00:00 h and weekday rise time between
06:30 h and 08:00 h, with small intraindividual variations (<2 h)
between weekdays and weekends, and no colour blindness.
Exclusion criteria were evidence of any current medical or psy-
chological condition, current use of prescription medication(s),
family history of severe mental illness, current sleep problems,
night shift work in the preceding 2 years, trans-meridian travel
in the preceding 2 months, and/or current use of non-prescrip-
tion drugs or illicit substances. From September 23, 2017, to
October 5, 2017, these participants resided for a total of 10 days
in the hospital; five consecutive days in each light environment,
with randomized order of exposure and one day of washout in
between. Between 08:00 h and 17:00 h participants had to leave
the unit to follow their normal daily life of work or studies. They
spent the remaining time in the hospital, and from 18:00 h to
07:00 h they were confined to their assigned light environment,
with a set bedtime at 23:00 h every night. Each participant wore
an Actiwatch set to 15-s epochs every day for the duration of the
study, also during the daytime hours. Each room had one radar
sensor mounted in the ceiling, and one placed on a nightstand
next to the bed. These recorded continuously at 17 frames-per-
second (FPS) for the duration of the study. Each participant
underwent a total of four nights of PSG; two consecutive nights
in each light condition.

Dataset 2

Dataset 2 was collected to observe a broad cross-section of
heterogenous troubled sleepers. From 2017 to 2020, patients
referred to the Department of Clinical Neurophysiology at St.
Olavs Hospital in Trondheim, Norway, for overnight sleep exam-
ination for sleep problems of any kind, could be asked to par-
ticipate. The only inclusion criterion was their willingness
to participate and their informed consent, and there were no
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exclusion criteria. Participants were outfitted with portable PSG
equipment and sent home for ambulatory sleep monitoring, as
per standard practice at this department. (Some participants
were originally referred to as respiratory polygraphy, a sim-
pler examination than PSG. These patients were “upgraded” to
full PSG upon consenting to participate in this study.) In add-
ition, they were given a Phillips Actiwatch actigraph set to 30-s
epoch length, and a portable radar sensor configured to record
baseband data at 300 FPS—this higher framerate was chosen to
enable a more detailed analysis of these recordings at a later
date. For the present work, the radar data was downsampled to
17 FPS and processed in the same way as the radar data from
DS1. The participants were instructed to place the radar sensor
on their nightstand (or on a provided camera stand, if they did
not have a nightstand), and to be alone in their bed on the night
of the recording.

Data preparation

Each PSG recording was manually scored by a specialist in clin-
ical neurophysiology according to the AASM Manual for the
Scoring of Sleep and Associated Events, version 2.4 [22], and
then exported to ASCII-format from the Domino software.
The raw radar data was processed using software provided by
Novelda AS to output activity and respiration estimates at 1 Hz.
Differences in internal clocks for radar, actigraphy, and PSG were
corrected with an alignment method based on maximum correl-
ation. To match the length of the PSG epochs, 15-s actigraphy ac-
tivity counts from DS1 and 1 Hz radar data were aggregated into
30-s bins by taking the mean. The three data types output by the
radar digital signal processing [fast movement, slow movement,
and respirations per minute (RPM)] were scaled to unify their
order of magnitude. Further details about data types and prepar-
ations can be found in Supplementary Material.

Sleep/wake classification model development

The inspiration for the sleep/wake classification approach taken
in this work comes from actigraphy. Of the four most common
methods for processing wrist actigraphic data from adults, three
are based on linear-sliding sum models over a time-horizon [7].
Activity data is binned into epochs of some specific length, com-
monly 30 s, resulting in a single activity value per epoch. Each
epoch is then scored as sleep or wake by comparing a weighted
sum of activity values from some “time horizon,” i.e. a number
of past, present, and future epochs, to some threshold. These
three common methods all use the same time horizon; they
score each epoch in the time series by considering its activity
value in conjunction with those of the four preceding and two
succeeding epochs. Only the parameters of the models are dif-
ferent, optimized for their specific datasets and hardware. One
of the three (Rescored Cole-Kripke) also impose an additional
layer of post hoc heuristic rules on the output of the initial clas-
sifications, which for this work we will call the Cole-Kripke re-
scoring rules [23, 24].

PSG-scored sleep stages N1, N2, N3, and REM were combined
into “sleep” and given the value 0, and epochs with the “wake”
state were given the value 1. DS1 was split equally into training
and test sets (DS1-train and DS1-test) by assigning the partici-
pants to either at random. With the PSG sleep/wake state as the
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target variable, logistic regression was performed over DS1-train
to estimate the parameters of linear sliding-sum models. This
procedure was followed for both activity data exported from the
actigraphs, and for the radar data. For the radar, each of the three
data types (fast movement, slow movement, and RPM) were in-
cluded separately in the regression, giving three data points per
epoch in contrast to the single activity value per epoch used for
actigraphy. Every combination of horizon length between zero
(only the present) up to and including ten epochs in either dir-
ection around the present were considered, for a total of 121
models per sensor. The resulting models output a value between
zero and one for each epoch, which can be interpreted as “prob-
ability of wake.” A p = 0.5 threshold was used on the continuous
output values from the regression models to classify each epoch
as either sleep or wake. Finally, the Cole-Kripke rescoring rules
[23] were applied. For real-time models, the final two rules, (4)
and (5), had to be excluded, because they depend on future in-
formation. The rules used in our work are: (1) after at least 4 min
scored as wake, the next 1 min scored as sleep is rescored wake,
(2) after at least 10 min scored as wake, the next 3 min scored as
sleep are rescored wake, and (3) after at least 15 min scored as
wake, the next 4 min scored as sleep are rescored wake. A more
detailed description of the model development can be found in
Supplementary Material.

Classification performance analysis

The classification models were applied to DS1-test, and
DS2. Epoch-by-epoch classification performance was evalu-
ated against PSG ground truth by calculating overall accuracy,
sensitivity, and specificity values. Because the data contain
significantly more epochs of sleep than wake, Cohen's kappa co-
efficients were also calculated to account for the high probability
of correct classification occurring by chance. Cohen's kappa
statistic has a range of -1 to 1, where zero indicates agreement
equivalent to classification by random chance and k = 1.00 indi-
cates perfect agreement. Universally accepted guidelines of in-
terpretation for values between zero and one do not exist, so for
the purpose of this work we will adopt the categories from Ref.
[25]: 0.41 < k < 0.60 = moderate agreement, 0.61 < k < 0.80 = sub-
stantial agreement, and 0.81 < k < 0.99 = near-perfect agreement.
Forest plots were used to compare the classification perform-
ance statistics of the actigraph to those of the radar devices.

Sleep parameters

Four commonly reported sleep parameters were calculated for
all sleep/wake classification results: SOL, the duration between
reported bedtime and objectively estimated sleep onset time;
TST, the total time spent asleep during a major sleep period;
WASQO, the total time awake between sleep onset and offset; and
SE, the percentage of time spent asleep during a major sleep
period. The overall NW during the major sleep period was also
counted. For calculating SOL, participants reported their bed-
time by pushing a user marker on their PSG equipment. For the
nights in DS1 for which no PSG was available, SOL was calcu-
lated from the set bedtime at 23:00. For PSG, sleep onset was
defined as the first 30-s epoch of any sleep stage after reported
bedtime. For both actigraphy and radar, sleep onset was defined
as the first epoch of the first three-minute period consecutively

scored as sleep, as per the definition used in [26]. Sleep offset, i.e.
wake time, was defined as the first epoch after the final epoch
scored as sleep. Student's t-tests were performed to test the hy-
pothesis that the mean difference between compared modal-
ities and PSG was zero. Cohen's D was used as an effect-size
measure, calculated by dividing the difference of the means
on the pooled standard deviations. The pooled standard devi-
ations were calculated by averaging the square of the standard
deviations and taking the square root of the result [27]. Bland-
Altman plots were used for visual comparison of agreements
between modalities, plotted with bias and 95% limits of agree-
ment (LA). The regression approach for nonuniform differences
was employed to look for proportional bias. When a statistic-
ally significant slope was identified, the regression line was in-
cluded in the Bland-Altman plot, and the R? value was reported
[28]. Forest plots were used to compare the parameter estimates
made with actigraph and radar data, in terms of their absolute
difference to corresponding PSG parameters. MATLAB (versions
R2018-R2020) was used for all analyses.

Results

DS1 contains recordings from 12 healthy young adults (mean age
+ SD: 23.0 + 3.1 years, 5 male). An equipment error in one PSG re-
cording and a malfunctioning ceiling radar sensor left 43 nights
of triple-registered recordings available for analysis. In total, 126
nights of double-registered nightstand radar and actigraphy
data were available, with 117 nights also containing data from
the ceiling radar. For actigraphy and the nightstand radar, 24
nights of triple registered data were assigned to DS1-train. For
the ceiling radar, two of these nights were missing data, leaving
22 nights. The rest of the data was assigned to DS1-test. DS2
contains triple recorded PSG, nightstand radar, and actigraphy
recordings from 28 adult sleep clinic patients (mean age + SD:
46.25 + 13.98 years, 19 male). Of these, 13 had obstructive sleep
apnea, the rest miscellaneous, and often multiple sleep prob-
lems including excessive daytime sleepiness, headaches, rest-
less leg syndrome, and insomnia. A summary of the datasets
can be found in Table 1.

Table 2 shows the epoch-by-epoch classification per-
formance of two models, one real-time and one with the

Table 1. Datasets summary

Nightstand Ceiling

Healthy volunteers® - training!

Radar + actigraphy 63 59

Radar + actigraphy + PSGS 24 22
Healthy volunteers — test’

Radar + actigraphy 62 58

Radar + actigraphy + PSGS 23 21
Patients with sleep disorders*

Radar + PSG + actigraphy 28 0

Number of concurrent nights of recording performed with three types of
sensors/equipment.

*n =12, mean age + SD: 23.0 + 3.1 years, 5 males.

The participants were randomly assigned to a training set for model develop-
ment, and a testing set for validation.

*Ambulatory sleep disorder patients, mean age + SD: 46.25 + 13.98 years, 19
males.

SPSG = polysomnography.
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Accuracy Specificity Sensitivity
Model type* Dataset Sensor type/placement [%] [%] [%] Cohen's kappa*100
Four past, two future ~ Healthy volunteers Radar nightstand 94.8 (1.7) 89.8 (7.1) 96.6 (1.6) 86.9 (5.4)
test sett Radar ceiling 93.8 (2.3) 86.3 (7.4) 96.6 (2.1) 84.3 (6.6)
Actigraphy 93.1(1.2) 85.4 (7.4) 96.0 (2.8) 82.6 (3.2)
Five past, zero future =~ Healthy volunteers Radar nightstand 94.5 (1.6) 89.5 (6.4) 96.3 (1.5) 86.3 (4.9)
(real time) test set Radar ceiling 93.3 (2.4) 85.4 (7.7) 96.3 (1.9) 83.1(6.8)
Actigraphy 92.7 (1.1) 83.9(7.7) 96.1 (2.6) 81.5(3.2)
Four past, two future  Patients with sleep Radar nightstand 80.9 (15.7) 53.7 (18.4) 89.5 (16.9) 44.8 (25.6)
disorders * Actigraph 83.8 (9.0) 74.3 (20.0) 89.4 (7.3) 53.3(15.8)
Five past, zero future  Patients with sleep Radar nightstand 80.9 (15.3) 53.4 (18.7) 89.7 (16.5) 44.3 (24.8)
(real time) disorders Actigraphy 84.1(9.0) 74.0 (20.2) 89.9 (6.9) 53.8 (16.2)

Epoch-by-epoch classification performance statistics for two models, both with the heuristic Cole-Kripke rescoring rules applied, compared to PSGS-determined

sleep/wake. Mean (SD) over the participants in the datasets.

*The models are defined by the number of preceding (past) and succeeding (future) epochs used to score a present epoch.
n =12, mean age + SD: 23.0 + 3.1 years, 5 male, 4 nights of PSG + actigraphy + two radars per participant. The participants were randomly assigned into a training set
for model development (n = 24/22 for nightstand/ceiling), and a testing set for validation (n = 23/21 for nightstand/ceiling). Values were calculated for all epochs from

each participant first, then averaged together.

*Ambulatory sleep disorder patients. n = 28, mean age + SD: 46.25 + 13.98 years, 19 male.

SPSG = polysomnography.

four-past-two-future horizon seen in the most common
actigraphy algorithms, both with the heuristic Cole-Kripke
rescoring rules applied. When multiple nights were collected
from each participant in a dataset, values were calculated for
all epochs from each participant first, then averaged together.
Confusion matrices showing the total number of correctly and
incorrectly classified epochs for each model are presented in
Table 3. Classification performance of other time horizons
with and without rescoring can be found in Supplementary
Material. In general, we observed that different time hori-
zons had little effect on model performance beyond a slight
decrease as the overall horizon length approached zero. The
rescoring rules generally improved the accuracy, specificity,
and Cohen's kappa values, at the cost of a slight decrease in
sensitivity.

For both datasets, the differences between the real-time
model and the non-real-time model were in the sub-percent
range for all performance statistics. Across all metrics, the
models performed better on DS1-test than on DS2. For the DS1-
test, the nightstand radar achieved the best results, followed by
the ceiling radar, and then by actigraphy, which outperformed
the ceiling radar in terms of specificity but otherwise achieved
slightly lower scores. All accuracies were above 92%, all sensi-
tivities above 95%, all specificities above 83%, and all Cohen's
kappa values were above 0.81. For DS2 the accuracy of actigraphy
was around 83% compared with around 81% for the radar. Both
achieved a sensitivity for sleep of approximately 89%, but in spe-
cificity for wake and the Cohen's kappa statistic, actigraphy not-
ably outperformed the nightstand radar, with respectively 74%
and 0.53 compared with 53% and 0.44.

Sleep variables for the triple-recorded nights for PSG and de-
rived for each sensor for two selected models are shown in Table
4, along with Cohen's D effect sizes and superscripts to indicate
parameters significantly different from their PSG counterparts.
An expanded version of this table also including the p-values
can be found in Supplementary Table S6. Bland-Altman plots for
the real-time models can be seen in Figures 1 and 2, with their
biases and LAs reported in Table 5 along with t-tests on the hy-
pothesis of zero bias.

For the real-time models applied to DS1-test, all TST es-
timates were similar to PSG (Table 4) and without significant
bias (Table 5). Significant overestimation of SOL by 2.5 and 4.0
minutes (Cohen's D: 0.41 and 0.63) was found for the night-
stand radar and actigraphy respectively, with no significant bias
found in SOL for the ceiling radar. NW was significantly under-
estimated by 5.3 and 7.9 discrete awakenings (Cohen's D: -1.09
and -1.57) for the nightstand and the ceiling radars respectively.
A single significant slope was detected, for SE compared be-
tween PSG and ceiling radar (R% 0.41). This slope is driven en-
tirely by a single outlying data point, and disappears when this
single point is removed. (The same data point can be observed
outside of the LAs in WASO for the same comparates, but does
not create a significant trend for this parameter). For the non-
real-time models, a significant difference to PSG was found for
the same parameters; nightstand SOL (+2.1 min), actigraph SOL
(+3.2 min), nightstand NW (-7.8 awakenings), and ceiling NW
(-9.7 awakenings). Additionally, the non-real-time model signifi-
cantly underestimated NW by 4.8 discrete awakenings (Cohen's
D: -0.93) for the actigraph. For the same models applied to DS2,
TST means were almost identical for PSG and nightstand radar
(Table 4), and bias was not present (Table 5). No significant biases
were seen in any sleep parameters, but their variations (seen
in the standard deviations and confidence interval width) were
quite a bit larger than for the DS1-test. In general, we observed
good agreement both for TST and the secondary sleep variables.

The estimated sleep parameters for all nights of the DS1-test,
including those for which PSG was not available, can be seen in
Table 6. Bland-Altman plots for the real-time model can be seen
in Figure 3, and the biases and LAs are reported in Table 7. No sig-
nificant differences were found in estimated TST values. A sig-
nificant difference in SOL of 3.2 minutes was found between the
two radar positions, with the nightstand estimating a longer la-
tency than the ceiling positioned sensor. Significant differences
were found for both WASO and SE between actigraphy and both
radar positions, of 16.8 and 11.5 min WASO and 2.6% and 2.1%
SE, respectively, for the nightstand and the ceiling positions.
No significant difference was found between the radar posi-
tions for these parameters. Significant differences were found
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Table 3. Confusion matrices With four past and two future epochs included in the model

Radar nightstand Radar ceiling Actigraphy
Healthy volunteers
test set” Wake Sleep Wake Sleep Wake Sleep
PSG*t Wake 7489 803 6551 1027 6961 1098
Sleep 708 19 644 667 17 877 845 19 505
TPR/FNR# 0.97/0.03 0.96/0.04 0.96/0.04
FPR/TNRS 0.10/0.90 0.14/0.86 0.14/0.86
Radar nightstand Actigraph
Patients with sleep & grapty
disorders! Wake Sleep Wake Sleep
PSG Wake 3515 3070 4381 2204
Sleep 2354 19123 2352 19 125
TPR/FNR 0.89/0.11 0.89/0.11
FPR/TNR 0.47/0.53 0.33/0.67
With five past and zero future epochs included in the model
Radar nightstand Radar ceiling Actigraphy
Healthy volunteers
test set Wake Sleep Wake Sleep Wake Sleep
PSG Wake 7465 827 6479 1099 6841 1220
Sleep 756 19 596 717 17 827 829 19521
TPR/FNR 0.96/0.04 0.96/0.04 0.96/0.04
FPR/TNR 0.10/0.90 0.15/0.85 0.15/0.85
Radar nightstand Actigraph
Patients with sleep & Py
disorders Wake Sleep Wake Sleep
PSG Wake 3483 3102 4350 2235
Sleep 2309 19 168 2253 19 224
TPR/FNR 0.89/0.11 0.90/0.10
FPR/TNR 0.47/0.53 0.34/0.66

Confusion matrices of epoch-by-epoch classification performance for two selected models, both with the heuristic Cole-Kripke rescoring rules applied, over two
datasets. Numbers on the main diagonals of the 2 x 2 matrices represent correctly classified epochs.

"n =12, mean age + SD: 23.0 + 3.1 years, 5 male, 4 nights of PSG + actigraphy + two radars per participant. The participants were randomly assigned into a training set
for model development (n = 24/22 for nightstand/ceiling), and a testing set for validation (n = 23/21 for nightstand/ceiling).

PSG, Polysomnography.
#TPR, true positive rate. FNR, false negative rate.
SFPR, false positive rate. TNR, true negative rate.

IAmbulatory sleep disorder patients. n = 28, mean age + SD: 46.25 + 13.98 years, 19 males.

between all estimates of NW, of 6.1 and 8.3 discrete awakenings
between actigraphy and the nightstand and ceiling radars, re-
spectively, and of 2.8 discrete awakenings between the two ra-
dars. Significant slopes indicating the presence of proportional
bias were detected for the WASO compared between actigraph
and nightstand radar (R% 0.29), and for TST, WASO, and SE com-
pared between the ceiling and nightstand radars (R% 0.39, 0.15,
and 0.36, respectively).

Forest plots for investigation of the comparative performance
of the actigraph versus the radar, using the real-time model, are
shown in Figure 4. The first column shows the compared ab-
solute difference between PSG-derived sleep parameters and
corresponding parameters estimated from the actigraph and
the radar respectively. The second column shows the differ-
ence in classification performance statistics between actigraph
and radar. Both columns are plotted as means of the differ-
ences along with 95% confidence intervals. Skewing left of zero
favours the radar and vice versa for the actigraph to the right.
For DS1-test in the top two rows, most plotted parameters have
means either centred or skewing slightly left, with confidence
intervals enveloping zero. The two exceptions both appear for

the sleep parameters of the ceiling radar, where SOL falls en-
tirely to the left of the line and NW entirely to the right. For
DS2 on the bottom row, the confidence intervals are wider and
the means skewing more to the right. All sleep parameters en-
velop zero in their confidence intervals, but for the classification
parameters, the confidence intervals of both Cohen's kappa and
specificity fall entirely to the right of the line.

Temporal raster plots can be generated to visualize and
summarize the patient's stay at the hospital. Figure 5 shows an
example for a single participant from DS1, generated from the
ceiling-mounted radar. The probability estimate output from the
real-time model has been plotted as a line, and the sleep/wake
classification result is indicated by the background colour.

Discussion

Our main results are: (1) Both nightstand and ceiling-mounted
radars showed excellent to good agreement with PSG for sleep
detection, quite comparable to actigraphy. (2) The performance
differences between real-time and non-real-time models were
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Table 4. Sleep parameters

Healthy volunteers test set”

Nightstand radar

(n=23) Ceiling radar (n = 21) Actigraphy (n = 23)
Model typet Variable# PSGS (n=23) Mean (SD) Cohen'sD Mean (SD) Cohen'sD Mean (SD) Cohen'sD
Four past, two future TST [min] 434.4 (18.2) 437.4(17.2) 0.17 438.3 (22.6) 0.24 433.2(20.1) -0.06
SOL [min] 10.5 (6.2) 12.6 (6.4  0.33 11.0(6.0)  -0.01 13.7 (6.6)1 05
WASO [min]  17.3 (11.2) 15.1(13.1) -0.18 17.5(17.8) -0.05 19.3(17.3) 0.13
SE [%] 94.0 (2.6) 94.1 (2.9) 0.01 93 9 (4.3) 0.06 93.0(4.0) -0.31
NW [num] 17.6 (4.7) 9.8 (3.9 -1.8 0@47)* =212 12.8 (5.5)1 -0.93
Five past, zero future (real time) TST [min] 434.4 (18.2)  4369(16.4) 0.15 437.3 (21.7) 0.2 433.1(19.3) -0.07
SOL [min] 10.5 (6.2) 13.0 (6.0)1  0.41 12.4 (6.4) 0.21 145 (6.5)1  0.63
WASO [min]  17.3 (11.2) 15.8 (12.1) -0.13 17.7 (17.0) -0.04 19.2 (15.8)  0.14
SE [%] 94.0 (2.6) 939(26) -0.07 936(42) -0.03 92.8(3.8) -0.37
NW [num] 17.6 (4.7) 12.3 (4.9 -1.09 10.0 (5.3  -1.57 152 (5.7) -0.46
Patients with sleep disorders!
Nightstand radar
PSG (n=28) (n=28) Actigraph (n = 28)
Model type Variable Mean (SD)  Cohen's D Mean (SD)  Cohen's D
Four past, two future TST [min] 386.7 (73.3) 386.5(85.2) O 372.0(59.3) -0.22
SOL [min] 13.0 (14.9) 10.0 (12.4) -0.22 14.2 (16.1)  0.07
WASO [min]  61.3 (55.7) 64.9 (77.8)  0.05 74.0 (42.6)  0.26
SE [%] 84.2 (12.2) 847 (16.1)  0.03 81.6 (9.5  -0.24
NW [num)] 24.6 (13.2) 19.3 (14.0) -0.39 21.6 (10.5) -0.25
Five past, zero future (realtime) ~ TST [min] 386.7 (73.3)  387.2(85.3)  0.01 3744 (58.2) -0.19
SOL [min] 13.0 (14.9) 10.3(12.2) -0.2 15.4 (18.1)  0.14
WASO [min]  61.3 (55.7) 61.9(80.8)  0.01 71.2 (39.2) 0.2
SE [%] 84.2 (12.2) 85.5(16.2)  0.09 82.0(9.0) -0.2
NW [num] 24.6 (13.2) 23.1(15.5) -0.1 23.9(11.5) -0.05

Sleep parameters extracted from manually scored hypnograms (PSG) and from the sleep/wake state sequences resulting from the application of two selected clas-
sification models to radar and actigraphy data. Sleep onset latency was calculated from a user-marker input. The significant difference found from paired-sample
Student's t-tests of each model/sensor compared to their corresponding PSG recordings are indicated with superscripts, and the standardized effect sizes are re-
ported by Cohen's D.

*n =12, mean age + SD: 23.0 + 3.1 years, 5 male, 4 nights of PSG + actigraphy + two radars per participant. The participants were randomly assigned into a training set
for model development (n = 24/22 for nightstand/ceiling), and a testing set for validation (n = 23/21 for nightstand/ceiling).

The models are defined by the number of preceding (past) and succeeding (future) epochs used to score a present epoch.

# SOL, Sleep Onset Latency; TST, Total Sleep Time; WASO, Wake After Sleep Onset; SE, Sleep Efficiency; NW, Number of awakenings.

SPSG, Polysomnography (sleep parameters scored manually, independent of models).

IAmbulatory sleep disorder patients. n = 28, mean age + SD: 46.25 + 13.98 years, 19 male.

p < 0.05 Student's t-test, compared to PSG.

*p <0.001.
very small. (3) Reliable estimates could be achieved for several actigraphy tend to lie in the 80%-90% range, with corresponding
standard sleep parameters like TST, SOL, SE%, NW, and WASO. specificities rarely above 60%, often around 50%, and sometimes
(4) For healthy subjects recorded in a hospital ward environ- even below 30% [7, 10, 26, 29-31].
ment, an agreement was generally excellent with a small es- In general, the real-time models performed slightly worse
timated LA. Wider LA was observed for sleep-disorder patients than the non-real-time models. However, this performance loss
using a nightstand radar in their home bedrooms; comparable is a small cost compared to the benefits of being able to provide
with but somewhat larger than LA for actigraphy for the same an immediate estimate of sleep/wake state. For DS1, the night-
population. In addition, both actigraphy and radar may tend to stand radar achieved the best overall classification results (larger
overestimate SOL and underestimate nightly awakenings. specificity and kappa values). However, since the differences be-
For the young healthy sleepers in DS1, the epoch-by-epoch tween radar placements were small, a ceiling-embedded radar
classification results of our models showed high accuracy and might still be preferable to a nightstand mount because it com-
sensitivity for both radar sensor placements and the wrist bines greater ease-of-use and flexibility with good performance.
actigraph data, as well as remarkably high specificities and Actigraphy was more specific than nightstand radar in the
Cohen's kappa values. A lower agreement was observed for the sleep-disorder patients of DS2. For the sleep parameters, the ra-
ambulatory sleep-disorder patients in DS2. However, these re- dars and actigraphy compared with PSG for DS2 showed an ex-
sults are still well within the range of performance commonly cellent similarity of TST, WASO, and SE%. Radars and actigraphy
reported by previous studies that evaluate actigraphy against tended to overestimate SOL and to underestimate NW.

PSG over various populations; sensitivities and accuracies for Comparing the modalities with each other resulted in relative

€202 Iudy || uo sasn Atesqim NNLN A9 67£8919/0909€SZ/8/11/2101He/des|s/woo dno-olwepede//:sdiy woiy papeojumoq



8 | SLEEPJ, 2021, Vol. 44, No. 8
PSG - radar (ni PSG - radar (ceiling) PSG -
100 T T T 100 T T 100 T T T
p=023 p=0.17 p =069
50 50 1 50
£ 313
E * 166 " 220
N Xk 25 of i x 4 of 13
@ N T - L S B 1
P 217 % -30.3 287
-50 -50 1 1 -50
-100 -100 -100
400 420 440 460 480 500 400 420 440 460 480 500 400 420 440 460 480 500
Mean TST [min] Mean TST [min] Mean TST [min]
30 T 30 T T 30
p<0.01 p=018 p=002
ol [p=oo | wl Low )l [p=0 |
< 10 101 % 10 1.4
£ * o 58 x e
3 o AL of % K daa o
o x s .5 * X Ko x 4.0
7] £ * * *x * *
4 -10F * 08 -10 98  -10
20 -0 1 -20 -19.5
-30 -30 -30
0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30
Mean SOL [min] Mean SOL [min] Mean SOL [min]
100 T T v 4 100 T r r T 100 T T v v
p=022 p=085 p=0.39
z 501 50 1 50
E 266 185
Q O . 130 P s X .
ﬂ;&ﬁ il K 6 E
2 ° * 99 0 - * 0 19
= 254 223
< s0f 50 * 1 50
-100 -100 -100
20 40 60 80 100 0 20 4 60 80 100 0 20 40 60 80 100
Mean WASO [min] Mean WASO [min] Mean WASO [min]
20 T 4 T 20 v T T 20 T v T
p=058 p=087 p=0.08
“l bt ) ] r 74
g - Ty % % 33 * * * o 12
w o ok ~ ‘3,20 0 e *#"1‘* 1 oF .
< 55 5.0
10 -0 -10

85

90

95

Mean SE [%]

100

-20
80

85

90
Mean SE [%]

95

100

-20

80

85

90
Mean SE [%]

95

100

Figure 1. Bland-Altman plots of sleep variables of the test set of healthy volunteers, for the real-time models that score the present epoch by considering it and five

past epochs. p-values from Student's t-test on the hypothesis of the bias being zero. A single significant trend (p,

slope

< 0.01) was detected and included with its corres-

ponding R squared value. This trend is driven by a single outlying data point. n = 12, mean age + SD: 23.0 + 3.1 years, 5 male, 4 nights of PSG + actigraphy + two radars
per participant. The participants were randomly assigned into a training set for model development (n = 24/22 for nightstand/ceiling), and a testing set for validation

(n = 23/21 for nightstand/ceiling). PSG, polysomnography; SOL, sleep onset latency; TST, total sleep time; WASO, wake after sleep onset; SE, sleep efficiency.

biases on-par with or smaller than those seen in the literature
comparing different actigraphy algorithms to each other [7, 31].
For DS2, no statistically significant biases were observed in the
estimation of sleep parameters. However, the higher standard
deviations and wider 95% confidence intervals, and 95% limits
of agreement in the Bland-Altman plots indicate more uncer-
tainty about the estimates for individual subjects recorded at
home. The reasons for the large deviations in both directions for
TST, WASO, and SE in few ambulatory home recordings should
be investigated further, and some possibilities will be discussed
in the following paragraphs.

The performances of the radars and the actigraph are com-
pared directly in the forest plots shown in Figure 4. While non-
inferiority margins were not prospectively defined for this work
(a limitation which is discussed below), this figure shows that
most estimated upper 95% confidence interval limits did not
exceed hypothetical (but reasonable) non-inferiority margins
like 20 minutes for TST and 5 minutes for SOL. Such an ana-
lysis would have resulted in conclusions of noninferiority for
SOL in all three groups and for TST in healthy volunteers, while
noninferiority in TST could not have been claimed for patients
since the upper right margin of the confidence interval exceeds
20 minutes. In summary, the large majority of the estimated
95% confidence intervals for sleep and classification param-
eters showed no difference between radar and actigraphy. There

were four exceptions, all for patients with sleep disorders and all
skewing in favour of the actigraph: TST, WASO (which is closely
related to TST), Cohen's kappa, and specificity.

The discrepancies in results between our two datasets are
not unexpected; it is notably more difficult to achieve high
classification results and good sleep parameter estimates over
a heterogenous set of sleep-disordered patients than over a
homogenous set of healthy young volunteers [30]. Subjects who
lie quietly but awake in bed for long periods of time pose a chal-
lenge to movement-based classifiers, as do subjects with exag-
gerated movement during sleep. The radar measures movement
from the whole body and includes estimated respiration fre-
quency in its classification models. Consequently, unless one
can identify and adjust for sleep-disorder specific movements,
it is reasonable to expect that conditions like obstructive sleep
apnoea (OSA) and restless legs syndrome will cause epoch
misclassifications with the current model. It is possible that
closer inspection of the probability estimate curves, i.e. the pre-
classification model outputs, could be helpful. Whereas a simple
p = 0.5 classification threshold (with Cole-Kripke rescoring) was
sufficient for a population of healthy normal sleepers, a more
nuanced approach could be preferable for groups where the
level of certainty is lower. Implementing the option of manually
correcting classification decisions is another avenue that could
be explored, as is the use of adaptive classification thresholds.
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Figure 2. Bland-Altman plots of sleep variables of patients with sleep disorders, for the real-time models that score the present epoch by considering it and five past
epochs. p-values from Student's t-test on the hypothesis of the bias being zero. n = 28, mean age + SD: 46.25 + 13.98 years, 19 male. PSG, polysomnography; SOL, sleep
onset latency; TST, total sleep time; WASO, Wake After Sleep Onset; SE, sleep efficiency.

A few notes should also be considered when comparing the
two datasets considered in this study. Not only is DS1 composed
of data from the same demographic as the data on which the
classification models were trained; the environment for the
training set and the test set was also controlled and identical.
These factors are both highly beneficial to classification. In con-
trast, DS2 was recorded by participants sleeping in their own
homes, and they were responsible for mounting the radar sensor
on their own. Environmental factors could not be controlled be-
yond trusting that the participants abided by the requirement of
sleeping alone in their beds, and although the digital signal pro-
cessing done by the radar attempts to compensate for distance
to the target, it is possible that inconsistencies in the sensor
placement for this dataset had a detrimental influence on the
classification performance. This might to some degree explain
why the performance difference between the radar and the
actigraph was larger for DS2 than for DS1. Further work would

be necessary to validate the degree of environmental control
needed for optimal results from the radar classifier.

A notable limitation to the present study is that the valid-
ation does not include an in-hospital psychiatric population.
Sleep in these populations is disrupted and does not necessarily
reflect either of the datasets studied in this work. Proceeding
with a study of how our method performs in this setting is a
natural next step. Furthermore, the datasets examined in the
present study do not lend themselves to a thorough examin-
ation of possible dependencies of results on factors like age and
sex. Future sample selection should be designed following the
current recommended guidelines on the development and val-
idation of sleep devices [32].

There are also some limitations to our statistical analyses.
Bland-Altman plots were used to illustrate the differences be-
tween modalities. However, these have not taken into account
that there are uncertainties in the limits of agreement that are
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Table 5. Sleep variables from real-time models, compared to PSG*

Healthy volunteers test set!

Overall bias (95% CI)

95% Limits of

Variable [units]* [P-value] Agreement
TST [min)]

Radar nightstand -2.5(-6.7,1.7) [0.23] [-21.7,16.6]
Radar ceiling -4.1(-10.2, 2.0) [0.17] [-30.3,22.0]
Actigraphy 1.3 (-5.3,7.9) [0.69] [-28.7,31.3]
SOL [min]

Radar nightstand -2.5(-4.3,-0.7) [0.01] [-10.8,5.8]
Radar ceiling -1.3(-3.3,0.7) [0.18] [-9.8,7.2]
Actigraphy -4.0 (-7.5,-0.6) [0.02] [-19.5,11.4]
WASO [min]

Radar nightstand 1.5 (-1.0,4.1) [0.22] [-9.9, 13.0]
Radar ceiling 0.6 (-5.5, 6.6) [0.85] [-25.4, 26.6]
Actigraphy -1.9 (-6.4, 2.6) [0.39] [-22.3,18.5]
SE [%]

Radar nightstand 0.2 (0.5, 0.9) [0.58] [-3.0,3.3]
Radar ceiling 0.1(-1.2,1.4) [0.87] [-5.5,5.7]
Actigraphy 1.2 (-0.2, 2.6) [0.08] [-5.0,7.4]
NW [num]

Radar nightstand 5.3(3.2,7.3) [<0.001] [-3.9, 14.5]
Radar ceiling 7.9 (5.7,10.1) [<0.001] [-1.4,17.2]
Actigraph 2.4 (-0.3,5.1) [0.08] [-9.9, 14.7]

Patients with sleep disordersS$

Overall bias (95% CI) 95% Limits of

Variable [units] [P-value] Agreement
TST [min)]

Radar nightstand -0.5 (-34.9, 34.0) [0.98] [-174.7,173.7]
Actigraphy 12.3 (-12.3, 36.9) [0.31] [-112.0, 136.7]
SOL [min]

Radar nightstand 2.8 (-1.3,6.9) [0.18] [-18.0,23.6]
Actigraphy -2.4(-7.9,3.1) [0.38] [-30.3,25.5]
WASO [min]

Radar nightstand -0.5 (-34.5, 33.5) [0.98] [-172.4,171.3]
Actigraphy -9.8 (-33.4, 13.7) [0.40] [-128.8, 109.2]
SE [%]

Radar nightstand -1.2 (-9.0, 6.5) [0.74] [-40.2,37.7]
Actigraphy 2.2 (-3.4,7.8) [0.43] [-26.3,30.7]
NW [num]

Radar nightstand 1.5 (-5.2, 8.2) [0.65] [-32.2,35.2]
Actigraphy 0.6 (-4.8,6.1) [0.81] [-26.9, 28.1]

Positive values of bias indicate underestimation compared to PSG (p-values
from Student's t-test for the null-hypothesis that the bias is zero). Limits of
Agreement given as [bias —1.96"SD, bias +1.96*SD]; SD, standard deviation for
paired differences.

*PSG, polysomnography

n =12, mean age + SD: 23.0 + 3.1 years, 5 male, 4 nights of PSG + actigraphy
+ two radars per participant. The participants were randomly assigned into
a training set for model development (n = 24/22 for nightstand/ceiling), and a
testing set for validation (n = 23/21 for nightstand/ceiling).

#TST, Total Sleep Time; SOL, Sleep Onset Latency; WASO, Wake After Sleep
Onset; SE, Sleep Efficiency; NW, Number of awakenings

SAmbulatory sleep disorder patients. n = 28, mean age = SD: 46.25 + 13.98 years,
19 male.

difficult to estimate on datasets without more samples [28].
Furthermore, looking at Figures 2 and 3 we observe that there
may also be some non-proportional relationships between dif-
ference and magnitude; the samples might tend to spread out as
TST and %SE decreases, and as WASO increases. A logarithmic
transformation prior to plotting could manage this dependency,

Table 6. Sleep parameters estimated with a real-time model over all
nights in the test set of healthy volunteers*

Mean (SD¥)

Actigraphy Nightstand Ceiling
Sleep parametert [units] (n=63) (n=163) (n="58)
TST [min] 431.8(315)  434.2(264)  432.1(40.2)
SO after 23:00 h [min] 18.2 (14.9) 21.0 (18.7) 17.7 (17.8)
WASO [min] 37.5(37.3) 20.6 (24.4) 27.0 (34.6)
SE [%] 88.7 (6.8) 91.3 (5.5) 90.7 (8.5)
NW [num] 20.5 (9.0) 14.4 (7.6) 11.9 (7.1)

Sleep parameters extracted from the sleep/wake state sequences resulting
from the application of a real-time classification model that includes infor-
mation from five past and zero future epochs, for all nights in the DS1-test
(including the ones without consecutive PSGS recordings). Since no user marker
was available for the nights without PSG, sleep onset latency was calculated
from the set bedtime at 23:00 h.

*n =12, mean age + SD: 23.0 + 3.1 years, 5 male, 11 nights of actigraphy + two
radars per participant. The participants were randomly assigned into a training
set for model development (n = 63/59 for nightstand/ceiling), and a testing set
for validation (n = 63/58 for nightstand/ceiling).

TTST, Total Sleep Time; SOL, Sleep Onset Latency; WASO, Wake After Sleep
Onset; SE, Sleep Efficiency; NW, Number of awakenings.

#SD, standard deviation.

SPSG, Polysomnography.

however since this was not done in comparable studies, it has
not been done here [7, 26, 28, 33]. Proportional bias was found
only for 5 of 32 B-A plots, and this linearity may seem to be
mostly driven by rather few outlying observations. Finally,
DS1 lacked a user-marker for bedtime for the non-PSG nights.
Calculating sleep onset latency from the set bedtime rather than
from a user-marker is not ideal.

Another limitation was the lack of a pre-planned non-
inferiority analysis comparing actigraphy and radar [34, 35].
However, there is surprisingly little information and, to our
knowledge, no published consensus about the clinically rele-
vant “minimal important difference” (MID) for actigraphic
sleep parameters. Studies on actigraphic validity rarely report
test-retest (e.g. between-day) differences necessary for the com-
putation of the distribution-based “one standard error of meas-
urement” MID proxy [36-38]. More work is needed to establish a
consensus for non-inferiority margins and MIDs for actigraphic
sleep parameters.

Furthermore, the data from the radar are rich, and the pre-
sent work has only considered a small subset of what might
be its full potential. In recent years, significant work has been
done to develop processing techniques for IR-UWB radar data
for non-invasive remote health monitoring [39]. The technology
has been used to detect and analyse sleep-disordered breathing
[40-42], sleep posture recognition [43], and sleep stage classi-
fication [44-47]. O'Hare et.al. [48] compares the sleep assess-
ment performance of two radar-based devices and actigraphy
to PSG in a group of twenty healthy subjects. Like us, they ob-
served basically equivalent performance of radar devices and
actigraphy for this group. Their reported epoch-by-epoch classi-
fication performance was lower than ours (overall accuracies of
85%-86%, Cohen's kappa values of 0.51-0.52), and they observed
a statistically significant bias to overestimating sleep time and
underestimating WASO and SOL which contrasts our observa-
tion of SOL being significantly overestimated. In Pallin et.al. [49],
one of these radar devices was found to have similar accuracy to
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Figure 3. Bland-Altman plots comparing the actigraph and the two radar positions for the test set of healthy volunteers. p-values from Student's t-test on the hypoth-

esis of the bias being zero. Regression lines with corresponding R squared values are included in those subplots wherein a significant (p,

< 0.01) trend was detected.

slope

n =12, mean age + SD: 23.0 + 3.1 years, 5 male, 11 nights of actigraphy + two radars per participant. The participants were randomly assigned to a training set for model
development (n = 63/59 for nightstand/ceiling), and a testing set for validation (n = 63/58 for nightstand/ceiling). SOL, sleep onset latency; TST, total sleep time; WASO,

wake after sleep onset; SE, sleep efficiency.

wrist actigraphy for sleep/wake determination in subjects with
OSA, with lower sensitivity (86% compared to 94%) and, notably,
higher specificity (52% for the radar sensor compared to 34% for
actigraphy) and superior estimation of TST, especially at higher
apnoea-hypopnea indices. Zaffaroni et al. [50] and Crinion et al.
[51] evaluate the same device specifically as a screening tool
for OSA, concluding that it is useful particularly for confirming
more severe cases. More work is needed to evaluate our radar
sensor in the setting of sleep-disordered breathing, but the im-
plication of this in terms of a psychiatric hospital setting is
particularly interesting; it indicates a potential for screening of
sleep-disordered breathing in a patient population where this
traditionally has been challenging.

Interest in non-contact sleep detection and assessment has
been growing in popularity over the past decade, and many
other methods exist that can be used in ways comparable to the
radar. Under-mattress or under-bed sensors have been shown
capable of sleep/wake discrimination [52, 53], respiration rate
detection [54], and detection of sleep-disordered breathing
[55]. The choice of which sensor to use will depend on the cir-
cumstances: Nagatomo et al. [56] compares an under-mattress
sensor for sleep measurement to PSG in eleven critically ill
patients in an intensive care unit (ICU) (achieving agreement,
sensitivity, and specificity of 68.4%, 90.1%, and 38.7% respect-
ively). In such a hectic environment, activity in the room might

confound a remote-mounted radar sensor, so an under-mattress
sensor might be more reliable. On the other hand, an under-
mattress system will still require physical sensors and wiring
close to the patient, and will only be able to provide measure-
ments while the patient is in their bed. Thus, in a psychiatric
hospital setting, a sensor mounted permanently in the ceiling
might be preferable.

Infrared camera technology is another tool that has been in-
vestigated in this context [57]. The Oxehealth system uses in-
frared camera technology in combination with computer vision,
signal processing, and Al techniques, and has been installed
in a psychiatric ward; their work shows that “digitally assisted
nursing observation” has potential in terms of improving patient
and staff experience at night [58]. However, the use of camera
monitoring in such a sensitive environment is potentially prob-
lematic. A ceiling-mounted radar sensor could be capable of
providing much of the same functionality as a camera-based
system, while preserving patient privacy to a greater degree,
as it is much more difficult to directly identify individuals from
such data.

In summary, radar technology could be used to obtain ob-
jective sleep and activity data from certain patient groups from
whom it has previously been difficult or even impossible to at-
tain on such a large scale. Since the radar can be embedded
in a hospital ceiling or placed on a nightstand for home use,
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Table 7. Sleep variables from real-time models, compared to each

other

Healthy volunteers test set”

Overall bias (95% CI)

95% Limits of

Variable [units]* [P-value] Agreement

TST [min)]

Actigraphy to radar -2.4(-8.1, 3.3) [0.40] [-46.5, 41.6]
nightstand

Actigraph to radar -0.8 (-10.1, 8.6) [0.87] [-69.6, 68.1]
ceiling

Radars ceiling to -1.0 (-6.8,4.7) [0.72] [-43.4,41.3]
nightstand

SOL [min]

Actigraphy to radar -2.8(-6.2,0.7) [0.11] [-29.4, 23.8]
nightstand

Actigraphy to radar 0.1(-2.5,2.7) [0.95] [-18.9,19.1]
ceiling

Radars ceiling to -3.2 (-6.0, -0.3) [0.03] [-24.3,18.0]
nightstand

WASO [min]

Actigraphy to radar 16.8 (10.2, 23.4) [<0.001] [-34.2,67.9]
nightstand

Actigraphy to radar 11.5 (1.5, 21.4) [0.03] [-62.1, 85.0]
ceiling

Radars ceiling to 5.8 (-1.3,13.0) [0.11] [-47.2,58.9]
nightstand

SE [%]

Actigraphy to radar -2.6 (-4.0, -1.2) [<0.001] [-13.6, 8.4]
nightstand

Actigraphy to radar -2.1(-4.3,0.1) [0.06] [-18.2, 14.0]
ceiling

Radars ceiling to -0.5 (1.8, 0.8) [0.43] [-10.1,9.1]
nightstand

NW [num]

Actigraphy to radar 6.1 (4.1,8.1) [<0.001] [-9.3,21.5]
nightstand

Actigraphy to radar 8.3 (6.3, 10.4) [<0.001] [-6.7,23.3]
ceiling

Radars ceiling to -2.8 (-4.5,-1.1) [0.01] [-15.2,9.6]
nightstand

Sleep parameters extracted from the sleep/wake state sequences resulting
from the application of a real-time classification model that includes infor-
mation from five past and zero future epochs, for all nights in the DS1-test
(including the ones without consecutive PSG* recordings). Since no user marker
was available for the nights without PSG, sleep onset latency was calculated
from the set bedtime at 23:00 h.
Positive values of bias indicate underestimation by the second sensor rela-
tive to the first (p-values from Student's t-test for the null-hypothesis that the
bias is zero). Limits of Agreement given as [bias —-1.96*SD, bias +1.96*SD]; SD,
standard deviation for paired differences.
*n =12, mean age + SD: 23.0 + 3.1 years, 5 male, 11 nights of actigraphy + two

radars per participant. The participants were randomly assigned into a training
set for model development (n = 63/59 for nightstand/ceiling), and a testing set
for validation (n = 63/58 for nightstand/ceiling).

TSOL, Sleep Onset Latency; TST, Total Sleep Time; WASO, Wake After Sleep
Onset; SE, Sleep Efficiency; NW, Number of awakenings.

#PSG, polysomnography.

long-term and entirely unobtrusive assessment of sleep in a
very wide range of clinical cohorts are possible [59]. In a psy-
chiatric hospital setting, a tool like this could be used to provide
night staff with information about the patients' current sleep/
wake state, e.g. as displayed on monitors in the staff rooms or
sent to hand-held devices, which in turn could improve patient
safety at night, reduce the number of nocturnal awakenings due

to disturbance from night staff, and lead to more efficient use
of limited staff resources. Actigraphy-generated raster plots of
the type shown in Figure 5 are known to be very useful in visu-
ally depicting changing periodicities associated with circadian
dysrhythmia, and they can provide patients with easy to under-
stand graphical displays that may help them to understand
diagnostic decisions and evaluate their own response to treat-
ment [60]. Radar-generated plots of this type have the potential
to provide many of the same benefits without any potential in-
convenience to the patient.

Conclusions

Our results indicate that our movement-based models can
be used with radar data to achieve sleep/wake classification
results on par with those normally seen for actigraphy. Our
data also supports that the sensor can be used in real-time.
Estimates of sleep parameters show little to no bias, although
the wide limits of the agreement particularly for the clinical
population warn that these still should be interpreted with
care. Although our method should be studied further and im-
proved, both to account for various clinical sleep-disorder
patient groups and for the heterogeneity in environmental
factors of ambulatory home studies, our results show that a
non-contact real-time sleep and activity sensor is a real possi-
bility. Accordingly, we believe that a radar-based contact-free
sensor has great potential as a supplementary tool in psychi-
atric ward monitoring and other settings where contact-free
sleep monitoring would be advantageous. Such a solution has
the potential to change clinical practice in selected fields,
improving decision making and care in hospital and home
settings, as well as providing a promising new tool for
researchers.
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the Cole-Kripke rules, and the resulting classification is represented by blue (wake) and red (sleep) sections in the raster plot. For reference, this participant underwent
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percent with corresponding Cohen's kappa values of 0.85 (+0.005) over those days.

€202 Iudy || uo sasn Atesqim NNLN A9 67£8919/0909€SZ/8/11/2101He/des|s/woo dno-olwepede//:sdiy woiy papeojumoq



14 | SLEEPJ, 2021,Vol. 44, No. 8

Funding

The research is funded by the Research Council of Norway and
Novelda AS through the Industrial PhD Scheme (project no:
284063).

Disclosure Statements

Financial Disclosure. This project is part of the Industrial PhD

Scheme of the Research Council of Norway and is thus jointly

funded by the Research Council and by Novelda AS, who de-

velops the radar used in this work. Novelda AS has not partici-

pated in the decision to publish this data beyond the affiliation

of and decisions made by the corresponding author.
Non-financial Disclosure. None.

Data Availability

Some de-identified data that underlie the results reported in this
article may be made available to researchers from accredited re-
search institutions. Data from clinical patients cannot be shared
for ethical reasons. Access to data will be limited to investiga-
tors who provide a methodologically sound proposal and will be
limited to a specified time period (commencing about 3 months
after publication of this Article and ending after 5 years). To ensure
compliance with the General Data Protection Regulation, data pro-
cessing must be covered by the European Commission's standard
contractual clauses for the transfer of personal data, which must
be signed by the data requesters. Proposals and requests for data
access should be directed to the corresponding author.

Conflict of interest statement: As a candidate in the Industrial PhD
Scheme the corresponding author (HSAH) is considered an em-
ployee both of Novelda AS and the Norwegian University of
Science and Technology (NTNU), and receives salary compensa-
tion from Novelda AS. None of the other authors have any con-
flicts of interest to declare.

References

1. Rechtschaffen A, et al. A Manual of Standardized Terminology
Techniques and Scoring System for Sleep Stages of Human
Subjects. Los Angeles, CA: US National Institute of
Neurological Diseases and Blindness, Neurological
Information Network; 1968.

2. Kushida CA, et al. Practice parameters for the indications
for polysomnography and related procedures: an update
for 2005. Sleep. 2005;28(4):499-521.

3. Jakobsen G, et al. Sleep quality in hospitalized patients
with advanced cancer: an observational study using
self-reports of sleep and actigraphy. Support Care Cancer.
2020;28(4):2015-2023.

4. WebsterJB, et al. An activity-based sleep monitor system for
ambulatory use. Sleep. 1982;5(4):389-399.

5. Kripke DF, et al. Wrist actigraphic measures of sleep
and rhythms. Electroencephalogr ~ Clin  Neurophysiol.
1978;44(5):674-676.

6. Mullaney DJ, et al. Wrist-actigraphic estimation of sleep
time. Sleep. 1980;3(1):83-92.

7. Haghayegh S, et al. Performance comparison of dif-
ferent interpretative algorithms utilized to derive sleep

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

parameters from wrist actigraphy data. Chronobiol Int.
2019;36(12):1752-1760.

Someren EJW. Actigraphic monitoring of sleep and circa-
dian rhythms. In: Montagna P, Chokroverty S, eds. Handbook
of Clinical Neurology. Vol. 98. Amsterdam, The Netherlands:
Elsevier B.V,; 2011: 55-63.

Morgenthaler TI, et al; Standards of Practice Committee
of the American Academy of Sleep Medicine. Practice
parameters for the treatment of narcolepsy and other
hypersomnias of central origin. Sleep. 2007;30(12):1705-1711.
Kripke DF, et al. Wrist actigraphic scoring for sleep la-
boratory patients: algorithm development. J Sleep Res.
2010;19(4):612-619.

Sadeh A. The role and validity of actigraphy in sleep medi-
cine: an update. Sleep Med Rev. 2011;15(4):259-267.

Freeman D, et al. Sleep disturbance and psychiatric dis-
orders. Lancet Psychiatry. 2020;7(7):628-637.

Veale D. Against the stream: intermittent nurse observa-
tions of in-patients at night serve no purpose and cause
sleep deprivation. BJPsych Bull. 2019;43(4):174-176.

Wisland DT, et al. Remote monitoring of vital signs
using a CMOS UWB radar transceiver. In: 2016 14th IEEE
International New Circuits and Systems Conference
(NEWCAS); 26-29 June, 2016; Vancouver, BC, Canada.

Lee Y, et al. A novel non-contact heart rate monitor using
impulse-radio ultra-wideband (IR-UWB) radar technology.
Sci Rep. 2018;8:13053.

Stone WC. Nist construction automation program report
no. 3: Electromagnetic signal attenuation in construc-
tion materials. NIST Interagency/Internal Report (NISTIR).
Gaithersburg, Maryland: National Institute of Standards
and Technology; 1997.

Parsa-ParsiRW.Therevised declaration of Geneva:amodern-
day physician's pledge. JAMA 2017;318(20):1971-1972.
Klem GH, et al. The ten-twenty electrode system of the
International Federation. The International Federation of
Clinical Neurophysiology. Electroencephalogr Clin Neurophysiol
Suppl. 1999;52:3-6.

National-Instruments. What is 1/Q Data? http://www.
ni.com/tutorial/4805/en/. Accessed May 9, 2020.

Novelda AS. X4M200 Datasheet, Rev. E - Preliminary. 18 Oct
2018; www.xethru.com.

Vethe D, et al. The evening light environment in hospitals
can be designed to produce less disruptive effects on the
circadian system and improve sleep. Sleep. 2021; 44(3).
doi:10.1093/sleep/zsaal94

Berry RB, et al. The AASM Manual for the Scoring of Sleep
and Associated Events: Rules, Terminology and Technical
Specifications. Version 2.4. Darien, Illinois: The American
Academy of Sleep Medicine; 2017.

Cole RJ, et al. Automatic sleep/wake identification from
wrist activity. Sleep. 1992;15(5):461-469.

Jean-Louis G, et al. Sleep estimation from wrist movement
quantified by different actigraphic modalities. ] Neurosci
Methods. 2001;105(2):185-191.

Ranganathan P, et al. Common pitfalls in statistical analysis:
measures of agreement. Perspect Clin Res. 2017;8(4):187-191.
de Souza L, et al. Further validation of actigraphy for sleep
studies. Sleep. 2002;26(1):81-85.

Fritz CO, et al. Effect size estimates: current use, calcula-
tions, and interpretation. ] Exp Psychol Gen. 2014;141(1):2-18.
Bland JM, et al. Measuring agreement in method com-
parison studies. Stat Methods Med Res. 1999;8(2):135-160.

€202 Iudy || uo sasn Atesqim NNLN A9 67£8919/0909€SZ/8/11/2101He/des|s/woo dno-olwepede//:sdiy woiy papeojumoq


http://www.ni.com/tutorial/4805/en/
http://www.ni.com/tutorial/4805/en/
http://www.xethru.com
https://doi.org/10.1093/sleep/zsaa194

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

Van De Water AT, et al. Objective measurements of sleep for
non-laboratory settings as alternatives to polysomnography
- a systematic review. J Sleep Res. 2011;20(1 Pt 2):183-200.
Kushida CA, et al. Comparison of actigraphic,
polysomnographic, and subjective assessment of sleep
parameters in sleep-disordered patients. Sleep Med.
2001;2(5):389-396.

PaquetJ, et al. Wake detection capacity of actigraphy during
sleep. Sleep. 2007;30(10):1362-1369.

Depner CM, et al. Wearable technologies for developing
sleep and circadian biomarkers: a summary of workshop
discussions. Sleep. 2020;43(2). doi: 10.1093/sleep/zsz254
Scott J, et al. Can consumer grade activity devices replace
research grade actiwatches in youth mental health set-
tings? Sleep Biol Rhythms. 2019;17:223-232.

Piaggio G, et al. Reporting of noninferiority and equiva-
lence randomized trials - extension of the CONSORT 2010
Statement. JAMA. 2012;308(24):2594-2604.

Althunian TA, et al. Defining the noninferiority margin and
analysing noninferiority: an overview. Br ] Clin Pharmacol.
2017;83(8):1636-1642.

Tager T, et al. Minimal important difference for 6-minute
walk test distances among patients with chronic heart
failure. Int ] Cardiol. 2014;176(1):94-98.

Wyrwich KW, et al. Linking clinical relevance and statis-
tical significance in evaluating intra-individual changes in
health-related quality of life. Med Care. 1999;37(5):469-478.
Wells G, et al. Minimal clinically important differences: re-
view of methods. ] Rheumatol. 2001;28(2):406-412.

Khan F, et al. An overview of signal processing techniques
for remote health monitoring using impulse radio UWB
transceiver. Sensors. 2020;20:2479. doi:10.3390/s20092479
Kang S, et al. Non-contact diagnosis of obstructive sleep
apnea using impulse-radio ultra-wideband radar. Sci Rep.
2020;10:5261.

Zhou Y, et al. Validation of novel automatic ultra-
wideband radar for sleep apnea detection. J Thorac Dis.
2020;12(4):1286-1295.

Tran VP, et al. Doppler radar-based non-contact health
monitoring for obstructive sleep apnea diagnosis: a
comprehensive review. Big Data Cogn Comput. 2019;3(1):3.
doi:10.3390/bdcc3010003

Piriyajitakonkij M, et al. SleepPoseNet: multi-view learning
for sleep postural transition recognition using UWB. IEEE ]
Biomed Health Inform. 2020. doi:10.1109/JBHI.2020.3025900
Kagawa M, et al. Sleep stage classification by non-contact
vital signs indices using Doppler radar sensors. Annu Int
Conf IEEE Eng Med Biol Soc. 2016;2016:4913-4916.

Zhao M, et al. Learning sleep stages from radio signals: a
conditional adversarial architecture. In: Proceedings of
the 34th International Conference on Machine Learning,
Sydney, Australia. PMLR 70:4100-4109, 2017.

Toften S, et al. Validation of sleep stage classification using
non-contact radar technology and machine learning
(Somnofy®). Sleep Med. 2020;75:54-61.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Heglumetal. | 15

Lauteslager T, et al. Performance evaluation of the circadia
contactless breathing monitor and sleep analysis algo-
rithm for sleep stage classification. Annu Int Conf IEEE Eng
Med Biol Soc. 2020;2020:5150-5153.

O'Hare E, et al. A comparison of radio-frequency biomotion
sensors and actigraphy versus polysomnography for
the assessment of sleep in normal subjects. Sleep Breath.
2015;19(1):91-98.

Pallin M, et al. Comparison of a novel non-contact
biomotion sensor with wrist actigraphy in estimating sleep
quality in patients with obstructive sleep apnoea. J Sleep
Res. 2014;23(4):475-484.

Zaffaroni A, et al. Assessment of sleep-disordered breathing
using a non-contact bio-motion sensor. ] Sleep Res.
2013;22(2):231-236.

Crinion SJ, et al. Ambulatory detection of sleep apnea
using a non-contact biomotion sensor. ] Sleep Res.
2020;29(1):12889.

Uchida S, et al. Sleep evaluation by a newly developed PVDF
sensor non-contact sheet: a comparison with standard
polysomnography and wrist actigraphy. Sleep Biol. Rhythms.
2011;9:178-187.

Kogure T, et al. Automatic sleep/wake scoring from
body motion in bed: validation of a newly developed
sensor placed under a mattress. J Physiol Anthropol.
2011;30(3):103-109.

Isono S, et al. Contact-free unconstraint respira-
tory measurements with load cells under the bed in
awake healthy volunteers: breath-by-breath com-
parison with pneumotachography. J Appl Physiol (1985).
2019;126(5):1432-1441.

Beattie ZT, et al. Accurate scoring of the apnea-hypopnea
index using a simple non-contact breathing sensor. ] Sleep
Res. 2013;22(3):356-362.

Nagatomo K, et al. Validity of an under-mattress sensor for
objective sleep measurement in critically ill patients: a pro-
spective observational study. J Intensive Care. 2020;8:16.
Gastel MV, et al. Camera-based vital signs monitoring
during sleep - a proof of concept study. IEEE ] Biomed Health
Inform. 2020. d0i:10.1109/JBHI.2020.3045859

Barrera A, et al. Introducing artificial intelligence in acute
psychiatric inpatient care: qualitative study of its use to
conduct nursing observations. Evid Based Ment Health.
2020;23(1):34-38.

Scott ], et al. A pragmatic effectiveness randomized con-
trolled trial of the duration of psychiatric hospitalization
in a trans-diagnostic sample of patients with acute mental
illness admitted to a ward with either blue-depleted
evening lighting or normal lighting conditions. Trials.
2019;20(1):472.

Smith MT, et al. Use of actigraphy for the evaluation of sleep
disorders and circadian rhythm sleep-wake disorders: an
American Academy of Sleep Medicine systematic review,
meta-analysis, and GRADE assessment. J Clin Sleep Med.
2018;14(7):1209-1230.

€202 Iudy || uo sasn Atesqim NNLN A9 67£8919/0909€SZ/8/11/2101He/des|s/woo dno-olwepede//:sdiy woiy papeojumoq


https://doi.org/10.1093/sleep/zsz254
https://doi.org/10.3390/s20092479
https://doi.org/10.3390/bdcc3010003
https://doi.org/10.1109/JBHI.2020.3025900
https://doi.org/10.1109/JBHI.2020.3045859

