US 20190110755A1

a9y United States

12) Patent Application Publication (o) Pub. No.: US 2019/0110755 Al

Capodilupo et al. 43) Pub, Date: Apr. 18, 2019
(54) APPLIED DATA QUALITY METRICS FOR A61B 5/0245 (2006.01)
PHYSIOLOGICAL MEASUREMENTS GO6K 9/62 (2006.01)
) ) (52) US.CL
(71)  Applicant: Whoop, Inc., Boston, MA (US) CPC ... AGIB 5/7267 (2013.01); AGIB 5/02416
. . (2013.01); A61B 5/02438 (2013.01); A6IB
(72) Inventors: John Vincenzo Capodllupo, ].BOStOIl, 2560/0223 (201301)’ A61B 5/0245 (201301)’
MA (US); Behnoosh Tavakoli, GOG6K 9/6282 (2013.01); A61B 5/7221
Needham, MA (US); Mostafa (2013.01); A61B 5/681 (2013.01)
Ghannad-Rezaie, Malden, MA (US)
(21) Appl. No.: 16/163,441
(57) ABSTRACT
(22) Filed: Oct. 17, 2018
Related U.S. Application Data A model of data quality is derived for physiological moni-
. o toring with a wearable device by comparing data from the
(60)  Provisional application No. 62/573,683, filed on Oct. wearable device to concurrent data acquisition from a
17, 2017. ground truth device such as a chest strap or electrocardiog-
. L raphy (EKG) heart rate monitor. With this comparative data,
Publication Classification a machine learning model or the like may be derived to
(51) Int. CL prospectively evaluate data quality based on the data acqui-
A61B 5/00 (2006.01) sition context, as determined, for example, by other sensor
A6IB 5/024 (2006.01) data and signals from the wearable device.




Patent Application Publication  Apr. 18,2019 Sheet 1 of 11 US 2019/0110755 A1

Fig. 1




Z b4

90¢
FOVAOLS

US 2019/0110755 A1

¥oz [4et4
AdEALIVE SHOSNAS

(ir44
HINGFS

gic cie 80¢
JOV4 LN 8Ny HO88320Hd

Apr. 18,2019 Sheet 2 of 11

vig
ADVAHIALN
MHOMLIN

8ic
MHOMLAN

(i)¥F4
AHOWIN

ooe n\\

Patent Application Publication



US 2019/0110755 A1

Apr. 18,2019 Sheet 3 of 11

Patent Application Publication

&l
ALTHEVIHYA F1vd 16V EH SNINGELEG

N

0ce
LHOM Q3103143 HUM J31¥I0088Y
STVNDIS d3858300ud-3dd NO
(H48vd JivY LyvdH SNOINVLINVYLEN]
INIWSHZ L3 OL WHUHOODTY
SISATYNY AONINDIHEE 31N03XK4

1

8i¢
ALTHEYIAVA JIv LY 3 INHANHZL30

B

gig
Aive LdVIH SNOINVINVLEN]
ANENHDLAG OL SMVY3d 31003130 38N

e < TAATT JONIAIHNOD _

t

& b4

SOTOHSTHHL

—BTA

TEAHILNE died HLW G3LVID08SY
TEAdT 3ONIAIENOD ININGZ L3

1

ol
SYVEL G3L034L330
NO Q3SVE TYAHTLNI & NV INIWY3L30

i

80
STYNOIS d388d00Hd
~ddd Ni 8Xv3d 103130 OL WHLIHODTY
NOILOZ L3 Mvdd ILN03 K-

1

)
LHOT Q1037453 HLWA
dHAVIDOSSY STYNOIS 88300HGHd

1

0
SHCLOILIA LHODIT ONISH NS S.-3s8N
¥ WOHS 3100371436 LHOM LD3143d

1

ooE
NIMS SHESH VY uvAOL
SHILLING LHO ONISH LHDIT LING




US 2019/0110755 A1

Apr. 18,2019 Sheet 4 of 11

Patent Application Publication

p "Bi-

oy
FOIAGEA AV TdSIA NO QEYEANTY 3OVAHELINI H380 NO FHO0S ALISNILNI AVI4SIA

£

3

Oir

WNIG3IW JDOVHOLS 3M8vavId-daindiNe D Ad

OLISNYHL-NON NO Fd0028 ALISNILINI IHOLS

008 ALISNILNI 3LvHdINID O S3MVA QH2NMYWHON OGN d3WNNS 308

£

y

20b
SINVIVA AUISIY JivY LeV3H 40 831438 ZWIL G 1IHDIEM FZIMTVIANKON ONY INNS

F:

B

rOF
FNZHDS ONILHOIEM OL ONIGHOO0V SINTIVA dAYESEY J1VY LdvV3H LHDIEM

SIAMIVA IAKESEY J1vd Ldv3H QLN SONIAVIY J1vy LavaH LRHEANCD




US 2019/0110755 A1

Apr. 18,2019 Sheet 5 of 11

Patent Application Publication

G bi4

915 815

AQVIEHE-ISIOYINT LON ST 38N LvHL JLvOIAN] FUYO HLWA 3SI0EEXE AV H38N LvHL 31LYOIAONI

25

e =TT (QIOHSTHHL ONODIS > THO0S AMIAC0FY e

218
AQVEH-E3S8I0WEKE 81 a8 IvHl 319OIGN!

GJXS
.............. e OVIOHSEYHL LSHIH < 3HO0S

AHIAQOZY e

206
FUODE AHINAODIY VAV IdSIU ANV 21vHINDD

FHOOS ALISNILNI NO 038vE 3INLLNOY FSI0HEXE NY LSNIAY ONV JLvHENED

1

v05
F:0O05 ALISNILNI AV1dSIQ ONY JLVHENID

1

205
YVAYQ 31V LHY3IH SOAONNILNOD NO J3sva ALNIEVIHVA J1vVd 16vdH INIWE313d




US 2019/0110755 A1

Apr. 18,2019 Sheet 6 of 11

Patent Application Publication

[I3=;
SHAHO0E 443718 IV INOIVO

&

029
(S)THOOS AMIAODIY LV INDTIVD

9 bi

S L3W ALIMYND YAYQ ONISH Yivd
LV LvaH 0 ALNYNO 3AVNTIvAd

ANZAD ONDBAYA 1031430

F-Y

-

vig
AIVLS
433718 40 NOLVHNA ZIvINOoTIVD

a0%
Yi¥Q
VY 1Hv3H SV J1ivy LHY3H G003

F-%

-3

#09
HA8N 40 FIvH 1HVHEH HOLINOW

L8
433718 4O ISVYH LSV NI
ALTHEVIEVA ZLve LHVEHH AV IHIIDTIVO

£

{

208
#HASN 40 AIVLS 433718 104130




US 2019/0110755 A1

Apr. 18,2019 Sheet 7 of 11

Patent Application Publication

POL 804

804

5 o
»A..Mw\x\ % . .m
m\ et M

004




8 b1

aig
TVNOIS J1vd 1dvaH 0IA0Hd

US 2019/0110755 A1

E-N

208
SHOLVINLLSE J1vY LHVYIH NDISSY

F-S

908
TYNDIS TWIOIDOTOISAHG 3HINDOY

Apr. 18,2019 Sheet 8 of 11

&

5]
SHOLVWILLSE ALTIEVHOHd 3AIAO™d

F-N

208
SHOLIVYWILSE divy 1HVYEH 30IAOYd

a,N: 0og

Patent Application Publication



6 DI

US 2019/0110755 A1

806
TYNDIS TWOIDOTOISAHA OL 1300W Alddv

F:S

906
TVNOIS NOLLOW
40 ADNANDIMEA TVLNIWVYONNL INHNGEL3A

B

¥06
TYNDIS NOLLOW SV J0IAZ0 40 NOILLOW IHNSYIW

Apr. 18,2019 Sheet 9 of 11

FOIAZIA HUM TIYNDIS TVOIDOT0ISAHG FHINDOY

-3

106
WZLSAS T3C0W

&M- 008

Patent Application Publication



US 2019/0110755 A1

Apr. 18,2019 Sheet 10 of 11

Patent Application Publication

\\.\\\l!te:ll/h( 001

ANIDONG
HJOIVINILSE

T
~

INFNACTHE0A 1500

0L bi-

ALITYOD -

0001

2001

NOILLYIHD

B

YiVQO JOSNIS

42dN0OS viva

1300

VIVQ O3VaE8TTVOND

NOLLYEHO 1300

VIVO GRIVHEITVD

42¥N0sS vivd

YAYQ ONINIvHL




US 2019/0110755 A1

A"
ALITYND NO 43ESvYd
SNISSEDOHd TYNDIS LSNIaY

-

CZLE
ALMYND NO
338V E MOVvEdddd Hdsn JAINOYd

&

Apr. 18,2019 Sheet 11 of 11

8ilt
MOONIM INIWNIHNSVYIW
HLIAM ALIYNO YiVA J1vI00sSsSY

1

DLl
ALIIYNO VIVE 3NINGZLEA

i

1432
F1EVHVYIM WOHL Viva SAIZ03Y

Patent Application Publication

LL BI4

N

[4AA1
ANIONI
HOLVINILLSE
ALITYND

oLt
1300OW Jiv3d0

B

8011
VIO GHIVHENYOND HLIM
Ot LN ALTVIID 3IVIO0SSY

Q0L
VIVQ JHAIYEA NIVLIEO

A

TN
~_

oL
YIVQ d3LvHE8INTYONN NIVLEO

3

Zoit
ViVa G31vdHENvO NIVLEO

MQQ:




US 2019/0110755 Al

APPLIED DATA QUALITY METRICS FOR
PHYSIOLOGICAL MEASUREMENTS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims priority to U.S. Provisional
Patent Application No. 62/573,683 filed on Oct. 17, 2017,
the entire content of which is hereby incorporated by refer-
ence.

[0002] This application is also related to the following
commonly-owned patent applications, each of which is
hereby incorporated by reference in its entirety: U.S. patent
application Ser. No. 14/290,065 filed on May 29, 2014, and
U.S. patent application Ser. No. 15/265,761 filed on Sep. 14,
2016 (now U.S. Pat. No. 9,596,997).

BACKGROUND

[0003] Wearable devices can be used for physiological
monitoring. While convenient, these devices are susceptible
to a variety of different types of errors. For example, data
quality may vary according to where a device is positioned
on the body, whether the device is securely strapped to the
body, the type of activity a user is engaged in, and so forth.
There remains a need for real-time, data-driven assessments
of data quality to accompany physiological data acquisition
from wearable monitoring devices.

SUMMARY

[0004] A model of data quality is derived for physiological
monitoring with a wearable device by comparing data from
the wearable device to concurrent data acquisition from a
ground truth device such as a chest strap or electrocardiog-
raphy (EKG) heart rate monitor. With this comparative data,
a machine learning model or the like may be derived to
prospectively evaluate data quality based on the data acqui-
sition context, as determined, for example, by other sensor
data and signals from the wearable device.

[0005] In one aspect, a method disclosed herein includes
obtaining calibrated heart rate data from a number of sub-
jects using one or motre chest strap type sensors; obtaining
uncalibrated heart rate data from the number of subjects
concurrently with the calibrated heart rate data using one or
more physiological monitors of a wrist-worn photoplethys-
mography type; obtaining feature data from one or more
sensors of the one or more physiological monitors of the
wrist-worn photoplethysmography type concurrently with
the calibrated heart rate data and the uncalibrated heart rate
data, the feature data characterizing a plurality of features of
a data acquisition context for a corresponding one of the
physiological monitors of the wrist-wom photoplethysmog-
raphy type; associating a quality metric for the uncalibrated
heart rate data with the feature data based on whether, for
each data acquisition context, the uncalibrated heart rate data
is within a predetermined threshold of the calibrated heart
rate data; creating a quality estimator engine to evaluate a
likelihood of the uncalibrated heart rate data being accurate
based on the feature data; receiving second uncalibrated
heart rate data and second feature data from a second
physiological monitor of the wrist-worn photoplethysmog-
raphy type; determining a probability that the second uncali-
brated heart rate data is accurate for a window of measure-
ments by calculating a conditional probability that the
second uncalibrated heart rate data is accurate based on the
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second feature data over a distribution of values for the
calibrated heart rate data within the window of measure-
ments based on the quality estimator engine; and associating
the probability with the window as a measure of quality for
the uncalibrated heart rate data within the window.

[0006] The feature data may include at least one signal
used to estimate a heart rate using the uncalibrated heart rate
data. The feature data may include at least one value derived
from a signal from one of the physiological monitors of the
wrist-worn photoplethysmography type. The feature data
may include a signal derived from a motion sensor of one of
the physiological monitors of the wrist-worn photoplethys-
mography type. The quality metric may be a one when the
uncalibrated heart rate data is within the predetermined
threshold of the uncalibrated heart rate data and a zero when
the uncalibrated heart rate data is not within the predeter-
mined threshold of the uncalibrated heart rate data. Creating
the quality estimator engine may include training a machine
learning random forest to estimate the quality metric for a set
of feature data. The predetermined threshold may include a
number of beats per minute for a heart rate. The method may
further include providing feedback to a user concerning an
adjustment to the second physiological monitor based on the
measure of quality. The adjustment may include a change in
a position of the second physiological monitor. The adjust-
ment may include a change in a tension of a band for the
second physiological monitor. The method may further
include characterizing a user of the second physiological
monitor, identifying a subset of the number of subjects
similar to the user, and associating the quality metric for the
uncalibrated heart rate data with the feature data for the
subset of the number of subjects similar to the user.
[0007] In another aspect, a method disclosed herein
includes obtaining data for a number of subjects, the data
including calibrated physiological data from a first type of
physiological monitors assumed to be accurate, uncalibrated
physiological data from a second type of physiological
monitors of unknown accuracy, and feature data character-
izing a timewise data acquisition context for the uncalibrated
physiological data; training a quality estimator engine to
determine a quality of the uncalibrated physiological data
based on the feature data and a difference between the
uncalibrated physiological data and the calibrated physi-
ological data; receiving physiological data and feature data
from a different one of the second type of physiological
monitors; calculating a probability that the physiological
data is accurate for a window of measurements by applying
the quality estimator engine to a distribution of values for the
physiological data and corresponding values for the feature
data; and associating the probability with the window as a
measure of quality for the physiological data within the
window.

[0008] The uncalibrated physiological data may include
heart rate data. The second type of physiological monitors
may include a photoplethysmography device. The method
may further include conditionally processing the physiologi-
cal data based on the measure of quality. The method may
further include providing user feedback based on the mea-
sure of quality. The quality estimator engine may include a
machine learning engine.

[0009] In another aspect, a computer program product
disclosed herein includes computer executable code embod-
ied in a non-transitory computer readable medium that,
when executing on a wearable device, performs the steps of:
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receiving physiological data and feature data from one or
more sensors of the wearable device, the physiological data
characterizing a physiological measurement for a user of the
wearable device and the feature data characterizing a time-
wise data acquisition context for the physiological data;
storing a quality estimator engine that calculates a probabil-
ity that a measurement of the physiological data is accurate
based on corresponding feature data; calculating a second
probability that the physiological data is accurate for a
window of measurements by applying the quality estimator
engine to a distribution of values for the physiological data
and corresponding values for the feature data; and associ-
ating the second probability with the window as a measure
of quality for the physiological data within the window.
[0010] The quality estimator engine may include a deci-
sion tree trained to estimate the quality metric for a set of
feature data using a training set for which the quality metric
is a one when a measurement of the physiological data is
within a predetermined threshold of a second measurement
of known accuracy captured concurrently with the measure-
ment, and the quality metric is a zero when the measurement
is not within the predetermined threshold of the second
measurement.

[0011] In another aspect, a wearable device disclosed
herein includes a wrist strap; one or more sensors for
capturing physiological data characterizing a physiological
measurement for a user of the wearable device and feature
data characterizing a timewise data acquisition context for
the physiological data; a memory storing a quality estimator
engine configured to calculate a probability that a measure-
ment of the physiological data is accurate based on corre-
sponding feature data; a processor configured by computer
executable code to perform the steps of receiving physi-
ological data and feature data from the one or more sensors,
calculating a second probability that the physiological data
is accurate for a window of measurements by applying the
quality estimator engine to a distribution of values for the
physiological data and corresponding values for the feature
data, and storing the second probability as a measure of
quality for the physiological data within the window.

BRIEF DESCRIPTION OF THE DRAWINGS

[0012] The foregoing and other objects, features, and
advantages of the devices, systems, and methods described
herein will be apparent from the following description of
particular embodiments thereof, as illustrated in the accom-
panying figures. The figures are not necessarily to scale,
emphasis instead being placed upon illustrating the prin-
ciples of the devices, systems, and methods described
herein.

[0013] FIG. 1 illustrates front and back perspective views
of a wearable system configured as a bracelet including one
or more straps.

[0014] FIG. 2 shows a block diagram illustrating compo-
nents of a wearable physiological measurement system
configured to provide continuous collection and monitoring
of physiological data.

[0015] FIG. 3is a flowchart illustrating a signal processing
algorithm for generating a sequence of heart rates for every
detected heartbeat that may be embodied in computer-
executable instructions stored on one or more non-transitory
computer-readable media.

[0016] FIG. 4 is a flowchart illustrating a method of
determining an intensity score.
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[0017] FIG. 5is a flowchart illustrating a method by which
a user may use intensity and recovery scores.

[0018] FIG. 6 is a flow chart illustrating a method for
detecting heart rate variability in sleep states.

[0019] FIG. 7 is a bottom view of a wearable, continuous
physiological monitoring device.

[0020] FIG. 8 is a flow chart illustrating a method for
concurrent use of multiple physiological parameter estima-
tion techniques.

[0021] FIG. 9 is a flow chart illustrating a signal process-
ing algorithm for removing motion artifacts from a physi-
ological signal.

[0022] FIG. 10 shows a system for evaluating physiologi-
cal data accuracy.

[0023] FIG. 11 is a flow chart illustrating a method for
evaluating the accuracy of physiological data from an
uncalibrated data source.

DETAILED DESCRIPTION

[0024] The embodiments will now be described more fully
hereinafter with reference to the accompanying figures, in
which preferred embodiments are shown. The foregoing
may, however, be embodied in many different forms and
should not be construed as limited to the illustrated embodi-
ments set forth herein. Rather, these illustrated embodiments
are provided so that this disclosure will convey the scope to
those skilled in the art.

[0025] All documents mentioned herein are hereby incor-
porated by reference in their entirety. References to items in
the singular should be understood to include items in the
plural, and vice versa, unless explicitly stated otherwise or
clear from the text. Grammatical conjunctions are intended
to express any and all disjunctive and conjunctive combi-
nations of conjoined clauses, sentences, words, and the like,
unless otherwise stated or clear from the context. Thus, the
term “or” should generally be understood to mean “and/or”
and so forth.

[0026] Recitations of ranges of values herein are not
intended to be limiting, referring instead individually to any
and all values falling within the range, unless otherwise
indicated herein, and each separate value within such a range
is incorporated into the specification as if it were individu-
ally recited herein. The words “about,” “approximately,” or
the like, when accompanying a numerical value, are to be
construed as including any deviation as would be appreci-
ated by one of ordinary skill in the art to operate satisfac-
torily for an intended purpose, or where applicable, any
acceptable range of deviation appropriate to a measurement
of the numerical value or achievable by instrumentation
used to measure the amount. Ranges of values and/or
numeric values are provided herein as examples only, and do
not constitute a limitation on the scope of the described
embodiments. The use of any and all examples, or exem-
plary language (“e.g.,” “such as,” or the like) provided
herein, is intended merely to better illuminate the embodi-
ments and does not pose a limitation on the scope of the
embodiments. No language in the specification should be
construed as indicating any unclaimed element as essential
to the practice of the embodiments.

[0027] In the following description, it is understood that
terms such as “first,” “second,” “above,” “below,” and the
like, are words of convenience and are not to be construed
as limiting terms.
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[0028] Exemplary embodiments provide physiological
measurement systems, devices and methods for continuous
health and fitness monitoring, and provide improvements to
overcome the drawbacks of conventional heart rate moni-
tors. One aspect of the present disclosure is directed to
providing a lightweight wearable system with a strap that
collects various physiological data or signals from a wearer.
The strap may be used to position the system on an append-
age or extremity of a user, for example, wrist, ankle, and the
like. Exemplary systems are wearable and enable real-time
and continuous monitoring of heart rate without the need for
a chest strap or other bulky equipment which could other-
wise cause discomfort and prevent continuous wearing and
use. The system may determine the user’s heart rate without
the use of electrocardiography and without the need for a
chest strap. Exemplary systems can thereby be used in not
only assessing general well-being but also in continuous
monitoring of fitness. Exemplary systems also enable moni-
toring of one or more physiological parameters in addition
to heart rate including, but not limited to, body temperature,
heart rate variability, motion, sleep, stress, fitness level,
recovery level, effect of a workout routine on health and
fitness, caloric expenditure, and the like.

[0029] A health or fitness monitor that includes bulky
components may hinder continuous wear. Existing fitness
monitors often include the functionality of a watch, thereby
making the health or fitness monitor quite bulky and incon-
venient for continuous wear. Accordingly, one aspect is
directed to providing a wearable health or fitness system that
does not include bulky components, thereby making the
bracelet slimmer, unobtrusive and appropriate for continu-
ous wear. The ability to continuously wear the bracelet
further allows continuous collection of physiological data,
as well as continuous and more reliable health or fitness
monitoring. For example, embodiments of the bracelet dis-
closed herein allow users to monitor data at all times, not just
during a fitness session. In some embodiments, the wearable
system may or may not include a display screen for dis-
playing heart rate and other information. In other embodi-
ments, the wearable system may include one or more light
emitting diodes (LEDs) to provide feedback to a user and
display heart rate selectively. In some embodiments, the
wearable system may include a removable or releasable
modular head that may provide additional features and may
display additional information. Such a modular head can be
releasably installed on the wearable system when additional
information display is desired, and removed to improve the
comfort and appearance of the wearable system. In other
embodiments, the head may be integrally formed in the
wearable system.

[0030] Exemplary embodiments also include computer-
executable instructions that, when executed, enable auto-
matic interpretation of one or more physiological parameters
to assess the cardiovascular intensity experienced by a user
(embodied in an intensity score or indicator) and the user’s
recovery after physical exertion or daily stress given sleep
and other forms of rest (embodied in a recovery score).
These indicators or scores may be stored and displayed in a
meaningful format to assist a user in managing his health
and exercise regimen.

[0031] In an exemplary technique of data transmission,
data collected by a wearable system may be transmitted
directly to a cloud-based data storage, from which data may
be downloaded for display and analysis on a website. In
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another exemplary technique of data transmission, data
collected by a wearable system may be transmitted via a
mobile communication device application to a cloud-based
data storage, from which data may be downloaded for
display and analysis on a website.

[0032] The term “user” as used herein, refers to any type
of animal, human or non-human, whose physiological infor-
mation may be monitored using an exemplary wearable
physiological monitoring system. The term “body,” as used
herein, refers to the body of a user.

[0033] The term “continuous,” as used herein in connec-
tion with heart rate data collection, refers to collection of
heart rate data at a sufficient frequency to enable detection
of every heart beat and also refers to collection of heart rate
data continuously throughout the day and night.

[0034] The term “computer-readable medium,” as used
herein, refers to a non-transitory storage hardware, non-
transitory storage device or non-transitory computer system
memory that may be accessed by a controller, a microcon-
troller, a computational system or a module of a computa-
tional system to encode thereon computer-executable
instructions or software programs. The “computer-readable
medium” may be accessed by a computational system or a
module of a computational system to retrieve and/or execute
the computer-executable instructions or sofiware programs
encoded on the medium. The non-transitory computer-read-
able media may include, but are not limited to, one or more
types of hardware memory, non-transitory tangible media
(for example, one or more magnetic storage disks, one or
more optical disks, one or more USB flash drives), computer
system memory or random access memory (such as, DRAM,
SRAM, EDO RAM) and the like.

[0035] Exemplary embodiments provide wearable physi-
ological measurements systems that are configured to pro-
vide continuous measurement of heart rate. Exemplary sys-
tems are configured to be continuously wearable on an
appendage, for example, wrist or ankle, and do not rely on
electrocardiography or chest straps in detection of heart rate.
The exemplary system includes one or more light emitters
for emitting light at one or more desired frequencies toward
the user’s skin, and one or more light detectors for received
light reflected from the user’s skin. The light detectors may
include a photo-resistor, a photo-transistor, a photo-diode,
and the like. As light from the light emitters (for example,
green light) pierces through the skin of the user, the blood’s
natural absorbance or transmittance for the light provides
fluctuations in the photo-resistor readouts. These waves
have the same frequency as the user’s pulse since increased
absorbance or transmittance occurs only when the blood
flow has increased after a heartbeat. The system includes a
processing module implemented in software, hardware or a
combination thereof for processing the optical data received
at the light detectors and continuously determining the heart
rate based on the optical data. The optical data may be
combined with data from one or more motion sensors, e.g.,
accelerometers and/or gyroscopes, to minimize or eliminate
noise in the heart rate signal caused by motion or other
artifacts (or with other optical data of another wavelength).

[0036] FIG. 1 illustrates front and back perspective views
of one embodiment of a wearable system configured as a
bracelet 100 including one or more straps 102. The bracelet
is sleek and lightweight, thereby making it appropriate for
continuous wear. The bracelet may or may not include a
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display screen, e.g., a screen 106 such as a light emitting
diode (LED) display for displaying any desired data (e.g.,
instantaneous heart rate).

[0037] As shown in FIG. 1, the wearable system may
include components configured to provide various functions
such as data collection and streaming functions of the
bracelet. In some embodiments, the wearable system may
include a button underneath the wearable system. In some
embodiments, the button may be configured such that, when
the wearable system is properly tightened to one’s wrist, the
button may press down and activate the bracelet to begin
storing information. In other embodiments, the button may
be disposed and configured such that it may be pressed
manually at the discretion of a user to begin storing infor-
mation or otherwise to mark the start or end of an activity
period such as sleep. In some embodiments, the button may
be held to initiate a time stamp and held again to end a time
stamp, which may be transmitted, directly or through a
mobile communication device application, to a website as a
time stamp.

[0038] The wearable system may include a heart rate
monitor. In one example, the heart rate may be detected from
the radial artery. Thus, the wearable system may include a
pulse sensor. In one embodiment, the wearable system may
be configured such that, when a user wears it around their
wrist and tightens it, the sensor portion of the wearable
system is secured over the user’s radial artery or other blood
vessel. Secure connection and placement of the pulse sensor
over the radial artery or other blood vessel may allow
measurement of heart rate and pulse. It will be understood
that this configuration is provided by way of example only,
and that other sensors, sensor positions, and monitoring
techniques may also or instead be employed without depart-
ing from the scope of this disclosure.

[0039] In some embodiments, the pulse or heart rate may
be taken using an optical sensor coupled with one or more
light emitting diodes (LEDs), all directly in contact with the
user’s wrist. The LEDs are provided in a suitable position
from which light can be emitted into the user’s skin. In one
example, the LEDs mounted on a side or top surface of a
circuit board in the system to prevent heat buildup on the
LEDs and to prevent burns on the skin. The circuit board
may be designed with the intent of dissipating heat, e.g.. by
including thick conductive layers, exposed copper, heatsink,
or similar. In one aspect, the pulse repetition frequency is
such that the amount of power thermally dissipated by the
LED is negligible. Cleverly designed elastic wrist straps can
ensure that the sensors are always in contact with the skin
and that there is a minimal amount of outside light seeping
into the sensors. In addition to the elastic wrist strap, the
design of the strap may allow for continuous micro adjust-
ments (no preset sizes) in order to achieve an optimal fit, and
a floating sensor module. The sensor module may be free to
move with the natural movements caused by flexion and
extension of the wrist.

[0040] Insome embodiments, the wearable system may be
configured to record other physiological parameters includ-
ing, but not limited to, skin temperature (using a thermom-
eter), galvanic skin response (using a galvanic skin response
sensor), motion (using one or more multi-axes accelerom-
eters and/or gyroscope), and the like, and environmental or
contextual parameters, e.g., ambient temperature, humidity,
time of day, and the like. In an implementation, sensors are
used to provide at least one of continuous motion detection,
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environmental temperature sensing, electrodermal activity
(EDA) sensing, galvanic skin response (GSR) sensing, and
the like. In this manner, an implementation can identify the
cause of a detected physiological event. Reflectance Pho-
toPlethysmoGraphy (RPPG) may be used for the detection
of cardiac activity, which may provide for non-intrusive data
collection, usability in wet, dusty and otherwise harsh envi-
ronments, and low power requirements. For example, as
explained herein, using the physiological readouts of the
device and the analytics described herein, an “Intensity
Score” (e.g., 0-21) (e.g., that measures a user’s recent
exertion), a “Recovery Score” (e.g., 0-100%), and “Sleep
Score” (e.g., 0-100) may together measure readiness for
physical and psychological exertion.

[0041] In some embodiments, the wearable system may
further be configured such that a button underneath the
system may be pressed against the user’s wrist, thus trig-
gering the system to begin one or more of collecting data,
calculating metrics and communicating the information to a
network. In some embodiments, the sensor used for, e.g.,
measuring heart rate or GSR or any combination of these,
may be used to indicate whether the user is wearing the
wearable system or not. In some embodiments, power to the
one or more LEDs may be cut off as soon as this situation
is detected, and reset once the user has put the wearable
system back on their wrist.

[0042] The wearable system may include one, two or more
sources of battery life, e.g., two or more batteries. In some
embodiments, it may have a battery that can slip in and out
of the head of the wearable system and can be recharged
using an included accessory. Additionally, the wearable
system may have a built-in battery that is less powerful.
When the more powerful battery is being charged, the user
does not need to remove the wearable system and can still
record data (during sleep, for example).

[0043] Inexemplary embodiments, the wearable system is
enabled to automatically detect when the user is asleep,
awake but at rest and exercising based on physiological data
collected by the system.

[0044] FIG. 2 shows a block diagram illustrating exem-
plary components of a wearable physiological measurement
system 200 configured to provide continuous collection and
monitoring of physiological data. The wearable system 200
includes one or more sensors 202. As discussed above, the
sensors 202 may include a heart rate monitor. In some
embodiments, the wearable system 200 may further include
one or more of sensors for detecting calorie burn, distance
and activity. Calorie burn may be based on a user’s heart
rate, and a calorie burn measurement may be improved if a
user chooses to provide his or her weight and/or other
physical parameters. In some embodiments, manual entering
of data is not required in order to derive calorie burn;
however, data entry may be used to improve the accuracy of
the results. In some embodiments, if a user has forgotten to
enter a new weight, he/she can enter it for past weeks and the
calorie burn may be updated accordingly.

[0045] The sensors 202 may include one or more sensors
for activity measurement. In some embodiments, the system
may include one or more multi-axes accelerometers and/or
gyroscope to provide a measurement of activity. In some
embodiments, the accelerometer may further be used to filter
a signal from the optical sensor for measuring heart rate and
to provide a more accurate measurement of the heart rate. In
some embodiments, the wearable system may include a
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multi-axis accelerometer to measure motion and calculate
distance, whether it be in real terms as steps or miles or as
a converted number. Activity sensors may be used, for
example, to classify or categorize activity, such as walking,
running, performing another sport, standing, sitting or lying
down. In some embodiments, one or more of collected
physiological data may be aggregated to generate an aggre-
gate activity level. For example, heart rate, calorie burn, and
distance may be used to derive an aggregate activity level.
The aggregate level may be compared with or evaluated
relative to previous recordings of the user’s aggregate activ-
ity level, as well as the aggregate activity levels of other
users.

[0046] The sensors 202 may include a thermometer for
monitoring the user’s body or skin temperature. In one
embodiment, the sensors may be used to recognize sleep
based on a temperature drop, GSR data, lack of activity
according to data collected by the accelerometer, and
reduced heart rate as measured by the heart rate monitor. The
body temperature, in conjunction with heart rate monitoring
and motion, may be used to interpret whether a user is
sleeping or just resting, as body temperature drops signifi-
cantly when an individual is about to fall asleep), and how
well an individual is sleeping as motion indicates a lower
quality of sleep. The body temperature may also be used to
determine whether the user is exercising and to categorize
and/or analyze activities.

[0047] The system 200 includes one or more batteries 204.
According to one embodiment, the one or more batteries
may be configured to allow continuous wear and usage of
the wearable system. In one embodiment, the wearable
system may include two or more batteries. The system may
include a removable battery that may be recharged using a
charger. In one example, the removable battery may be
configured to slip in and out of a head portion of the system,
attach onto the bracelet, or the like. In one example, the
removable battery may be able to power the system for
around a week. Additionally, the system may include a
built-in battery. The built-in battery may be recharged by the
removable battery. The built-in battery may be configured to
power the bracelet for around a day on its own. When the
more removable battery is being charged, the user does not
need to remove the system and may continue collecting data
using the built-in battery. In other embodiments, the two
batteries may both be removable and rechargeable.

[0048] Insome embodiments, the system 200 may include
abattery that is a wireless rechargeable battery. For example,
the battery may be recharged by placing the system or the
battery on a rechargeable mat. In other example, the battery
may be a long range wireless rechargeable battery. In other
embodiments, the battery may be a rechargeable via motion.
In yet other embodiments, the battery may be rechargeable
using a solar energy source.

[0049] The wearable system 200 includes one or more
non-transitory computer-readable media 206 for storing raw
data detected by the sensors of the system and processed
data calculated by a processing module of the system.
[0050] The system 200 includes a processor 208, a
memory 210, a bus 212, a network interface 214, and an
interface 216. The network interface 214 is configured to
wirelessly communicate data to an external network 218.
The network 218 may include any communication network
through which computer systems may exchange data. For
example, the network 218 may include, but is not limited to,
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the Internet, an intranet, a LAN (Local Area Network), a
WAN (Wide Area Network), a MAN (Metropolitan Area
Network), a wireless network, an optical network, and the
like. To exchange data via the network 218, the system 200
and the network 218 may use various methods, protocols
and standards including, but not limited to, token ring,
Ethernet, wireless Ethernet, Bluetooth, TCP/IP, UDP, HTTP,
FTP, SNMP, SMS, MMS, SS7, ISON, XML, REST, SOAP,
CORBA, HOP, RMI, DCOM and Web Services. To ensure
data transfer is secure, the system 200 may transmit data via
the network using a variety of security measures including,
but not limited to, TSL, SSL and VPN.

[0051] Some embodiments of the wearable system may be
configured to stream information wirelessly to a social
network. In some embodiments, data streamed from a user’s
wearable system to an external network 218 may be
accessed by the user via a website. The network interface
may be configured such that data collected by the system
may be streamed wirelessly. In some embodiments, data
may be transmitted automatically, without the need to manu-
ally press any buttons. In some embodiments, the system
may include a cellular chip built into the system. In one
example, the network interface may be configured to stream
data using Bluetooth technology. In another example, the
network interface may be configured to stream data using a
cellular data service, such as via a 3G or 4G cellular
network.

[0052] The system 200 may be coupled to one or more
servers 220 via a communication network 218.

[0053] In some embodiments, a physiological measure-
ment system may be configured in a modular design to
enable continuous operation of the system in monitoring
physiological information of a user wearing the system. The
module design may include a strap and a separate modular
head portion or housing that is removably couplable to the
strap.

[0054] In the non-limiting illustrative module design, the
strap 102 of a physiological measurement system may be
provided with a set of components that enables continuous
monitoring of at least a heart rate of the user so that it is
independent and fully self-sufficient in continuously moni-
toring the heart rate without requiring the modular head
portion 104. In one embodiment, the strap includes a plu-
rality of light emitters for emitting light toward the user’s
skin, a plurality of light detectors for receiving light reflected
from the user’s skin, an electronic circuit board comprising
a plurality of electronic components configured for analyz-
ing data corresponding to the reflected light to automatically
and continually determine a heart rate of the user, and a first
set of one or more batteries for supplying electrical power to
the light emitters, the light detectors and the electronic
circuit board. In some embodiments, the strap may also
detect one or more other physiological characteristics of the
user including, but not limited to, temperature, galvanic skin
response, and the like.

[0055] Certain exemplary systems may be configured to
be coupled to any desired part of a user’s body so that the
system may be moved from one portion of the body (e.g.,
wrist) to another portion of the body (e.g., ankle) without
affecting its function and operation. In one embodiment, the
identity of the portion of the user’s body to which the
wearable system is attached may be determined based on
one or more parameters including, but not limited to, absor-
bance level of light as returned from the user’s skin, reflec-
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tance level of light as returned from the user’s skin, motion
sensor data (e.g., accelerometer and/or gyroscope), altitude
of the wearable system, and the like.

[0056] In some embodiments, the processing module is
configured to determine that the wearable system is taken off
from the user’s body. In one example, the processing module
may determine that the wearable system has been taken off
if data from the galvanic skin response sensor indicates data
atypical of a user’s skin. If the wearable system is deter-
mined to be taken off from the user’s body, the processing
module is configured to deactivate the light emitters and the
light detectors and cease monitoring of the heart rate of the
user to conserve power.

[0057] Exemplary systems include a processing module
configured to filter the raw photoplethysmography data
received from the light detectors to minimize contributions
due to motion, and subsequently process the filtered data to
detect peaks in the data that correspond with heart beats of
a user. The overall algorithm for detecting heart beats takes
as input the analog signals from optical sensors (mV) and
accelerometer, and outputs an implied beats per minute
(heart rate) of the signal accurate within a few beats per
minute as that determined by an electrocardiography
machine even during motion.

[0058] In one aspect, using multiple LEDs with different
wavelengths reacting to movement in different ways can
allow for signal recovery with standard signal processing
techniques. The availability of accelerometer information
can also be used to compensate for coarse movement signal
corruption. In order to increase the range of movements that
the algorithm can successfully filter out, an aspect utilizes
techniques that augment the algorithm already in place. For
example, filtering violent movements of the arm during very
short periods of time, such as boxing as exercising, may be
utilized by the system. By selective sampling and interpo-
lating over these impulses, an aspect can account for more
extreme cases of motion. Additionally, an investigation into
different LED wavelengths, intensities, and configurations
can allow the systems described herein to extract a signal
across a wide spectrum of skin types and wrist sizes. In other
words, motion filtering algorithms and signal processing
techniques may assist in mitigating the risk caused by
movement.

[0059] FIG. 3 is a flowchart illustrating an exemplary
signal processing algorithm for generating a sequence of
heart rates for every detected heartbeat that is embodied in
computer-executable instructions stored on one or more
non-transitory computer-readable media. In step 302, light
emitters of a wearable physiological measurement system
emit light toward a user’s skin. In step 304, light reflected
from the user’s skin is detected at the light detectors in the
system. In step 306, signals or data associated with the
reflected light are pre-processed using any suitable tech-
nique to facilitate detection of heart beats. In step 308, a
processing module of the system executes one or more
computer-executable instructions associated with a peak
detection algorithm to process data corresponding to the
reflected light to detect a plurality of peaks associated with
a plurality of beats of the user’s heart. In step 310, the
processing module determines an RR interval based on the
plurality of peaks detected by the peak detection algorithm.
In step 312, the processing module determines a confidence
level associated with the RR interval.
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[0060] Based on the confidence level associated with the
RR interval estimate, the processing module selects either
the peak detection algorithm or a frequency analysis algo-
rithm to process data corresponding to the reflected light to
determine the sequence of instantaneous heart rates of the
user. The frequency analysis algorithm may process the data
corresponding to the reflected light based on the motion of
the user detected using, for example, an accelerometer. The
processing module may select the peak detection algorithm
or the frequency analysis algorithm regardless of a motion
status of the user. It is advantageous to use the confidence in
the estimate in deciding whether to switch to frequency-
based methods as certain frequency-based approaches are
unable to obtain accurate RR intervals for heart rate vari-
ability analysis. Therefore, an implementation maintains the
ability to obtain the RR intervals for as long as possible,
even in the case of motion, thereby maximizing the infor-
mation that can be extracted.

[0061] For example, in step 314, it is determined whether
the confidence level associated with the RR interval is above
(or equal to or above) a threshold. In certain embodiments,
the threshold may be predefined, for example, about 50%-
90% in some embodiments and about 80% in one non-
limiting embodiment. In other embodiments, the threshold
may be adaptive, i.e., the threshold may be dynamically and
automatically determined based on previous confidence lev-
els. For example, if one or more previous confidence levels
were high (i.e., above a certain level), the system may
determine that a present confidence level that is relatively
low compared to the previous levels is indicative of a less
reliable signal. In this case, the threshold may be dynami-
cally adjusted to be higher so that a frequency-based analy-
sis method may be selected to process the less reliable
signal.

[0062] If the confidence level is above (or equal to or
above) the threshold, in step 316, the processing module
may use the plurality of peaks to determine an instantaneous
heart rate of the user. On the other hand, in step 320, based
on a determination that the confidence level associated with
the RR interval is equal to or below the predetermined
threshold, the processing module may execute one or more
computer-executable instructions associated with the fre-
quency analysis algorithm to determine an instantaneous
heart rate of the user. The confidence threshold may be
dynamically set based on previous confidence levels.
[0063] In some embodiments, in steps 318 or 322, the
processing module determines a heart rate variability of the
user based on the sequence of the instantaneous heart
rates/beats.

[0064] The system may include a display device config-
ured to render a user interface for displaying the sequence of
the instantaneous heart rates of the user, the RR intervals
and/or the heart rate variability determined by the processing
module. The system may include a storage device config-
ured to store the sequence of the instantaneous heart rates,
the RR intervals and/or the heart rate variability determined
by the processing module.

[0065] In one aspect, the system may switch between
different analytical techniques for determining a heart rate
such as a statistical technique for detecting a heart rate and
a frequency domain technique for detecting a heart rate.
These two different modes have different advantages in
terms of accuracy, processing efficiency, and information
content, and as such may be useful at different times and
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under different conditions. Rather than selecting one such
mode or technique as an attempted optimization, the system
may usefully switch back and forth between these differing
techniques, or other analytical techniques, using a predeter-
mined criterion. An exemplary statistical technique employs
probabilistic peak detection. An exemplary frequency analy-
sis algorithm used in an implementation isolates the highest
frequency components of the optical data, checks for har-
monics common in both the accelerometer data and the
optical data, and performs filtering of the optical data. This
latter algorithm may, for example, take as input raw analog
signals from the accelerometer (3-axis) and pulse sensors,
and output heart rate values or beats per minute (BPM) for
a given period of time related to the window of the spec-
trogram.

[0066] The exemplary wearable system computes heart
rate variability (HRV) to obtain an understanding of the
recovery status of the body. These values are captured right
before a user awakes or when the user is not moving, in both
cases photoplethysmography (PPG) variability yielding
equivalence to the ECG HRV. HRV is traditionally measured
using an ECG machine and obtaining a time series of R-R
intervals. Because an exemplary wearable system utilizes
photoplethysmography (PPG), it does not obtain the electric
signature from the heart beats; instead, the peaks in the
obtained signal correspond to arterial blood volume. At rest,
these peaks are directly correlated with cardiac cycles,
which enables the calculation of HRV via analyzing peak-
to-peak intervals (the PPG analog of RR intervals). It has
been demonstrated in medical literature that these peak-to-
peak intervals, the “PPG variability,” is identical to ECG
HRV while at rest.

[0067] An exemplary system may include a processing
module that is configured to automatically adjust one or
more operational characteristics of the light emitters and/or
the light detectors to minimize power consumption while
ensuring that all heart beats of the user are reliably and
continuously detected. The operational characteristics may
include, but are not limited to, a frequency of light emitted
by the light emitters, the number of light emitters activated,
a duty cycle of the light emitters, a brightness of the light
emitters, a sampling rate of the light detectors, and the like.
The processing module may adjust the operational charac-
teristics based on one or more signals or indicators obtained
or derived from one or more sensors in the system including,
but not limited to, a motion status of the user, a sleep status
of the user, historical information on the user’s physiological
and/or habits, an environmental or contextual condition
(e.g., ambient light conditions), a physical characteristic of
the user (e.g., the optical characteristics of the user’s skin),
and the like.

[0068] In one embodiment, the processing module may
receive data on the motion of the user using, for example, an
accelerometer. The processing module may process the
motion data to determine a motion status of the user which
indicates the level of motion of the user, for example,
exercise, light motion (e.g., walking), no motion or rest,
sleep, and the like. The processing module may adjust the
duty cycle of one or more light emitters and the correspond-
ing sampling rate of the one or more light detectors based on
the motion status. For example, light emitters for PPG may
be activated at a duty cycle ranging from about 1% to about
100%. In another example, the light emitters may be acti-
vated at a duty cycle ranging from about 20% to about 50%
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to minimize power consumption. Certain exemplary sam-
pling rates of the light detectors may range from about 50 Hz
to about 1000 Hz, but are not limited to these exemplary
rates. Certain non-limiting sampling rates are, for example,
about 100 Hz, 200 Hz, 500 Hz, and the like.

[0069] In one non-limiting example, the light detectors
may sample continuously when the user is performing an
exercise routine so that the error standard deviation is kept
within 5 beats per minute (BPM). When the user is at rest,
the light detectors may be activated for about a 1% duty
cycle-10 milliseconds each second (i.e., 1% of the time) so
that the error standard deviation is kept within 5 BPM
(including an error standard deviation in the heart rate
measurement of 2 BPM and an error standard deviation in
the heart rate changes between measurement of 3 BPM).
When the user is in light motion (e.g., walking), the light
detectors may be activated for about a 10% duty cycle-100
milliseconds each second (i.e., 10% of the time) so that the
error standard deviation is kept within 6 BPM (including an
error standard deviation in the heart rate measurement of 2
BPM and an error standard deviation in the heart rate
changes between measurement of 4 BPM).

[0070] The processing module may adjust the brightness
of one or more light emitters by adjusting the current
supplied to the light emitters. For example, a first level of
brightness may be set by current ranging between about 1
mA to about 10 mA, but is not limited to this exemplary
range. A second higher level of brightness may be set by
current ranging from about 11 mA to about 30 mA, butis not
limited to this exemplary range. A third higher level of
brightness may be set by current ranging from about 80 mA
to about 120 mA, but is not limited to this exemplary range.
In one non-limiting example, first, second and third levels of
brightness may be set by current of about 5 mA, about 20
mA and about 100 mA, respectively.

[0071] Shorter-wavelength LEDs may require more power
than is required by other types of heart rate sensors, such as,
a piezo-sensor or an infrared sensor. Therefore, an exem-
plary wearable system may provide and use a unique com-
bination of sensors—one or more light detectors for periods
where motion is expected and one or more piezo and/or
infrared sensors for low motion periods (e.g., sleep)—to
save battery life. Certain other embodiments of a wearable
system may exclude piezo-sensors and/or infrared sensors.
[0072] For example, upon determining that the motion
status indicates that the user is at a first higher level of
motion (e.g., exercising), one or more light emitters may be
activated to emit light at a first wavelength. Upon determin-
ing that the motion status indicates that the user is at a
second lower level of motion (e.g., at rest), non-light based
sensors may be activated. The threshold levels of motion
that trigger adjustment of the type of sensor may be based on
one or more factors including, but are not limited to, skin
properties, ambient light conditions, and the like.

[0073] The system may determine the type of sensor to use
at a given time based on the level of motion (e.g., via an
accelerometer) and whether the user is asleep (e.g., based on
movement input, skin temperature and heart rate). Based on
a combination of these factors the system selectively
chooses which type of sensor to use in monitoring the heart
rate of the user. Common symptoms of being asleep are
periods of no movement or small bursts of movement (such
as shifting in bed), lower skin temperature (although it is not
a dramatic drop from normal), drastic GSR changes, and
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heart rate that is below the typical resting heart rate when the
user is awake. These variables depend on the physiology of
a person and thus a machine learning algorithm is trained
with user-specific input to determine when he/she is awake/
asleep and determine from that the exact parameters that
cause the algorithm to deem someone asleep.

[0074] In an exemplary configuration, the light detectors
may be positioned on the underside of the wearable system
and all of the heart rate sensors may be positioned adjacent
to each other. For example, the low power sensor(s) may be
adjacent to the high power sensor(s) as the sensors may be
chosen and placed where the strongest signal occurs. In one
example configuration, a 3-axis accelerometer may be used
that is located on the top part of the wearable system. In
some embodiments, an operational characteristic of the
microprocessor may be automatically adjusted to minimize
power consumption. This adjustment may be based on a
level of motion of the user’s body.

[0075] More generally, the above description contem-
plates a variety of techniques for sensing conditions relating
to heart rate monitoring or related physiological activity
either directly (e.g., confidence levels or accuracy of calcu-
lated heart rate) or indirectly (e.g., motion detection, tem-
perature). However measured, these sensed conditions can
be used to intelligently select from among a number of
different modes, including hardware modes, software
modes, and combinations of the foregoing, for monitoring
heart rate based on, e.g., accuracy, power usage, detected
activity states, and so forth. Thus there is disclosed herein
techniques for selecting from among two or more different
heart rate monitoring modes according to a sensed condi-
tion.

[0076] Exemplary embodiments provide an analytics sys-
tem for providing qualitative and quantitative monitoring of
a user’s body, health and physical training. The analytics
system is implemented in computer-executable instructions
encoded on one or more non-transitory computer-readable
media. The analytics system relies on and uses continuous
data on one or more physiological parameters including, but
not limited to, heart rate. The continuous data used by the
analytics system may be obtained or derived from an exem-
plary physiological measurement system disclosed herein,
or may be obtained or derived from a derived source or
system, for example, a database of physiological data. In
some embodiments, the analytics system computes, stores
and displays one or more indicators or scores relating to the
user’s body, health and physical training including, but not
limited to, an intensity score and a recovery score. The
scores may be updated in real-time and continuously or at
specific time periods, for example, the recovery score may
be determined every morning upon waking up, the intensity
score may be determined in real-time or after a workout
routine or for an entire day.

[0077] In certain exemplary embodiments, a fitness score
may be automatically determined based on the physiological
data of two or more users of exemplary wearable systems.
[0078] An intensity score or indicator provides an accurate
indication of the cardiovascular intensities experienced by
the user during a portion of a day, during the entire day or
during any desired period of time (e.g., during a week or
month). The intensity score is customized and adapted for
the unique physiological properties of the user and takes into
account, for example, the user’s age, gender, anaerobic
threshold, resting heart rate, maximum heart rate, and the
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like. If determined for an exercise routine, the intensity score
provides an indication of the cardiovascular intensities expe-
rienced by the user continuously throughout the routine. If
determined for a period of including and beyond an exercise
routine, the intensity score provides an indication of the
cardiovascular intensities experienced by the user during the
routine and also the activities the user performed after the
routine (e.g., resting on the couch, active day of shopping)
that may affect their recovery or exercise readiness.
[0079] In exemplary embodiments, the intensity score is
calculated based on the user’s heart rate reserve (HRR) as
detected continuously throughout the desired time period,
for example, throughout the entire day. In one embodiment,
the intensity score is an integral sum of the weighted HRR
detected continuously throughout the desired time period.
FIG. 4 is a flowchart illustrating an exemplary method of
determining an intensity score.
[0080] In step 402, continuous heart rate readings are
converted to HRR values. A time series of heart rate data
used in step 402 may be denoted as:

[0081] HeT
[0082] A time series of HRR measurements, v(t), may be
defined in the following expression in which MHR is the
maximum heart rate and RHR 1is the resting heart rate of the
user:

H(d) - RHR

0= THR-RAR

[0083] In step 404, the HRR values are weighted accord-
ing to a suitable weighting scheme. Cardiovascular intensity,
indicated by an intensity score, is defined in the following
expression in which w is a weighting function of the HRR
measurements:

I, 1), wive)de

[0084] In step 406, the weighted time series of HRR
values is summed and normalized.
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[0085] Thus, the weighted sum is normalized to the unit
interval , ie., [0, 1]
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[0086] Instep 408, the summed and normalized values are
scaled to generate user-friendly intensity score values. That
is, the unit interval is transformed to have any desired
distribution in a scale (e.g., a scale including 21 points from
0 to 21), for example, arctangent, sigmoid, sinusoidal, and
the like. In certain distributions, the intensity values increase
at a linear rate along the scale, and in others, at the highest
ranges the intensity values increase at more than a linear rate
to indicate that it is more difficult to climb in the scale
toward the extreme end of the scale. In some embodiments,
the raw intensity scores are scaled by fitting a curve to a
selected group of “canonical” exercise routines that are
predefined to have particular intensity scores.

[0087] In one embodiment, monotonic transformations of
the unit interval are achieved to transform the raw HRR
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values to user-friendly intensity scores. An exemplary scal-
ing scheme, expressed as f: [0, 1]—[0, 1], is performed using
the following function:

arctan(N(x — p)) N 1)

(5 N. p) = 0.5 ———
i

[0088] To generate an intensity score, the resulting value
may be multiplied by a number based on the desired scale of
the intensity score. For example, if the intensity score is
graduated from zero to 21, then the value may be multiplied
by 21.

[0089] Instep 410, the intensity score values are stored on
a non-transitory storage medium for retrieval, display and
usage. In step 412, the intensity score values are, in some
embodiments, displayed on a user interface rendered on a
visual display device. The intensity score values may be
displayed as numbers and/or with the aid of graphical tools,
e.g., a graphical display of the scale of intensity scores with
current score, and the like. In some embodiments, the
intensity score may be indicated by audio. In step 412, the
intensity score values are, in some embodiments, displayed
along with one or more quantitative or qualitative pieces of
information on the user including, but not limited to,
whether the user has exceeded his/her anaerobic threshold,
the heart rate zones experienced by the user during an
exercise routine, how difficult an exercise routine was in the
context of the user’s training, the user’s perceived exertion
during an exercise routine, whether the exercise regimen of
the user should be automatically adjusted (e.g., made easier
if the intensity scores are consistently high), whether the
user is likely to experience soreness the next day and the
level of expected soreness, characteristics of the exercise
routine (e.g., how difficult it was for the user, whether the
exercise was in bursts or activity, whether the exercise was
tapering, etc.), and the like. In one embodiment, the analyt-
ics system may automatically generate, store and display an
exercise regimen customized based on the intensity scores of
the user.

[0090] Step 406 may use any of a number of exemplary
static or dynamic weighting schemes that enable the inten-
sity score to be customized and adapted for the unique
physiological properties of the user. In one exemplary static
weighting scheme, the weights applied to the HRR values
are based on static models of a physiological process. The
human body employs different sources of energy with vary-
ing efficiencies and advantages at different HRR levels. For
example, at the anaerobic threshold (AT), the body shifts to
anaerobic respiration in which the cells produce two adenos-
ine triphosphate (ATP) molecules per glucose molecule, as
opposed to 36 at lower HRR levels. At even higher HRR
levels, there is a further subsequent threshold (CPT) at
which creatine triphosphate (CTP) is employed for respira-
tion with even less efficiency.

[0091] In order to account for the differing levels of
cardiovascular exertion and efficiency at the different HRR
levels, in one embodiment, the possible values of HRR are
divided into a plurality of categories, sections or levels (e.g.,
three) dependent on the efficiency of cellular respiration at
the respective categories. The HRR parameter range may be
divided in any suitable manner, such as, piecewise, includ-
ing piecewise-linear, piecewise-exponential, and the like.
An exemplary piecewise-linear division of the HRR param-
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eter range enables weighting each category with strictly
increasing values. This scheme captures an accurate indica-
tion of the cardiovascular intensity experienced by the user
because it is more difficult to spend time at higher HRR
values, which suggests that the weighting function should
increase at the increasing weight categories.

[0092] In one non-limiting example, the HRR parameter
range may be considered a range from zero (0) to one (1) and
divided into categories with strictly increasing weights. In
one example, the HRR parameter range may be divided into
a first category of a zero HRR value and may assign this
category a weight of zero; a second category of HRR values
falling between zero (0) and the user’s anaerobic threshold
(AT) and may assign this category a weight of one (1); a
third category of HRR values falling between the user’s
anaerobic threshold (AT) and a threshold at which the user’s
body employs creatine triphosphate for respiration (CPT)
and may assign this category a weight of 18; and a fourth
category of HRR values falling between the creatine triphos-
phate threshold (CPT) and one (1) and may assign this
category a weight of 42, although other numbers of HRR
categories and different weight values are possible. That is,
in this example, the weights are defined as:

0 v=0
1 v e (0, AT]
w(v) =
18 :v e (AT, CPT]
42 :ve(CPT, 1]
[0093] Inanother exemplary embodiment of the weighting

scheme, the HRR time series is weighted iteratively based
on the intensity scores determined thus far (e.g., the intensity
score accrued thus far) and the path taken by the HRR values
to get to the present intensity score. In another exemplary
embodiment of the weighting scheme, a predictive approach
is used by modeling the weights or coefficients to be the
coeflicient estimates of a logistic regression model. One of
ordinary skill in the art will recognize that two or more
aspects of any of the disclosed weighting schemes may be
applied separately or in combination in an exemplary
method for determining an intensity score.

[0094] In one aspect, heart rate zones quantify the inten-
sity of workouts by weighing and comparing different levels
of heart activity as percentages of maximum heart rate.
Analysis of the amount of time an individual spends training
at a certain percentage of his’her MHR may reveal his/her
state of physical exertion during a workout. This intensity,
developed from the heart rate zone analysis, motion, and
activity, may then indicate his/her need for rest and recovery
after the workout, e.g., to minimize delayed onset muscle
soreness (DOMS) and prepare him/her for further activity.
As discussed above, MHR, heart rate zones, time spent
above the anaerobic threshold, and HRV in RSA (Respira-
tory Sinus Arrhythmia) regions—as well as personal infor-
mation (gender, age, height, weight, etc.) may be utilized in
data processing.

[0095] A recovery score or indicator provides an accurate
indication of the level of recovery of a user’s body and
health after a period of physical exertion. The human
autonomic nervous system controls the involuntary aspects
of the body’s physiology and is typically subdivided into
two branches: parasympathetic (deactivating) and sympa-



US 2019/0110755 Al

thetic (activating). Heart rate variability (HRV), i.e., the
fluctuation in inter-heartbeat interval time, is a commonly
studied result of the interplay between these two competing
branches. Parasympathetic activation reflects inputs from
internal organs, causing a decrease in heart rate. Sympa-
thetic activation increases in response to stress, exercise and
disease, causing an increase in heart rate. For example, when
high intensity exercise takes place, the sympathetic response
to the exercise persists long after the completion of the
exercise. When high intensity exercise is followed by insuf-
ficient recovery, this imbalance lasts typically until the next
morning, resulting in a low morning HRV. This result should
be taken as a warning sign as it indicates that the parasym-
pathetic system was suppressed throughout the night. While
suppressed, normal repair and maintenance processes that
ordinarily would occur during sleep were suppressed as
well. Suppression of the normal repair and maintenance
processes results in an unprepared state for the next day,
making subsequent exercise attempts more challenging.
[0096] The recovery score is customized and adapted for
the unique physiological properties of the user and takes into
account, for example, the user’s heart rate variability (HRV),
resting heart rate, sleep quality and recent physiological
strain (indicated, in one example, by the intensity score of
the user). In one exemplary embodiment, the recovery score
is a weighted combination of the user’s heart rate variability
(HRV), resting heart rate, sleep quality indicated by a sleep
score, and recent strain (indicated, in one example, by the
intensity score of the user). In an exemplar, the sleep score
combined with performance readiness measures (such as,
morning heart rate and morning heart rate variability) pro-
vides a complete overview of recovery to the user. By
considering sleep and HRV alone or in combination, the user
can understand how exercise-ready he/she is each day and to
understand how he/she arrived at the exercise-readiness
score each day, for example, whether a low exercise-readi-
ness score is a predictor of poor recovery habits or an
inappropriate training schedule. This insight aids the user in
adjusting his/her daily activities, exercise regimen and
sleeping schedule therefore obtain the most out of his/her
training.

[0097] In some cases, the recovery score may take into
account perceived psychological strain experienced by the
user. In some cases, perceived psychological strain may be
detected from user input via, for example, a questionnaire on
a mobile device or web application. In other cases, psycho-
logical strain may be determined automatically by detecting
changes in sympathetic activation based on one or more
parameters including, but not limited to, heart rate variabil-
ity, heart rate, galvanic skin response, and the like.

[0098] With regard to the user’s HRV used in determining
the recovery score, suitable techniques for analyzing HRV
include, but are not limited to, time-domain methods, fre-
quency-domain methods, geometric methods and non-linear
methods. In one embodiment, the HRV metric of the root-
mean-square of successive differences (RMSSD) of RR
intervals is used. The analytics system may consider the
magnitude of the differences between 7-day moving aver-
ages and 3-day moving averages of these readings for a
given day. Other embodiments may use Poincaré Plot analy-
sis or other suitable metrics of HRV.

[0099] The recovery score algorithm may take into
account RHR along with history of past intensity and
recovery scores.
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[0100] With regard to the user’s resting heart rate, moving
averages of the resting heart rate are analyzed to determine
significant deviations. Consideration of the moving averages
is important since day-to-day physiological variation is quite
large even in healthy individuals. Therefore, the analytics
system may perform a smoothing operation to distinguish
changes from normal fluctuations.

[0101] Although an inactive condition, sleep is a highly
active recovery state during which a major portion of the
physiological recovery process takes place. Nonetheless, a
small, vet significant, amount of recovery can occur
throughout the day by rehydration, macronutrient replace-
ment, lactic acid removal, glycogen re-synthesis, growth
hormone production and a limited amount of musculoskel-
etal repair. In assessing the user’s sleep quality, the analytics
system generates a sleep score using continuous data col-
lected by an exemplary physiological measurement system
regarding the user’s heart rate, skin conductivity, ambient
temperature and accelerometer/gyroscope data throughout
the user’s sleep. Collection and use of these four streams of
data enable an understanding of sleep previously only acces-
sible through invasive and disruptive over-night laboratory
testing. For example, an increase in skin conductivity when
ambient temperature is not increasing, the wearer’s heart
rate is low, and the accelerometer/gyroscope shows little
motion, may indicate that the wearer has fallen asleep. The
sleep score indicates and is a measure of sleep efficiency
(how good the user’s sleep was) and sleep duration (if the
user had suflicient sleep). Each of these measures is deter-
mined by a combination of physiological parameters, per-
sonal habits and daily stress/strain (intensity) inputs. The
actual data measuring the time spent in various stages of
sleep may be combined with the wearer’s recent daily
history and a longer-term data set describing the wearer’s
personal habits to assess the level of sleep sufficiency
achieved by the user. The sleep score is designed to model
sleep quality in the context of sleep duration and history. It
thus takes advantage of the continuous monitoring nature of
the exemplary physiological measurement systems dis-
closed herein by considering each sleep period in the context
of biologically-determined sleep needs, pattern-determined
sleep needs and historically-determined sleep debt.

[0102] The recovery and sleep score values are stored on
a non-transitory storage medium for retrieval, display and
usage. The recovery and/or sleep score values are, in some
embodiments, displayed on a user interface rendered on a
visual display device. The recovery and/or sleep score
values may be displayed as numbers and/or with the aid of
graphical tools, e.g., a graphical display of the scale of
recovery scores with current score, and the like. In some
embodiments, the recovery and/or sleep score may be indi-
cated by audio. The recovery score values are, in some
embodiments, displayed along with one or more quantitative
or qualitative pieces of information on the user including,
but not limited to, whether the user has recovered suffi-
ciently, what level of activity the user is prepared to perform,
whether the user is prepared to perform an exercise routine
a particular desired intensity, whether the user should rest
and the duration of recommended rest, whether the exercise
regimen of the user should be automatically adjusted (e.g,,
made easier if the recovery score is low), and the like. In one
embodiment, the analytics system may automatically gen-
erate, store and display an exercise regimen customized
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based on the recovery scores of the user alone or in com-
bination with the intensity scores.

[0103] As discussed above, the sleep performance metric
may be based on parameters like the number of hours of
sleep, sleep onset latency, and the number of sleep distur-
bances. In this manner, the score may compare a tactical
athlete’s duration and quality of sleep in relation to the
tactical athlete’s evolving sleep need (e.g., a number of
hours based on recent strain, habitual sleep need, signs of
sickness, and sleep debt). By way of example, a soldier may
have a dynamically changing need for sleep, and it may be
important to consider the total hours of sleep in relation to
the amount of sleep that may have been required. By
providing an accurate sensor for sleep and sleep perfor-
mance, an aspect may evaluate sleep in the context of the
overall day and lifestyle of a specific user.

[0104] FIG. 5 is a flowchart illustrating an exemplary
method by which a user may use intensity and recovery
scores. In step 502, the wearable physiological measurement
system begins determining heart rate variability (HRV)
measurements based on continuous heart rate data collected
by an exemplary physiological measurement system. In
some cases, it may take the collection of several days of
heart rate data to obtain an accurate baseline for the HRV. In
step 504, the analytics system may generate and display
intensity score for an entire day or an exercise routine. In
some cases, the analytics system may display quantitative
and/or qualitative information corresponding to the intensity
score.

[0105] In step 506, in an exemplary embodiment, the
analytics system may automatically generate or adjust an
exercise routine or regimen based on the user’s actual
intensity scores or desired intensity scores. For example,
based on inputs of the user’s actual intensity scores, a
desired intensity score (that is higher than the actual inten-
sity scores) and a first exercise routine currently performed
by the user (e.g., walking), the analytics system may rec-
ommend a second different exercise routine that is typically
associated with higher intensity scores than the first exercise
routine (e.g., running).

[0106] In step 508, at any given time during the day (e.g.,
every morning), the analytics system may generate and
display a recovery score. In some cases, the analytics system
may display quantitative and/or qualitative information cor-
responding to the intensity score. For example, in step 510,
in an exemplary embodiment, the analytics system may
determine if the recovery is greater than (or equal to or
greater than) a first predetermined threshold (e.g., about 60%
to about 80% in some examples) that indicates that the user
is recovered and is ready for exercise. If this is the case, in
step 512, the analytics system may indicate that the user is
ready to perform an exercise routine at a desired intensity or
that the user is ready to perform an exercise routine more
challenging than the past day’s routine. Otherwise, in step
514, the analytics system may determine if the recovery is
lower than (or equal to or lower than) a second predeter-
mined threshold (e.g., about 10% to about 40% in some
examples) that indicates that the user has not recovered. If
this is the case, in step 516, the analytics system may
indicate that the user should not exercise and should rest for
an extended period. The analytics system may, in some
cases, the duration of recommended rest. Otherwise, in step
518, the analytics system may indicate that the user may
exercise according to his’/her exercise regimen while being
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careful not to overexert him/herself. The thresholds may, in
some cases, be adjusted based on a desired intensity at which
the user desires to exercise. For example, the thresholds may
be increased for higher planned intensity scores.

[0107] FIG. 6 is a flow chart illustrating a method for
detecting heart rate variability in sleep states. The method
600 may be used in cooperation with any of the devices,
systems, and methods described herein, such as by operating
a wearable, continuous physiological monitoring device to
perform the following steps. The wearable, continuous
physiological monitoring system may for example include a
processor, one or more light emitting diodes, one or more
light detectors configured to obtain heart rate data from a
user, and one or more other sensors to assist in detecting
stages of sleep. In general, the method 600 aims to measure
heart rate variability in the last phase of sleep before waking
in order to provide a consistent and accurate basis for
calculating a physical recovery score.

[0108] As shown in step 602, the method 600 may include
detecting a sleep state of a user. This may, for example,
include any form of continuous or periodic monitoring of
sleep states using any of a variety of sensors or algorithms
as generally described herein.

[0109] Sleep states (also be referred to as “sleep phases,”
“sleep cycles,” “sleep stages,” or the like) may include rapid
eye movement (REM) sleep, non-REM sleep, or any states/
stages included therein. The sleep states may include dif-
ferent phases of non-REM sleep, including Stages 1-3. Stage
1 of non-REM sleep generally includes a state where a
person’s eyes are closed, but the person can be easily
awakened; Stage 2 of non-REM sleep generally includes a
state where a person is in light sleep, i.e., where the person’s
heart rate slows and their body temperature drops in prepa-
ration for deeper sleep; and Stage 3 of non-REM sleep
generally includes a state of deep sleep, where a person is
not easily awakened. Stage 3 is often referred to as delta
sleep, deep sleep, or slow wave sleep (i.e., from the high
amplitude but small frequency brain waves typically found
in this stage). Slow wave sleep is thought to be the most
restful form of sleep, which relieves subjective feelings of
sleepiness and restores the body.

[0110] REM sleep on the other hand typically occurs 1-2
hours after falling asleep. REM sleep may include different
periods, stages, or phases, all of which may be included
within the sleep states that are detected as described herein.
During REM sleep, breathing may become more rapid,
irregular and shallow, eyes may jerk rapidly (thus the term
“Rapid Eye Movement” or “REM”), and limb muscles may
be temporarily paralyzed. Brain waves during this stage
typically increase to levels experienced when a person is
awake. Also, heart rate, cardiac pressure, cardiac output, and
arterial pressure may become irregular when the body
moves into REM sleep. This is the sleep state in which most
dreams occur, and, if awoken during REM sleep, a person
can typically remember the dreams. Most people experience
three to five intervals of REM sleep each night.

[0111] Homeostasis is the balance between sleeping and
waking, and having proper homeostasis may be beneficial to
a person’s health. Lack of sleep is commonly referred to as
sleep deprivation, which tends to cause slower brain waves,
a shorter attention span, heightened anxiety, impaired
memory, mood disorders, and general mental, emotional,
and physical fatigue. Sleep debt (the effect of not getting
enough sleep) may result in the diminished abilities to
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perform high-level cognitive functions. A person’s circadian
rhythms (i.e., biological processes that display an endog-
enous, entrainable oscillation of about 24 hours) may be a
factor in a person’s optimal amount of sleep. Thus, sleep
may in general be usefully monitored as a proxy for physical
recovery. However, a person’s heart rate variability at a
particular moment during sleep—during the last phase of
sleep preceding a waking event—can further provide an
accurate and consistent basis for objectively calculating a
recovery score following a period of sleep.

[0112] According to the foregoing, sleep of a user may be
monitored to detect various sleep states, transitions, and
other sleep-related information. For example, the device
may monitor/detect the duration of sleep states, the transi-
tions between sleep states, the number of sleep cycles or
particular states, the number of transitions, the number of
waking events, the transitions to an awake state, and so
forth. Sleep states may be monitored and detected using a
variety of strategies and sensor configurations according to
the underlying physiological phenomena. For example,
body temperature may be usefully correlated to various
sleep states and transitions. Similarly, galvanic skin response
may be correlated to sweating activity and various sleep
states, any of which may also be monitored, e.g., with a
galvanic skin response sensor, to determine sleep states.
Physical motion can also be easily monitored using accel-
erometers or the like, which can be used to detect waking or
other activity involving physical motion. In another aspect,
heart rate activity itself may be used to infer various sleep
states and transitions, either alone or in combination with
other sensor data. Other sensors may also or instead be used
to monitor sleep activity, such as brain wave monitors, pupil
monitors, and so forth, although the ability to incorporate
these types of detection into a continuously wearable physi-
ological monitoring device may be somewhat limited
depending on the contemplated configuration.

[0113] As shown in step 604, the method 600 may include
monitoring a heart rate of the user substantially continuously
with the continuous physiological monitoring system. Con-
tinuous heart rate monitoring is described above in signifi-
cant detail, and the description is not repeated here except to
note generally that this may include raw sensor data, heart
rate data or peak data, and heart rate variability data over
some historical period that can be subsequently correlated to
various sleep states and activities.

[0114] As shown in step 606, the method 600 may include
recording the heart rate as heart rate data. This may include
storing the heart rate data in any raw or processed form on
the device, or transmitting the data to a local or remote
location for storage. In one aspect, the data may be stored as
peak-to-peak data or in some other semi-processed form
without calculating heart rate variability. This may be useful
as a technique for conserving processing resources in a
variety of contexts, for example where only the heart rate
variability at a particular time is of interest. Data may be
logged in some unprocessed or semi-processed form, and
then the heart rate variability at a particular point in time can
be calculated once the relevant point in time has been
identified.

[0115] As shown in step 610, the method 600 may include
detecting a waking event at a transition from the sleep state
of the user to an awake state. It should be appreciated that
the waking event may be a result of a natural termination of
sleep, e.g., after a full night’s rest, or in response to an
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external stimulus that causes awakening prior to completion
of a natural sleep cycle. Regardless of the precipitating
event(s), the waking event may be detected via the various
physiological changes described above, or using any other
suitable techniques. While the emphasis herein is on a
wearable, continuous monitoring device, it will be under-
stood that the device may also receive inputs from an
external device such as a camera (for motion detection) or an
infrared camera (for body temperature detection) that can be
used to aid in accurately assessing various sleep states and
transitions.

[0116] Thus the wearable, continuous physiological moni-
toring system may generally detect a waking event using one
or more sensors including, for example, one or more of an
accelerometer, a galvanic skin response sensor, a light
sensor, and so forth. For example, in one aspect, the waking
event may be detected using a combination of motion data
and heart rate data.

[0117] As shown in step 612, the method 600 may include
calculating a heart rate variability of the user at a moment in
a last phase of sleep preceding the waking event based upon
the heart rate data. While a waking event and a history of
sleep states are helpful information for assessing recovery,
the method 600 described herein specifically contemplates
use of the heart rate variability in a last phase of sleep as a
consistent foundation for calculating recovery scores for a
device user. Thus, step 612 may also include detecting a
slow wave sleep period immediately prior to the waking
event, or otherwise determining the end of a slow wave or
deep sleep episode immediately preceding the waking event.
[0118] It will be appreciated that the last phase of sleep
preceding a natural waking event may be slow wave sleep.
However, where a sleeper is awakened prematurely, this
may instead include a last recorded episode of REM sleep or
some other phase of sleep immediately preceding the wak-
ing event. This moment—the end of the last phase of sleep
before waking—is the point at which heart rate variability
data provides the most accurate and consistent indicator of
physical recovery. Thus, with the appropriate point of time
identified, the historical heart rate data (in whatever form)
may be used with the techniques described above to calcu-
late the corresponding heart rate variability. It will be further
noted that the time period for this calculation may be
selected with varving degrees of granularity depending on
the ability to accurate detect the last phase of sleep and an
end of the last phase of sleep. Thus for example, the time
may be a predetermined amount of time before waking, or
at the end of slow wave sleep, or some predetermined
amount of time before the end of slow wave sleep is either
detected or inferred. In another aspect, an average heart rate
variability or similar metric may be determined for any
number of discrete measurements within a window around
the time of interest.

[0119] As shown in step 614, the method 600 may include
calculating a duration of the sleep state. The quantity and
quality of sleep may be highly relevant to physical recovery,
and as such the duration of the sleep state may be used to
calculate a recovery score.

[0120] As shown in step 618, the method 600 may include
evaluating a quality of heart rate data using a data quality
metric for a slow wave sleep period, e.g., the slow wave
sleep period occurring most recently before the waking
event. As noted above, the quality of heart rate measure-
ments may vary over time for a variety of reasons. Thus the
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quality of heart rate data may be evaluated prior to selecting
a particular moment or window of heart rate data for
calculating heart rate variability, and the method 600 may
include using this quality data to select suitable values for
calculating a recovery score. For example, the method 600
may include calculating the heart rate variability for a
window of predetermined duration within the slow wave
sleep period having the highest quality of heart rate data
according to the data quality metric.

[0121] As shown in step 620, the method 600 may include
calculating a recovery score for the user based upon the heart
rate variability from the last phase of sleep. The calculation
may be based on other sources of data. For example, the
calculation of recovery score may be based on the duration
of sleep, the stages of sleep detected or information con-
cerning the stages (e.g., amount of time in certain stages),
information regarding the most recent slow wave sleep
period or another sleep period/state, information from the
GSR sensor or other sensor(s), and so on. The method 600
may further include calculating additional recovery scores
after one or more other waking events of the user for
comparison to the previously calculated recovery score. The
actual calculation of a discovery score is described in
substantial detail above, and this description is not repeated
here except to note that the use of a heart rate variability
measurement from the last phase of sleep provides an
accurate and consistent basis for evaluating the physical
recovery state of a user following a period of sleep.

[0122] As shown in step 630, the method 600 may include
calculating a sleep score and communicating this score to a
user.

[0123] In one aspect, the sleep score may be a measure of
prior sleep performance. For example, a sleep performance
score may quantify, on a scale 0f 0-100, the ratio of the hours
of sleep during a particular resting period compared to the
sleep needed. On this scale, if a user sleeps six hours and
needed eight hours of sleep, then the sleep performance may
be calculated as 75%. The sleep performance score may
begin with one or more assumptions about needed sleep,
based on, e.g., age, gender, health, fitness level, habits,
genetics, and so forth and may be adapted to actual sleep
patterns measured for an individual over time,

[0124] The sleep score may also or instead include a sleep
need score or other objective metric that estimates an
amount of sleep needed by the user of the device in a next
sleep period. In general, the score may be any suitable
quantitative representation including, e.g., a numerical value
over some predetermined scale (e.g., 0-10, 1-100, or any
other suitable scale) or a representation of a number of hours
of sleep that should be targeted by the user. In another
aspect, the sleep score may be calculated as the number of
additional hours of sleep needed beyond a normal amount of
sleep for the user.

[0125] The score may be calculated using any suitable
inputs that capture, e.g., a current sleep deficit, a measure of
strain or exercise intensity over some predetermined prior
interval, an accounting for any naps or other resting, and so
forth. A variety of factors may affect the actual sleep need,
including physiological attributes such as age, gender,
health, genetics and so forth, as well as daytime activities,
stress, napping, sleep deficit or deprivation, and so forth. The
sleep deficit may itself be based on prior sleep need and
actual sleep performance (quality, duration, waking inter-
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vals, etc.) over some historical window. In one aspect, an
objective scoring function for sleep need may have a model
of the form:

SlespNeed=Baseline+f, (strain)+f5(debt)-Naps

[0126] In general, this calculation aims to estimate the
ideal amount of sleep for best rest and recovery during a next
sleep period. When accounting for time falling asleep,
periods of brief wakefulness, and so forth, the actual time
that should be dedicated to sleep may be somewhat higher,
and this may be explicitly incorporated into the sleep need
calculation, or left for a user to appropriately manage sleep
habits.

[0127] In general, the baseline sleep may represent a
standard amount of sleep needed by the user on a typical rest
day (e.g., with no strenuous exercise or workout). As noted
above, this may depend on a variety of factors, and may be
estimated or measured for a particular individual in any
suitable manner. The strain component,fi(strain), may be
assessed based on a previous day’s physical intensity, and
will typically increase the sleep need. Where intensity or
strain is measured on an objective scale from 0 to 21, the
strain calculation may take the following form, which yields
an additional sleep time needed in minutes for a strain, i:

. 1.7
fi)= ——

1+¢35

[0128] The sleep debt, f,(debt), may generally measure a
carryover of needed sleep that was not attained in a previous
day. This may be scaled, and may be capped at a maximum,
according to individual sleep characteristics or general infor-
mation about long term sleep deficit and recovery. Naps may
also be accounted for directly by correcting the sleep need
for any naps that have been taken, or by calculating a nap
factor that is scaled or otherwise manipulated or calculated
to more accurately track the actual effect of naps on pro-
spective sleep need.

[0129] However calculated, the sleep need may be com-
municated to a user, such as by displaying a sleep need on
a wrist-worn physiological monitoring device, or by sending
an e-mail, text message or other alert to the user for display
on any suitable device.

[0130] FIG. 7 is a bottom view of a wearable, continuous
physiological monitoring device (the side facing a user’s
skin). As shown in the figure, the wearable, continuous
physiological monitoring system 700 includes a wearable
housing 702, one or more sensors 704, a processor 706, and
a light source 708.

[0131] The wearable housing 702 may be configured such
that a user can wear a continuous physiological monitoring
device as part of the wearable, continuous physiological
monitoring system 700. The wearable housing 702 may be
configured for cooperation with a strap or the like, e.g., for
engagement with an appendage of a user.

[0132] The one or more sensors 704 may be disposed in
the wearable housing 702. In one aspect, the one or more
sensors 704 include a light detector configured to provide
data to the processor 706 for calculating a heart rate vari-
ability. The one or more sensors 704 may also or instead
include an accelerometer configured to provide data to the
processor 706 for detecting a sleep state or a waking event.
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In an implementation, the one or more sensors 704 measure
a galvanic skin response of the user.

[0133] The processor 706 may be disposed in the wearable
housing 702. The processor 706 may be configured to
operate the one or more sensors 704 to detect a sleep state
of a user wearing the wearable housing 702. The processor
706 may be further configured to monitor a heart rate of the
user substantially continuously, and to record the heart rate
as heart rate data without calculating a heart rate variability
for the user. The processor 706 may also or instead be
configured to detect a waking event at a transition from the
sleep state of the user to an awake state, and to calculate the
heart rate variability of the user at a moment in the last phase
of sleep preceding the waking event based upon the heart
rate data. The processor 706 may further be configured to
calculate a recovery score for the user based upon the heart
rate variability from the last phase of sleep.

[0134] The light source 708 may be coupled to the wear-
able housing 702 and controlled by the processor 706. The
light source 708 may be directed toward the skin of a user’s
appendage. Light from the light source 708 may be detected
by the one or more sensors 704.

[0135] Physiological signals acquired using the various
different sensors described herein can be sensitive to con-
ditions under which the physiological signal is obtained.
Thus, for example, the physiological signal obtained during
certain activities and/or under certain conditions can contain
significant amounts of noise, or may have characteristics
that vary according to the type of activity or other physical
or physiological context. Accordingly, where it is desirable
to continuously monitor a physiological signal, it can be
advantageous to process the signal using the following
techniques in order to reduce or eliminate the negative
effects of confounding factors such as motion of the wear-
able, type of activity, the physical interface with a wearer’s
skin, weather or other ambient conditions, and so forth.
[0136] FIG. 8 is a flow chart illustrating a method for
concurrent use of multiple physiological parameter estima-
tion techniques. For the sake of clarity of explanation, the
method 800 is described with respect to heart rate estimation
techniques. It should be appreciated, however, that the
method 800 can be extended to the concurrent use of
parameters estimation techniques for any of various different
physiological parameters. As described in greater detail
below, each estimation technique may be optimized for
different activities and conditions to facilitate continuously
and reliably estimating the physiological parameter.

[0137] The method 800 may be used in cooperation with
any of the devices, systems, and methods described herein,
such as by operating a wearable physiological monitoring
device to perform one or more of the following steps. The
wearable physiological monitoring device may, for example,
be any of the devices described herein, and may include a
processor, a memory, and a physiological sensor such as a
photoplethysmography sensor or other heart rate or physi-
ological monitoring system to obtain a physiological signal.
The method 800 may also or instead be deployed using a
server such as a remote server coupled in communication
with a wearable physiological monitoring device and con-
figured to receive data from the device and process the data
using some or all of the steps below.

[0138] As shown in step 802, the method 800 may include
providing a plurality of heart rate estimators for estimating
a heart rate. Each one of the plurality of heart rate estimators

Apr. 18,2019

may correspond to one of a number of predetermined
measurement contexts for measuring the heatt rate with a
wearable physiological monitor. For example, each one of
the plurality of heart rate estimators may be optimized to one
of a number of predetermined measurement contexts so that
the estimator is optimized to provide an accurate calculation
of the heart rate in the corresponding context. In general, the
predetermined measurement contexts may relate to motion,
ambient conditions, and combinations thereof. For example,
it may be useful to process data using one technique or
algorithm when outdoors, e.g., in the presence of bright
sunlight or darkness of night, while a different technique
may be more useful while on a treadmill in an indoor facility
with fixed, moderately bright lighting. Thus, the number of
predetermined measurement contexts may include one or
more of an indoor activity, an outdoor activity. Similarly,
weather conditions such as rain or temperature may affect
the physical interface to a body, and conditions such as
cloudiness or rain may impact measurements by altering
ambient lighting conditions. Thus, the number of predeter-
mined measurement contexts may also or instead include an
ambient weather condition.

[0139] In general, the heart rate signal estimated by the
plurality of heart rate estimators may be a time domain heart
rate signal such as a photoplethysmography signal or other
time domain measure of cardiac activity. In another aspect,
the estimators may be used to directly estimate other deriva-
tive signals of interest such as heart rate variability or the
like. Thus the heart rate signal may be a heart rate variability
signal, peak-to-peak interval signal or other signal that
would otherwise be calculated from the time domain heart
rate.

[0140] Additionally, or alternatively, the number of pre-
determined measurement contexts may include one or more
of active, sedentary, and sleeping, any of which may affect
skin surface conditions, motion, and other factors infiuenc-
ing the selection of an estimator for heart rate or any other
physiological signal. The number of predetermined mea-
surement contexts may also or instead include one or more
types of physical exercise. For example, different estimators
may provide better results for activities that vary signifi-
cantly in terms of physical motion, strain, and so forth,
particularly in activities such as bicycling, swimming, and
jogging where the rate of movement and range of motion for
the physiological monitoring device is likely to vary widely.
Similarly, other activities such as basketball or tennis may be
less prone to recurring periodic motions, and may be ame-
nable to treatment with other, different estimators of heart
rate. Thus in another aspect, the number of predetermined
measurement contexts may include one or more types of
motion of the wearable physiological monitor based on
motion data from one or more motion sensors in the wear-
able physiological monitor. In another aspect, different esti-
mators may be more accurate for different absolute heart
rates (e.g., high heart rates or low heart rates) or may be
more accurate for different relative heart rates (e.g., a
percentage of the resting heart rate or maximum heart rate).
Accordingly, in certain embodiments, the number of prede-
termined measurement contexts may include a current heart
rate estimated for the wearable physiological monitor, which
may, as noted above, include a relative heart rate or an
absolute heart rate.

[0141] The heart rate estimators may include a frequency
domain peak detector. For example, the heart rate estimators
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may include a fundamental frequency of the physiological
signal in the frequency domain or a harmonic product
spectrum for the physiological signal. Additionally, or alter-
natively, the heart rate estimators may include a fundamental
frequency of a complex cepstrum for the physiological
signal. The heart rate estimators may also or instead include
a peak detector for one or more harmonics of the funda-
mental frequency.

[0142] In certain implementations, heart rate estimators
may include at least one estimator with a high-Q time
domain filter for the physiological signal around a prede-
termined frequency of interest. As an example, the heart rate
may be estimated, and the beats can be identified in the time
domain with this signal. The identification of the beats can
be based on a likelihood analysis. A higher likelihood can be
ascribed, for example, to higher rhythmicity of the signal.
The absence of alternans (beat-to-beat variation in ampli-
tude) may be additionally, or alternatively, associated with a
higher likelihood. As another nonexclusive example, a
higher likelihood can be associated with not finding a
regular set of beats at ¥ the estimated heart rate.

[0143] Further, or instead, the heart rate estimators may
include an estimator that tracks peaks in the physiological
signal relative to a motion signal. For example, the actual
peaks in the physiological signal can be tracked over time
and a motion signal frequency (e.g., based on a signal from
a motion sensor) can be similarly tracked. Continuing with
this example, when the actual peaks in the physiological
signal and the motion signal frequency converge at the same
estimated value, the likelihood that this peak accurately
represents the physiological parameter may be increased.
Similarly, when the actual peaks in the physiological signal
and the motion signal frequency diverge, the likelihood may
decrease or return to normal.

[0144] The heart rate estimator may also or instead use
any physiological signal or data available to the monitoring
device, or available in a post processing context, such as
body temperature, breathing rate, and so forth. More gen-
erally, the heart rate estimators may be any estimators that
usefully facilitate a calculation of a heart rate under one or
more conditions of interest. It will be appreciated that while
the discussion herein emphasizes the use of heart rate signals
in particular, the techniques disclosed herein may also or
instead be used on any other physiological signal of interest.
Thus, rather than a heart rate estimator, the estimators may
include estimators of any time-based physiological signal of
interest, with suitable adaptations to the monitoring system
and the remaining method steps as would be appreciated to
one of ordinary skill in the art, and all such adaptations and
modifications are intended to fall within the scope of this
disclosure.

[0145] As shown in step 804, the method 800 may include
providing a plurality of probability estimators. Each one of
the plurality of probability estimators may correspond to one
of the plurality of heart rate estimators, with each one of the
plurality of probability estimators providing a likelihood that
the corresponding heart rate estimator is accurately estimat-
ing the heart rate based on a physiological signal from the
wearable physiological monitor.

[0146] The probability estimators may in general provide
a manner for calculating relative likelihoods that each of the
plurality of heart rate estimators (or other physiological
signal estimators) is producing an accurate or otherwise
reliable result. This may be independently calculated for
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each estimator using any suitable scoring system or merit
function, or this may be expressed as relative values where
the sum of the likelihoods for all of the estimators is 1.0 or
100 percent, or some other normalized value. In one aspect,
the probability estimators may use time-based information,
e.g., where the most recently selected estimator, or one of the
last several recently selected estimators (e.g., last two, three,
five, or some other number) receives an increased score
based on an inference that the estimator remains accurate or
relevant. Thus, for example, where an indoor estimator has
been selected, that estimator may continue to be applied
until a strong contrary inference is presented for an outdoor
estimator.

[0147] The probability estimators may also be varied or
weighted in different ways. For example, the probability
estimators may be hierarchically arranged so that groups of
estimators are scored in groups independently from one
another, relative to one another, or some combination of
these. In another aspect, probability estimators may be
weighted or adjusted based on other data external to the
current physiological monitoring such as GPS data, user
history data, weather information, and so forth.

[0148] In one aspect, suitably likelihood functions may be
analytically derived from known characteristics of the physi-
ological system, physical activities, monitoring device, and
so forth. In another aspect, suitable likelihood functions for
use as probability estimators may be derived using repre-
sentative data sets and ensemble classifiers, as described for
example in U.S. Prov. App. No. 62/218,017 filed on Sep. 14,
2015 and incorporated by reference herein in its entirety.
More generally, any techniques useful for discriminating
among multiple options for calculating a heart rate or other
time-based metric of interest from physiological data may be
usefully employed as a probability estimator as contem-
plated herein.

[0149] As shown in step 806, the method 800 may include
acquiring a physiological signal from the wearable physi-
ological monitor over an interval. The interval may be any
time interval of interest subject to the data recording and
storage limits of the monitoring system (including any
remote processing and storage resources), and may be made
up of segments (e.g., discrete segments), which may, for
example, be mutually exclusive segments that together
cover the entire interval or a predetermined portion thereof.
In another aspect, the segments may be overlapping seg-
ments or any other windowed or otherwise selected and
arranged segments useful for applying probability estima-
tors as contemplated herein. The physiological signal may,
for example, include a photoplethysmography signal as
described above, or any other physiological signal indicative
of a physiological state that might vary over time such as a
breathing rate, body temperature, pulse oxygen level, and so
forth.

[0150] As shown in step 808, the method 800 may include,
for each segment of the interval, assigning one or more
selected ones of the plurality of heart rate estimators to the
segment according to the likelihood of accurately estimating
the heart rate in the segment. In one aspect, the heart rate
estimator with the highest score or likelihood may be
selected to calculate the heart rate for that interval. In
another aspect, additional rules or the like may be applied to
select among various candidates. Thus for example, assign-
ing one of the heart rate estimators to a segment may include
favorably weighting one or more immediately prior estima-
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tors prior to selecting one of the heart rate estimators for
assignment to the segment. In a post-processing context, this
may also or instead include favorably weighting one or more
subsequent heart rate estimators. Further, whether or not
these temporally adjacent heart rate estimators are weighted
more favorably may depend on a relative score or confi-
dence associated with them, so that a very highly scored and
immediately adjacent estimator is more likely to be applied
to a current segment. In another aspect, estimators may be
hierarchically arranged to control the assignment process.
For example, where one heart rate estimator is selected,
other heart rate estimators may be more favorably weighted
or less favorably weighted relative to other estimators
according to the nature of the relationship among estimators
within the group—e.g., based on whether selection of one
estimator in the group makes other estimators in the group
more or less likely to occur in temporally adjacent segments.

[0151] In another aspect, a threshold or the like may be
applied to discern circumstances in which none of a set of
heart rate estimators appears to be providing reliable data. In
this case, any number of techniques may be used to inter-
polate heart rate data until a reliable signal is restored. For
example, this may include using an immediately prior esti-
mator, using a simple fundament frequency, using an aver-
age of the physiological signal over some preceding interval,
or any other suitable technique. Alternatively, the error
condition may be reported as missing data and processing
may be suspended or terminated until a reliable physiologi-
cal signal is reacquired.

[0152] It will be understood that a variety of alternative
implementations of this general approach may usefully be
employed. For example, a preliminary estimate may be
created of a most probable heart rate based on one or more
factors such as a prior heart rate, a subsequent heart rate, or
a history for a user of the wearable physiological monitor, as
well as combinations of the foregoing and/or any other
suitable information or inputs. This preliminary estimate
may also or instead be filtered to remove motion artifacts as
described herein. In any case, after creating a preliminary
estimate, this preliminary estimate may be adjusted by
applying the plurality of heart rate estimators according to
the probability estimators to increase a probability of an
accurate estimate as generally contemplated herein.

[0153] In another aspect, multiple heart rate estimators
may be combined for concurrent use in order to increase
accuracy. Similar to a traditional multiple imputations
approach, the fusion step in such a selection—fusion algo-
rithm may combine the results of the individual classifiers to
boost-up the overall classification accuracy. In multiple
imputations, the results are combined in a simple fashion:

1 q
FM, = EZ F X3 1,')
i=1

[0154] where [, is the ith imputation of the incomplete data
and q represents the number of imputations. The number of
required imputations is estimated by the Rubin’s imputation
efficiency law quantified by

Apr. 18,2019

efficiency = 705
12

[0155] where y is the fraction of the missing values in the
data. The efficiency is a value between 0 and 1 and shows the
performance of q imputations compared with the infinite
number of imputations. When q is small compared with v,
increasing q improves the efliciency. However, when q is
large enough, its further increments do not improve the
efficiency considerably. This criterion may be used to select
appropriate number of imputations.

[0156] In the contemplated selection-fusion method, the
distribution of the missing values in the feature space may
be used to improve the performance. In contrast to a multiple
imputation approach where all imputations have the same
weight, in the proposed approach, the classification accuracy
of each classifier for a given testing sample can be used to
weigh the outputs. Since a subset of samples and features,
not the whole data, is involved in the training of each
classifier, a specific subset may be advantageous depending
on the sample being tested. Thus, in the fusion step, the
aggregation step may be the weighted combination:

1 n(B)
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[0157] where @, is the relative inaccuracy or expected
error of I'(x;S,,) estimated at x which depends on the
accuracy of I'(x;S,;) around x and the number of features
used in the classifier.

[0158] By way of non-limiting example, two factors may
be usefully considered in determining a classifier’s expected
error (pi,x for a specific sample: (1) general accuracy of the
classifier and (2) similarity between the features of the
samples in the training set and those of the testing sample.
Thus, the local accuracy of the classifier should be calcu-
lated for each individual testing sample based on two
factors: (1) the number of samples in the training set that are
in the neighborhood of the testing sample and (2) the
similarity between the subset features (0,) and the existing
features for the testing sample.

[0159] Next a similarity may be estimated between the
training and testing samples. If all features are identically
informative, the similarity between the missing value pat-
terns in a subset and the testing sample can be characterized
by 6,76, where 6_ and 6, are the feature sets available for the
tesung sample X; and the ith subset, respectively. To take the
relative quality of the features into account, the similarity is
written as 6, 7K6, where K is a diagonal matrix to weigh the
features based on their information level.

[0160] A value for ¢, , may be calculated using
@~ (T Sg)-Y(x)’A0, 7K6,)

where Y(x) is the label of x. When there is no ranking of the
features, K is equal to the identity matrix. Here, f is a
non-increasing function that calculates the effect of similar-
ity between the feature spaces of the classifier and the testing
sample. For simplicity, we define f(u) as 1/u. When there are
no common features, f removes the effect of the classifier
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from aggregation. Alternatively, when all features are pres-
ent, f does not change the error measure.

[0161] The preceding equation can be calculated for the
training data. However, for a testing sample, it needs to be
estimated since Y (x) is unknown. To estimate ¢, _ easily, all
of the training samples in the vicinity of the testing sample
may be used:

1
b =— dis(x, ¥ )i
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[0162] It will be noted that the distance between the two
samples is modulated by their common features through the
second term. Using this fusion technique, a number of
heartbeat estimators may be used in combination to improve
accuracy of an estimated physiological signal such as a heart
rate. Thus in one aspect, assigning one or more selected ones
of the plurality of heart rate estimators to a segment of a
measurement interval may include fusing multiple heart rate
estimators for the segment using the techniques described
above and using this fused estimator to determine a heart
rate for the segment, e.g., by estimating the heart rate signal
with a fused estimator or applying the fused function to
adjust a heart rate determined using another estimator or
technique.

[0163] As shown in step 810, the method 800 may include
providing a heart rate signal over the interval based upon the
physiological signal and the selected ones of the plurality of
heart rate estimators. In general, the heart rate estimator
assigned to each segment may be used to calculate the heart
rate for that segment. With a heart rate signal calculated
from raw source data (e.g., the sensor data captured directly
by the monitoring device) for each segment using an accu-
rate estimator in this manner, the heart rate signal for the
entire interval can be determined as a combination of the
heart rate signal for each of the individual segments.
[0164] It should be appreciated that, because the heart rate
signal provided in step 810 is continuous, the method 800
may further include using the heart rate signal for assess-
ment of health, fitness, recovery, and/or sleep according to
any one or more of the various different methods described
herein that rely upon or benefit from a continuous physi-
ological signal. For example, the method 800 may further
include determining heart rate variability over the interval
based upon the heart rate signal. The heart rate variability
can be determined according to any or more of the various
different methods described herein, such as the methods
described above with respect to FIG. 3.

[0165] This approach provides significant advantages over
other techniques present in the art. The use of multiple
estimators and corresponding likelihood functions presents
additional processing and storage requirements generally
unsuited to a wearable device. Further there would appear to
be little motivation to adapt existing wearable monitors for
this use where the primary purpose is display of a current
heart rate or acquisition of periodic heart rate measurements
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over time. However, where a metric such as workout inten-
sity is being calculated, the result is highly dependent on
heart rate variability throughout the exercise activity, and
missing data may lead to substantial errors in the appraisal
of a workout’s difficulty, or similarly, the recovery obtained
from a period of rest or sleep. By facilitating the derivation
of a more accurate continuous measurement of heart rate
variability, downstream calculations of metrics that are
highly sensitive to accurate HRV measurements—such as
exercise intensity and recovery—can be substantially
improved.

[0166] According to the foregoing, a system contemplated
herein includes a memory and a server. The memory may
generally be configured to store data corresponding to a
physiological signal over an interval, the physiological
signal acquired by a wearable physiological monitor. The
server may be configured to assign, for each segment of the
interval, one or more selected heart rate estimators of a
plurality of heart rate estimators based on a likelihood of
accurately estimating the heart rate in the segment and to
provide a continuous heart rate signal over the interval based
upon the physiological signal and the one or more selected
heart rate estimators, each heart rate estimator of the plu-
rality of heart rate estimators optimized for one of a number
of predetermined measurement contexts for measuring the
heart rate with the wearable physiological monitor.

[0167] In the system, the likelihood of accurately estimat-
ing the heart rate in the segment may be based on a plurality
of probability estimators. each one of the plurality of prob-
ability estimators corresponding to one of the plurality of
heart rate estimators, and each one of the plurality of
probability estimators providing a likelihood that the corre-
sponding heart rate estimator is accurately estimating the
heart rate based on the physiological signal from the wear-
able physiological monitor. In another aspect, the plurality
of heart rate estimators may include at least one or more of
a frequency domain peak detector, a fundamental frequency
of a harmonic product spectrum for the physiological signal,
a fundamental frequency of a complex cepstrum for the
physiological signal, a high-Q time domain filter for the
physiological signal around a predetermined frequency of
interest, and an estimator that tracks peaks in the physi-
ological signal relative to a motion signal.

[0168] FIG. 9 is a flow chart illustrating a signal process-
ing algorithm for removing motion artifacts from a physi-
ological signal. Removing motion artifacts from the physi-
ological signal according to method 900 can reduce the
likelihood that movement of a wearer of a wearable con-
tinuous physiological monitoring device will interfere with
continuous and reliable physiological monitoring. That is, in
general, the method 900 can facilitate physiological moni-
toring in a manner that is robust with respect to motion
typically associated with exercise.

[0169] The method 900 may be used in cooperation with
any of the devices, systems, and methods described herein,
such as by operating a wearable physiological monitoring
device to perform one or more of the following steps. The
wearable physiological monitoring device may, for example,
include a processor, a memory, and a physiological sensor
(e.g., one or more light emitting diodes and one or more light
detectors arranged to obtain heart rate data from a wearer of
the wearable device) to obtain a physiological signal. Addi-
tionally, or alternatively, the method 900 may be imple-
mented on a server (e.g., a remote server) in communication
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with a wearable physiological monitoring device to perform
one or more of the following steps. As an example, the
server can receive a physiological signal obtained by the
wearable physiological monitoring device and one or more
steps of method 900 may be performed at the server.
[0170] As shown in step 901, the method 900 may include
modeling a system that includes a wearable physiological
device and a user. In general, the modeling may seek to
determine a relationship between motion by the wearable
device and physiological measurements taken by the device,
e.g., optical signals from a photoplethysmography system,
and may result in a model suitable for reducing or elimi-
nating motion artifacts from a physiological measurement.
The relationship may be determined using any suitable
modeling techniques including, without limitation, regres-
sion analysis, physical modeling, empirical modeling,
matched filtering, machine learning, or any other suitable
time domain, frequency domain, probabilistic, or other
techniques. In one aspect, a weighting function may be
derived with minimum weights at dominant peaks of an
accelerometer spectrum, e.g., for each of three accelerom-
eter signals in a three-dimensional motion sensing system.
The dominant peaks may also or instead be estimated and
separately applied to form a weighting function for motion
cancellation. In another aspect, various harmonics may also
or instead be used to form a weighting function to account
for modulation of three-dimensional motion within the
physical system. In another aspect, motion projection can be
employed to derive a model for projecting the motion signal
into a common space with the optical signal (or other sensor
signal) for direct mathematical combination. A model that
relates the motion of the device to a physiological measure-
ment may also or instead be based on a multiplicative
modulation of the physiological signal and the motion
signal. With this model, a set of harmonics of the underlying
physiological signal and the motion will be observed. The
model, in certain instances, may be a function of the motion
normal to the tissue.

[0171] Suitable techniques for developing a model for a
relationship between physical motion of a wearable monitor
and a physiological signal obtained from a sensor of the
wearable monitor are described by way of non-limiting
examples in U.S. Prov. App. No. 62/218,017 filed on Sep-
tember 14, 2015 and incorporated by reference herein in its
entirety. These any other techniques may usefully be
employed to derive a model suitable for use in the method
900 contemplated herein.

[0172] As shown in step 902, the method 900 may include
acquiring a physiological signal with the device over time.
The physiological signal may be indicative of a physical
state of a wearer of the device. In one aspect, the physi-
ological signal may be a signal indicative of a heart rate of
the wearer. By way of example, and not limitation, such a
physiological signal may be acquired with a photoplethys-
mography (PPG) detector in the device. The PPG detector,
it should be appreciated, may be any of the various different
PPG detectors described herein. The physiological signal
may also or instead include any optical, electrical, acoustic,
or other signal indicative of a physical state of the user, such
as a heart rate, heart rate variability, body temperature,
breathing rate, breathing volume, pulse oxygen, blood pres-
sure, and so forth.

[0173] As shown in step 904, the method 900 may include
measuring motion of the device as a motion signal over time.
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As an example, the device may include one or more accel-
erometers, and the measured motion of the device may be
based on a motion signal from the one or more accelerom-
eters over time. It should be appreciated that the one or more
accelerometers may be any of the various, different accel-
erometers generally known in the art and, therefore, may
include multi-axis accelerometers. For example, the device
may include a three-axis motion sensing system that
includes three accelerometers to capture motion data in
three-dimensions, e.g. along three orthogonal axes. In addi-
tion, or in the alternative, measuring motion of the device
may include detecting motion in a predetermined axis (e.g.,
an x-, y-, or z-axis) of the device, which may be aligned with
a single accelerometer axis or derived from a multi-axis
sensing system.

[0174] As shown in step 906, the method 900 may include
determining a fundamental frequency of a spectrum of the
motion signal. This may include determining the fundamen-
tal frequency using any suitable technique or combination of
techniques. For example, a dominant peak in the spectrum of
the motion signal may be identified. Further, or instead,
determining the fundamental frequency may include iden-
tifying the fundamental frequency using at least one of a
harmonic product spectrum and a complex cepstrum of the
spectrum of the motion signal. A variety of useful models as
contemplated in step 901 may conveniently characterize
motion artifacts as a set of harmonics of a fundamental
motion frequency. Thus a model to address these artifacts
may usefully modify a sensor signal using a group of notch
filters that selectively attenuate the physiological signal (in
a weighted or unweighted manner, or some combination of
these) at the fundamental frequency of the motion signal and
any number of harmonics thereof. As a significant advan-
tage, this approach facilitates artifact mitigation using a
measurement of a single fundamental frequency of the
motion signal (or alternatively, three fundamental frequen-
cies along three orthogonal axes). In certain implementa-
tions, the spectrum of the motion signal may be prepro-
cessed to remove one or more artifacts arising from time
domain discontinuities in the motion signal. An exemplary
preprocessing step may include discarding any peaks caused
by a 1/f frequency distribution, such as might be caused by
discontinuities in the motion signal.

[0175] As shown in step 908, the method 900 may include
applying a model to the physiological signal to mitigate
motion artifacts. In one aspect, this may include a notch filter
to the physiological signal, such as a notch filter or group of
notch filters that attenuate a fundamental frequency of the
motion signal and one or more related frequencies of the
motion signal such as harmonics of the fundamental fre-
quency. The filter or group of filters may thus provide a
filtered physiological signal with reduced motion artifacts
for subsequent processing.

[0176] According to one aspect of the invention, physi-
ological data acquired or estimated using the techniques
described herein may be improved by concurrently assessing
data quality based on data-driven machine learning or other
suitable techniques using statistical analysis, pattern match-
ing, artificial intelligence, and so forth. These techniques
may be used instead of, or in addition to, the other heart rate
calculations described herein in order to determine whether
and how to use physiological data based on a quality metric
such as a likelihood that the current data is accurate. By
deriving a quality estimation engine from large data sets,
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such as one containing thousands of hours of recorded data
for thousands of activities and workouts by many users,
accurate estimates of quality may be obtained that are
indicative, e.g., of the confidence that an estimated heart rate
is within a certain range of beats-per-minute from the true
heart rate, or that otherwise provide a suitable measure of
quality, accuracy, or the like.

[0177] FIG. 10 shows a system for evaluating physiologi-
cal data accuracy. In the system 1000, a number of subjects
1002 may be used to acquire suitable data and create a model
that can be deployed on a wearable device 1006 such as any
of the wearable devices described herein.

[0178] In general, each subject 1002 may be a user with a
number of data sources such as wearable physiological
monitors or other sensors or the like. In a data acquisition
phase, training data may be acquired while each subject
1002 engages in various activities over time. This may
include activities such as sleeping, resting, exercising, or
any of the other categories or sub-categories of activities
described herein. During these activities, each subject 1002
may provide calibrated data from a data source that is
presumed to provide accurate data. For example, a data
source such as a chest strap or electrocardiography (EKG)
device may be assumed to provide accurate heart rate data,
and may be used as a ground truth source of calibrated data
for modeling heart rate accuracy. More generally, any other
physiological data may usefully be obtained from a cali-
brated source that can reasonably be assumed to provide an
accurate measurement of a corresponding physiological
signal such as, without limitation, brain activity, pulse
oxygen, blood pressure, and so forth.

[0179] Each subject 1002 may also provide uncalibrated
data. For example, a data source such as a wearable physi-
ological monitoring device may be used to acquire a physi-
ological signal concurrently with the calibrated data. In
general, this source of uncalibrated data will represent the
same (or a similar) physiological measurement as the cali-
brated data, but from a source of unknown, variable, or
unreliable accuracy. Thus, for example, where the calibrated
data includes heart rate data from a chest strap or EKG, the
uncalibrated data may be photoplethysmography data from
a wrist-worn wearable device or the like.

[0180] Each subject 1002 may also provide sensor data.
This may include data from the same data source that
provides the uncalibrated data, or from other sensors on the
uncalibrated data source. For example, photoplethysmogra-
phy uses light intensity measurements to derive heart rate
data. These light intensity measurements may also be used
to characterize a more general data acquisition context, e.g.,
by varying over time in response to user movements, activity
levels, and so forth. In one aspect, sensor data may include
time domain features of the measurement signal such as a
maximum value, minimum value, range, frequency (in any
suitable bins), and so forth. This may also include descrip-
tive statistics for the time domain signal such as a median,
average, variance, and so forth. The sensor data may also or
instead include frequency domain features such as the
magnitude and frequency of any number of peaks, harmon-
ics, and so forth. For example, this may include the first,
second, and third largest peaks in the frequency domain data
for the optical sensor(s) and/or the corresponding peak
values, which may usefully be measured before and after
low pass filtering. This may also include data based on the
derived heart rate data, such as the last heart rate estimate
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obtained from the optical signal, the closest frequency
domain peak to the last heart rate estimate, and so forth. In
another aspect, other data such as accelerometer data may
usefully be employed. For example, this may include the
mean, range. minimum, and maximum of accelerometer
data on each of the X, Y and Z axes for the accelerometer.
This may also or instead include the first, second, and third
largest peaks in the frequency domain data for the acceler-
ometer data and/or the corresponding peak values, which
may be measured independently in the X, Y and Z direc-
tions, or as a single, combined vector magnitude for these
three axes. As with the optical data, this frequency domain
information may usefully be evaluated before and after low
pass filtering. The sensor data may usefully be windowed in
any suitable range for processing as contemplated herein.
For example, a ten second window has been demonstrated to
usefully balance processing requirements and the usefulness
and accuracy of the resulting model. However, smaller or
larger windows may also or instead be employed, and
overlapping windows may also or instead be used to more
finely localize the data acquisition context for use in creating
a quality estimator engine.

[0181] A model creation system 1008 may process the
calibrated data, uncalibrated data, and sensor data to gener-
ate a quality estimator engine that can provide a quality
metric for the uncalibrated data based on the sensor data. For
example, the quality metric may provide a probability that
the uncalibrated data is accurate, or within a predetermined
threshold of the calibrated data. This may include computer
code or the like executing on a computer to create the quality
estimator engine.

[0182] The model creation system 1008 may, for example,
include applying artificial intelligence or machine learning
techniques to train a model to evaluate accuracy, e.g., the
likelihood of being within a predetermined threshold, based
on a current data acquisition context for the uncalibrated
data source based on the sensor data. In one aspect, for each
measurement sample or window, the calibrated data may be
compared to the uncalibrated data to determine whether the
uncalibrated data is sufficiently close to the calibrated data
to be considered accurate. By way of non-limiting example,
the uncalibrated data and calibrated data may represent a
heart rate, and the predetermined threshold for accuracy may
be four beats per minute. In this example, if the calibrated
data indicates eighty beats per minute and the uncalibrated
data indicates eighty-two beats per minute, then the uncali-
brated data is within the threshold and the uncalibrated data
may be considered accurate. By contrast, in this example, if
the uncalibrated data indicates eighty-five beats for minute,
then this exceeds the threshold and the data is considered
inaccurate. In order to capture this evaluation for training
purposes, uncalibrated data within the threshold may be
assigned a one, and uncalibrated data outside the threshold
may be assigned a zero. A machine learning algorithm may
then be trained to identify accurate versus inaccurate data
based on the corresponding sensor data (which may option-
ally include or exclude the physiological measurement of
interest, e.g., the heart rate). While a binary system (e.g., a
‘1’ for accurate and ‘0’ for inaccurate) may usefully be
applied to provide training data for the quality estimator
engine, other measures may also or instead be used. For
example, a variable probability may be applied where, for
example, the current sensor data yields an uncalibrated result
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that is 90% likely to be accurate, either for a point mea-
surement, for a window, for a range of heart rates, or some
combination of these.

[0183] Tt will also be appreciated that a range of tech-
niques may usefully be employed to relate the sensor data to
an estimate of data quality such as a likelihood of accuracy.
For example, decision trees can usefully be employed to
divide the feature space for sensor data into regions with
various likelihoods of accuracy, and a machine learning
random forest may also or instead be employed, e.g., to
mitigate overfitting of data. Other techniques may also or
instead be employed including without limitation machine
learning techniques such as neural networks, deep learning,
support vector machines, nearest neighbor algorithms,
Bayesian networks, and so forth. Predictive modeling tech-
niques may also or instead be used, such as linear regression,
multinomial logistic regression, and so forth. While large
decision trees and random forests can, in particular, require
substantial processing resources to create, they also can
provide several advantages. For example, decision trees can
vield compact, computationally efficient models for the
quality estimate engine that generally scale linearly in size
and execution speed with the feature space. This can use-
fully permit the resulting engine 1004 to be ported to a
wearable device 1006 in a manner consistent with the
processing requirements and memory capacity of a typical
embedded system.

[0184] When the quality estimator engine 1004 has been
generated with the model creation system 1008 based on the
data from the subjects 1002, the engine 1004 may be ported
to a wearable device 1006 and stored in memory for use
during acquisition of new physiological data. The quality
estimator engine 1004 may then be used by the wearable
device 1006 to calculate a probability that a measurement of
the physiological data is accurate based on corresponding
feature data, or otherwise provide a data quality metric as
contemplated herein.

[0185] The wearable device 1006 may be any of the
wearable devices described herein. In general, the wearable
device 1006 may include a wrist strap or other component
for securing the wearable device 1006 to a user’s body. The
wearable device 1006 may also include one or more sensors
for capturing physiological data characterizing a physiologi-
cal measurement for a user of the wearable device and
feature data characterizing a timewise data acquisition con-
text for the physiological data. This may include any of the
sensors described herein, and as noted above, the sensors for
the physiological data may be the same sensors used to
capture the feature data, or different sensors, or some com-
bination of these. The wearable device 1006 may also
include a memory storing the quality estimator engine 1004,
as well as a processor configured by computer executable
code to evaluate the accuracy of uncalibrated data from the
sensors. For example, the processor may be configured to
perform the steps of receiving physiological data and feature
data from the one or more sensors, calculating a probability
that the physiological data is accurate for a window of
measurements by applying the quality estimator engine to a
distribution of values for the physiological data and corre-
sponding values for the feature data, and storing the prob-
ability as a measure of quality for the physiological data
within the window. This quality metric may be used for
further processing on the wearable device 1006, and may
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also be reported with other physiological data to a remote
processing resource for storage and additional processing.

[0186] FIG. 11 is a flow chart illustrating a method for
evaluating the accuracy of physiological data from an
uncalibrated data source. In general, the method 1100
includes acquiring uncalibrated data, calibrated data, and
feature data from a number of subjects, and then processing
this training data to obtain a model for evaluating the
accuracy of the uncalibrated data based on the feature data.
This model may be used, in turn, to improve processing of
new uncalibrated data, e.g., by reporting the likely accuracy
of the data or conditionally processing the uncalibrated data
based on the likelihood of being accurate.

[0187] As shown in step 1102, the method 1100 may
include obtaining calibrated physiological data from a first
type of physiological monitors assumed to be accurate. For
example, this may include obtaining calibrated heart rate
data from a number of subjects using one or more chest strap
type sensors, which provide a generally accepted measure of
heart rate that is assumed, e.g., for medical purposes, to
accurately reflect the heart rate of a subject over time. The
number of subjects may usefully include a relatively large
number of subjects, with data acquired over a relatively wide
range of different activity types and activity intensities. In
this manner, a useful training set can be obtained for use
with machine learning algorithms to derive, e.g., a quality
estimator engine.

[0188] As shown in step 1104, the method may include
obtaining uncalibrated physiological data from a second
type of physiological monitors of unknown accuracy. For
example, this may include obtaining uncalibrated heart rate
data from the number of subjects discussed above concur-
rently with the calibrated heart rate data using one or more
physiological monitors of a wrist-worn photoplethysmogra-
phy type. While wrist-worn devices are one common form
of wearable physiological monitoring device, this may also
or instead include wearable devices for any other limb,
extremity, or part of the body. For example, this may include
a wearable device strapped to a bicep, a thigh, an ankle, or
the like. Useful heart rate data has also been acquired, e.g,,
from the ear or other locations, and any corresponding,
suitably adapted wearable monitor may be used as a source
of uncalibrated physiological data as contemplated herein.

[0189] As shown in step 1106, the method 1100 may
include obtaining feature data. For example, this may
include at least one signal used to estimate a heart rate with
the uncalibrated heart rate data, such as time domain or
frequency domain data for the physiological signal of inter-
est, descriptive statistics for such signals, signals from a
motion sensor, or any other signal or combination of signals
from the sensors for a wearable device or the like. In one
aspect, obtaining feature data may more specifically include
obtaining feature data from one or more sensors of one or
more physiological monitors of the wrist-worn photopl-
ethysmography type described above, which may be
acquired concurrently with the calibrated heart rate data and
the uncalibrated heart rate data. The feature data may also or
instead include at least one value derived from a signal from
one of the physiological monitors of the wrist-worn pho-
toplethysmography type, or a signal derived from a motion
sensor of one of the physiological monitors of the wrist-
worn photoplethysmography type. More generally, the fea-
ture data may include any data characterizing a timewise
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data acquisition context for the uncalibrated physiological
data such as any of the data described above.

[0190] As shown in step 1108, the method 1100 may
include associating a quality metric with the uncalibrated
physiological data (e.g., the uncalibrated heart rate data). In
general, this may be any quality metric indicative of the
accuracy of the uncalibrated physiological data. For
example, the quality metric may indicate whether uncali-
brated heart rate data is within a predetermined threshold
(e.g., a number of beats per minute) of the calibrated heart
rate data, or within some other predetermined threshold of
some other physiological measurement value. The quality
metric may be associated in a timewise manner suitable for
processing as contemplated herein. For example, this may
include comparing calibrated data to uncalibrated data over
a window, for an instantaneous measurement, for an average
over some time period, or some combination of these.
[0191] As shown in step 1110, the method 1100 may
include creating a quality estimator engine to evaluate a
likelihood of the uncalibrated heart rate data being accurate
based on the feature data. This may include creating a model
using any of the techniques described herein. For example,
creating the quality estimator engine may include training a
machine learning decision tree or random forest to estimate
the quality metric for a set of feature data. More generally,
creating the model may include training a quality estimator
engine to determine a quality of the uncalibrated physiologi-
cal data (e.g., a likelihood of accuracy) based on the feature
data and a difference between the uncalibrated physiological
data and the calibrated physiological data. In this context,
the quality metric may initially be assigned to the training set
as a binary value. For example, the quality metric may be a
one when the uncalibrated heart rate data is within the
predetermined threshold of the uncalibrated heart rate data,
and a zero when the uncalibrated heart rate data is not within
the predetermined threshold of the uncalibrated heart rate
data. Based on this training data, other feature sets within the
feature space may be evaluated using the quality estimator
engine to estimate the likelihood of also being accurate.
[0192] Creating the model may also or instead include
customizing the model to a particular user. For example, the
method 1100 may include characterizing a particular user of
the physiological monitor based on, e.g., fitness, average
level of activity, demographics (age, height, weight, gender,
etc.), and so forth. The method 1100 may then include
identifying a subset of the number of subjects that provided
the training data that are most similar to the user. This subset
of subjects may then be used to associate a quality metric for
the uncalibrated heart rate data with the feature data for the
subset, e.g., by training a machine learning model based
specifically on the subset of subjects that are similar to the
target user. In this manner, the model can be customized or
optimized to a particular user so that the likelihood of being
accurate is more closely fitted to the activity level and object
characteristics of the current user.

[0193] Once trained or otherwise configured or created,
the quality estimator engine 1112 may be stored in a memory
for subsequent use. This may include storing the model on
a server or remote resource for use in cloud-based calcula-
tions, or storage on a wearable device for use in real time,
local data acquisition calculations.

[0194] As shown in step 1114, the method 1100 may
include receiving data from a wearable device. This new
data, including data from a different user or a different
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physiological monitor, referred to herein as “second uncali-
brated heart rate data” for the heart rate monitor described
above, may be evaluated for accuracy using the quality
estimator engine described above. In general, the wearable
device may be a device of the same type as the source(s) of
uncalibrated physiological data used for the training sets
discussed above. For example, this may be a wrist-worn
heart rate monitor using photoplethysmography or the like to
obtain heart rate data for a user over time. The data may
include uncalibrated data, e.g., the physiological signal(s) of
interest, and feature data indicative of the data acquisition
context. As noted above, the feature data may include or be
based on the physiological signal(s), or may be obtained
from other sensors on the wearable device. It will be
understood that, while the quality estimator engine usefully
generalizes the data quality evaluation model for general
use, the data received in step 1114 may also or instead
include new data from one of the users or devices from the
training set.

[0195] As shown in step 1116, the method 1100 may
include determining data quality for the second uncalibrated
data, such as a probability that the second uncalibrated data
is accurate. For example, this may include calculating a
probability that the physiological data is accurate for a
window of measurements by applying the quality estimator
engine to a distribution of values for the physiological data
and corresponding values for the feature data. In one
embodiment, this may include determining a probability that
the second uncalibrated heart rate data described above is
accurate for a window of measurements by calculating a
conditional probability that the second uncalibrated heart
rate data is accurate based on the corresponding second
feature data over a distribution of values for the calibrated
heart rate data within the window of measurements based on
the quality estimator engine. In general, while the likelihood
of accuracy may usefully be calculated over a distribution of
measurements (and corresponding feature data measure-
ments) for the window, instantaneous measurements may
also or instead be evaluated with the quality estimator
engine and used for subsequent processing.

[0196] As shown in step 1118, the method 1100 may
include associating the probability, e.g., the likelihood of
being accurate within a predetermined threshold, with the
window as a measure of quality for the newly acquired
uncalibrated heart rate data within the window.

[0197] As shown in step 1120, the method 1100 may
include providing feedback to a user based on the measure
of quality for the uncalibrated data. For example, this may
include providing feedback to a user concerning an adjust-
ment to the wearable device or other physiological monitor
suich as a change in position or a change in tension for a band
that is used to secure the physiological monitor to the user’s
body.

[0198] As shown in step 1122, the method 1100 may
include other quality-based processing. For example, the
method 1100 may include conditionally processing the
physiological data based on the measure of quality. For
example, if a calculation requires a threshold of accuracy,
only windows of data with at least the corresponding thresh-
old of accuracy will be used for the corresponding calcula-
tion. In another aspect, where data quality is sufficiently
degraded, processing may cease, or a user may be notified of
the poor data quality. In another aspect, metrics such as
recovery and strain described above may be weighted
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according to data quality. For example, weights may be
assigned to each physiological measurement according to
the absolute value of the data quality (e.g., likelihood of
being accurate), based on a trend in data quality, or some
combination of these. Similarly, some data may be excluded
if the data quality falls below a predetermined threshold, or
if the data quality for a particular segment is substantially
below timewise adjacent segments of calculated or esti-
mated physiological data.

[0199] As a significant advantage, quality-based process-
ing as described herein permits the explicit selection of more
accurate physiological data when calculating derivative met-
rics for strain, sleep, recovery and so forth. This creates a
corresponding increase in signal-to-noise ratio for quantita-
tive calculations by enabling targeted removal or exclusion
of data points or timewise data segments that are likely to be
inaccurate. The resulting improvements in the quantitative
and qualitative user feedback about physical states can
enable improved athletic conditioning and performance
when compared to users who are obtaining data from similar
wearable devices without corresponding countermeasures
for data that is likely to be inaccurate. These techniques may
also or instead be used, e.g., to facilitate user selection of
thresholds for data accuracy when calculating derivative
metrics, when displaying physiological data, when provid-
ing qualitative feedback, and so forth. For example, com-
puter-generated feedback may be modified to qualify nar-
rative results, e.g., by saying “you accumulated a sleep
deficit of thirty minutes this week, however, your sleep data
for the past two days is highly inaccurate and may result in
incorrect assessments of actual rest.”

[0200] The above systems, devices, methods, processes,
and the like may be realized in hardware, software, or any
combination of these suitable for the control, data acquisi-
tion, and data processing described herein. This includes
realization in one or more microprocessors, microcon-
trollers, embedded microcontrollers, programmable digital
signal processors or other programmable devices or process-
ing circuitry, along with internal and/or external memory.
This may also, or instead, include one or more application
specific integrated circuits, programmable gate arrays, pro-
grammable array logic components, or any other device or
devices that may be configured to process electronic signals.
It will further be appreciated that a realization of the
processes or devices described above may include com-
puter-executable code created using a structured program-
ming language such as C, an object oriented programming
language such as C++, or any other high-level or low-level
programming language (including assembly languages,
hardware description languages, and database programming
languages and technologies) that may be stored, compiled or
interpreted to run on one of the above devices, as well as
heterogeneous combinations of processors, processor archi-
tectures, or combinations of different hardware and soft-
ware.

[0201] Thus, in one aspect, each method described above
and combinations thereof may be embodied in computer
executable code that, when executing on one or more
computing devices, performs the steps thereof. In another
aspect, the methods may be embodied in systems that
perform the steps thereof, and may be distributed across
devices in a number of ways, or all of the functionality may
be integrated into a dedicated, standalone device or other
hardware. The code may be stored in a non-transitory
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fashion in a computer memory, which may be a memory
from which the program executes (such as random access
memory associated with a processor), or a storage device
such as a disk drive, flash memory or any other optical,
electromagnetic, magnetic, infrared or other device or com-
bination of devices. In another aspect, any of the systems
and methods described above may be embodied in any
suitable transmission or propagation medium carrying com-
puter-executable code and/or any inputs or outputs from
same. In another aspect, means for performing the steps
associated with the processes described above may include
any of the hardware and/or software described above. All
such permutations and combinations are intended to fall
within the scope of the present disclosure.

[0202] It should further be appreciated that the methods
above are provided by way of example. Absent an explicit
indication to the contrary, the disclosed steps may be modi-
fied, supplemented, omitted, and/or re-ordered without
departing from the scope of this disclosure.

[0203] Itwill be appreciated that the methods and systems
described above are set forth by way of example and not of
limitation. Numerous variations, additions, omissions, and
other modifications will be apparent to one of ordinary skill
in the art. In addition, the order or presentation of method
steps in the description and drawings above is not intended
to requite this order of performing the recited steps unless a
particular order is expressly required or otherwise clear from
the context.

[0204] The method steps of the implementations described
herein are intended to include any suitable method of
causing such method steps to be performed, consistent with
the patentability of the following claims, unless a different
meaning is expressly provided or otherwise clear from the
context. So for example performing the step of X includes
any suitable method for causing another party such as a
remote user, a remote processing resource (e.g., a server or
cloud computer) or a machine to perform the step of X.
Similarly, performing steps X, Y and Z may include any
method of directing or controlling any combination of such
other individuals or resources to perform steps X, Y and Z
to obtain the benefit of such steps. Thus method steps of the
implementations described herein are intended to include
any suitable method of causing one or more other parties or
entities to perform the steps, consistent with the patentability
of the following claims, unless a different meaning is
expressly provided or otherwise clear from the context. Such
parties or entities need not be under the direction or control
of any other party or entity, and need not be located within
a particular jurisdiction.

[0205] It will be appreciated that the methods and systems
described above are set forth by way of example and not of
limitation. Numerous variations, additions, omissions, and
other modifications will be apparent to one of ordinary skill
in the art. In addition, the order or presentation of method
steps in the description and drawings above is not intended
to require this order of performing the recited steps unless a
particular order is expressly required or otherwise clear from
the context. Thus, while particular embodiments have been
shown and described, it will be apparent to those skilled in
the art that various changes and modifications in form and
details may be made therein without departing from the
spirit and scope of this disclosure and are intended to form
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a part of the invention as defined by the following claims,
which are to be interpreted in the broadest sense allowable
by law.

What is claimed is:
1. A method comprising;
obtaining calibrated heart rate data from a number of
subjects using one or more chest strap type sensors;

obtaining uncalibrated heart rate data from the number of
subjects concurrently with the calibrated heart rate data
using one or more physiological monitors of a wrist-
worn photoplethysmography type;

obtaining feature data from one or more sensors of the one

or more physiological monitors of the wrist-worn pho-
toplethysmography type concurrently with the cali-
brated heart rate data and the uncalibrated heart rate
data, the feature data characterizing a plurality of
features of a data acquisition context for a correspond-
ing one of the physiological monitors of the wrist-worn
photoplethysmography type;

associating a quality metric for the uncalibrated heart rate

data with the feature data based on whether, for each
data acquisition context, the uncalibrated heart rate data
is within a predetermined threshold of the calibrated
heart rate data;

creating a quality estimator engine to evaluate a likeli-

hood of the uncalibrated heart rate data being accurate
based on the feature data;

receiving second uncalibrated heart rate data and second

feature data from a second physiological monitor of the
wrist-worn photoplethysmography type;

determining a probability that the second uncalibrated

heart rate data is accurate for a window of measure-
ments by calculating a conditional probability that the
second uncalibrated heart rate data is accurate based on
the second feature data over a distribution of values for
the calibrated heart rate data within the window of
measurements based on the quality estimator engine;
and

associating the probability with the window as a measure

of quality for the uncalibrated heart rate data within the
window.

2. The method of claim 1 wherein the feature data
includes at least one signal used to estimate a heart rate using
the uncalibrated heart rate data.

3. The method of claim 1 wherein the feature data
includes at least one value derived from a signal from one of
the physiological monitors of the wrist-worn photoplethys-
mography type.

4. The method of claim 1 wherein the feature data
includes a signal derived from a motion sensor of one of the
physiological monitors of the wrist-wom photoplethysmog-
raphy type.

5. The method of claim 1 wherein the quality metric is a
one when the uncalibrated heart rate data is within the
predetermined threshold of the uncalibrated heart rate data
and a zero when the uncalibrated heart rate data is not within
the predetermined threshold of the uncalibrated heart rate
data.

6. The method of claim 1 wherein creating the quality
estimator engine includes training a machine learning ran-

dom forest to estimate the quality metric for a set of feature
data.
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7. The method of claim 1 wherein the predetermined
threshold includes a number of beats per minute for a heart
rate.

8. The method of claim 1 further comprising providing
feedback to a user concerning an adjustment to the second
physiological monitor based on the measure of quality.

9. The method of claim 8 wherein the adjustment includes
a change in a position of the second physiological monitor.

10. The method of claim 8 wherein the adjustment
includes a change in a tension of a band for the second
physiological monitor.

11. The method of claim 1 further comprising:

characterizing a user of the second physiological monitor;

identifying a subset of the number of subjects similar to
the user; and

associating the quality metric for the uncalibrated heart

rate data with the feature data for the subset of the
number of subjects similar to the user.

12. A method comprising:

obtaining data for a number of subjects, the data including

calibrated physiological data from a first type of physi-
ological monitors assumed to be accurate, uncalibrated
physiological data from a second type of physiological
monitors of unknown accuracy, and feature data char-
acterizing a timewise data acquisition context for the
uncalibrated physiological data;

training a quality estimator engine to determine a quality

of the uncalibrated physiological data based on the
feature data and a difference between the uncalibrated
physiological data and the calibrated physiological
data;

receiving physiological data and feature data from a

different one of the second type of physiological moni-
tors;

calculating a probability that the physiological data is

accurate for a window of measurements by applying
the quality estimator engine to a distribution of values
for the physiological data and corresponding values for
the feature data; and

associating the probability with the window as a measure

of quality for the physiological data within the window.

13. The method of claim 12 wherein the uncalibrated
physiological data includes heart rate data.

14. The method of claim 12 wherein the second type of
physiological monitors includes a photoplethysmography
device.

15. The method of claim 12 further comprising condi-
tionally processing the physiological data based on the
measure of quality.

16. The method of claim 12 further comprising providing
user feedback based on the measure of quality.

17. The method of claim 12 wherein the quality estimator
engine includes a machine learning engine.

18. A computer program product comprising computer
executable code embodied in a non-transitory computer
readable medium that, when executing on a wearable device,
performs the steps of:

receiving physiological data and feature data from one or

more sensors of the wearable device, the physiological
data characterizing a physiological measurement for a
user of the wearable device and the feature data char-
acterizing a timewise data acquisition context for the
physiological data;
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storing a quality estimator engine that calculates a prob-
ability that a measurement of the physiological data is
accurate based on corresponding feature data;

calculating a second probability that the physiological
data is accurate for a window of measurements by
applying the quality estimator engine to a distribution
of values for the physiological data and corresponding
values for the feature data; and

associating the second probability with the window as a
measure of quality for the physiological data within the
window.

19. The computer program product of claim 18 wherein
the quality estimator engine includes a decision tree trained
to estimate the quality metric for a set of feature data using
a training set for which the quality metric is a one when a
measurement of the physiological data is within a predeter-
mined threshold of a second measurement of known accu-
racy captured concurrently with the measurement, and the
quality metric is a zero when the measurement is not within
the predetermined threshold of the second measurement.
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20. A wearable device comprising:

a wrist strap;

one or more sensors for capturing physiological data
characterizing a physiological measurement for a user
of the wearable device and feature data characterizing
a timewise data acquisition context for the physiologi-
cal data;

amemory storing a quality estimator engine configured to
calculate a probability that a measurement of the physi-
ological data is accurate based on corresponding fea-
ture data; and

a processor configured by computer executable code to
perform the steps of receiving physiological data and
feature data from the one or more sensors, calculating
a second probability that the physiological data is
accurate for a window of measurements by applying
the quality estimator engine to a distribution of values
for the physiological data and corresponding values for
the feature data, and storing the second probability as
a measure of quality for the physiological data within
the window.



THMBW(EF)

[ i (S RIR) A ()
e (S IR) A (%)

HAT R E (TR AGE)

FRI& B A

KRN

IPCHRS

CPCH%E=

L5
S\EReERE

BE@®F)

BYMRATZFHRZNBESREENWHFIOLEE (EKG ) L RE
MERH AR EZNHRBEREALR , ARATZHERZESEAT
AEBENNBEREEE, ARAZLBREE , TUSHRFIER
& | UETHEEFRIET ORI TARIERE , Sl , 83RET
FRRBNEMERBBIENESRKEE,

patsnap

ATEENENNABEREESR

US20190110755A1 NIF(AEH)A 2019-04-18
US16/163441 HiEA 2018-10-17
R OL 7S

WIEF , INC.

WIS , INC.

CAPODILUPO JOHN VINCENZO
TAVAKOLI BEHNOOSH
GHANNAD REZAIE MOSTAFA

CAPODILUPO, JOHN VINCENZO
TAVAKOLI, BEHNOOSH
GHANNAD-REZAIE, MOSTAFA

A61B5/00 A61B5/024 A61B5/0245 GO6K9/62

A61B5/7267 A61B5/02416 A61B5/02438 A61B5/681 A61B5/0245 GO6K9/6282 A61B5/7221 A61B2560
10223 A61B5/0022 A61B5/02055 A61B5/02405 A61B5/0533 A61B5/0816 A61B5/1118 A61B5/14542
A61B5/4812 A61B5/4815 A61B5/4866 A61B5/6831 A61B2560/0209 A61B2560/0242 A61B2562/0219
G16H50/70

62/573683 2017-10-17 US

Espacenet USPTO



https://share-analytics.zhihuiya.com/view/6d14714c-cd0a-4ba4-8758-f02bf4c87077
https://worldwide.espacenet.com/patent/search/family/066097695/publication/US2019110755A1?q=US2019110755A1
http://appft.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=HITOFF&d=PG01&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.html&r=1&f=G&l=50&s1=%2220190110755%22.PGNR.&OS=DN/20190110755&RS=DN/20190110755

