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(57) ABSTRACT

Systems and methods are provided for evaluating physi-
ological signal quality. A physiological signal, based on a
series measurements on a subject, may be received. A
quality of the physiological signal received may be evalu-
ated, and an analysis of the physiological signal may be
based at least in part on the quality evaluation.
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SYSTEM AND METHOD FOR ASSESSING
PHYSIOLOGICAL SIGNAL QUALITY

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is based on, claims priority to, and
incorporates herein by reference in its entirety for all pur-
poses, U.S. provisional Application Ser. No. 62/447,241,
filed Jan. 17, 2017, and entitled “SYSTEM AND METHOD
FOR ASSESSING PHYSIOLOGICAL SIGNAL QUAL-
ITY”

FIELD OF THE DISCLOSURE

[0002] This disclosure relates to the evaluation of the
quality of physiological readings, and more specifically to
the assessment of physiologic signals (such as electrocar-
diogram (ECG) signals) and variable analysis of signals
based on quality assessment.

BACKGROUND

[0003] Cardiovascular diseases (CVD) are the leading
cause of death worldwide. Some studies note that approxi-
mately 30% of all deaths worldwide are associated with
CVD; in developing countries, CVD may be disproportion-
ally higher. The most common diagnostic method used to
detect heart disease is measuring the heart’s electrical activ-
ity by electrocardiography (ECG). But not all ECG signals
are of the same quality, and long-term ECG monitoring data
often contain a variety of artifacts (e.g., powerline interfer-
ence, drift, impulse noise, and muscle noise) that complicate
subsequent analysis. The change in noise intensity over time
and overall non-stationarity of the signal can also complicate
the processing of the long-term signal. If signals are ana-
lyzed without discrimination, or otherwise not effectively
selected based on their quality or acceptability, the quality of
the analysis (and potentially a diagnosis) could suffer. More-
over, if all signals are processed, even ones that lack usable
readings, additional computing resources are used unneces-
sarily, something that is of particular concern with portable
devices or other applications with limitations in processing
power. Real-time signal quality estimation can help with
suppressing false alarms, detecting sensor misplacement
(and potentially, making adjustments to device, sensor, or
lead placement as needed), selecting segments to extract
clinically relevant features, or defining parameters for fur-
ther processing. Previous approaches to quality estimation
have involved review of statistical or morphological features
from signals, such as review of successive QRS complexes,
RR interval lengths, arterial blood pressure, and ECG signal
amplitudes.

[0004] Although ECG analysis is a well-accepted CV
monitoring approach, its use has been limited to in-clinic
studies and Holter monitoring for discrete clinical studies.
As consumer-grade and clinical-grade wearable technolo-
gies become more commonplace, the need for remote moni-
toring is also likely to increase. A recent review of the field
of consumer- and clinical-grade health monitors has noted
that the market could grow to $20 billion by 2017. The value
of wearable technologies is directly related to the quality of
meaningful findings they generate. Given the relatively
limited processing power and data storage capacity of wear-
able technologies, and the magnitude of the data the devices
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generate, better evaluation of ECG signal quality would tend
to make the devices more useful and their results more
reliable.

[0005] What is needed is a system and method for effec-
tively evaluating the quality of the ECG signal prior to
analysis and, based on signal quality, more intelligently
route segments of the ECG signal for different levels/types
of additional analysis. Such a system would help mitigate
the need to analyze (all of the) massive amounts of data
collected by, for example, wearable devices, or any device in
which processing power might be limited or in which the
quality of readings received does not remain constant.
Estimating quality before further analysis can be especially
useful to long-term recording by Holter monitors and other
experimental devices.

SUMMARY

[0006] The present disclosure provides exemplary systems
and methods for estimating signal quality based on a quality
metric such as a ratio of the noise-free signal power to noise
power (“signal-to-noise ratio,” or SNR). A noise-free signal
can be estimated using (for example) a Wiener Filter, such
as a Wavelet Wiener Filter (WWF). The SNR may be
calculated in either the time domain or frequency domain. In
either domain, the calculation may be performed in a sliding
window of specified length, allowing for real-time process-
ing. The systems and methods may also involve segmenting
a physiological signal according to a quality metric, and
subsequently applying different processing methods to indi-
vidual segments. In this way, complicated analysis of poor-
quality data can be avoided, and data can be processed using
algorithms that are tuned to the signal quality. Further
advantages and features of the invention will be apparent
from the remainder of this document in conjunction with the
associated drawings.

[0007] In accordance with one aspect of the disclosure, a
method is provided for evaluating signal quality. The
method includes receiving a physiological signal based on a
series measurements on a subject, evaluating a quality of the
physiological signal received, and, basing an analysis of the
physiological signal at least in part on the quality evaluation.
[0008] In accordance with another aspect of the disclo-
sure, a system is provided for evaluating electrocardio-
graphic (ECG) signal quality. The system includes a pro-
cessor executing instructions that cause the processor to
receive a physiological signal based on a seties measure-
ments on a subject, evaluate a quality of the physiological
signal received, and base an analysis of the physiological
signal at least in part on the quality evaluation.

[0009] In accordance with another aspect of the disclo-
sure, a method is provided for evaluating electrocardio-
graphic (ECG) signal quality. The method includes receiving
BCG signals based on readings of electrical activity in the
heart of a subject, determining an ECG signal power for the
BCG signals received, and calculating a quality metric based
on the power of the ECG signals received.

[0010] In accordance with another aspect of the disclo-
sure, a system is provided for evaluating electrocardio-
graphic (ECG) signal quality. The system includes a pro-
cessor executing instructions for receiving ECG signals
based on readings of electrical activity in the heart of a
subject, determining an ECG signal power for the ECG
signals received, and calculating a quality metric based on
the power of the ECG signals received.
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[0011] In accordance with another aspect of the disclosure,
a method is provided for evaluating signal quality in real
time. The method includes receiving ECG signals based on
readings of electrical activity in the heart of a subject,
determining a quality metric for the ECG signals received,
and basing analysis of the ECG signals on changes in the
quality metric.

[0012] In accordance with another aspect of the disclo-
sure, a method is provided for evaluating signal quality in
real time. The method includes using an ECG device to
measure electrical activity in the heart of a subject to obtain
ECG signals, calculating a quality metric for the ECG
signals, and determining an analysis level based on the
quality metric.

[0013] In accordance with another aspect of the disclo-
sure, a system is provided for evaluating signal quality in
real time. The system includes an ECG device for measuring
electrical activity in the heart of a subject and providing
ECG signals and a processor configured to calculate a
quality metric for the ECG signals and determine an analysis
level based on the quality metric in real time.

[0014] Other aspects of the disclosure will be made appar-
ent from the disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

[0015] FIG. 1 is a block diagram of an exemplary signal
quality estimation process using a sliding window approach.
[0016] FIG. 2 is a block diagram of an exemplary signal
quality estimation process using a short time Fourier trans-
form (STFT) frequency approach.

[0017] FIG. 3 is a block diagram showing an exemplary
signal processing process for segments of varying quality.
[0018] FIG. 4 shows five significant points delineated on
an artificial ECG curve used for validation: P onset, P offset,
QRS onset, QRS offset, and T offset.

[0019] FIG. 5A shows, an artificial ECG signal with
changing noise level and estimates of noise-free signal by
wavelet Wiener filter (WWF) correlated with a comparison
for signal-to-noise ratio (SNR) curve calculation in the time
domain and frequency domain, without (dashed line) and
with (solid line) LP filtering.

[0020] FIG. 5B shows a spectrogram of estimated noise-
free signal calculated by the WWF correlated with a spec-
trogram of noise

[0021] FIG. 6A provides a graph that shows that sensitiv-
ity (Se) and positive predictive value (P+) depend on SNR
for QRS complex detection.

[0022] FIG. 6B provides a graph that shows that the
standard deviation (STD) of differences depends on SNR for
other significant points.

[0023] FIG. 7 shows, at the top, an artificial ECG signal
with detected segment borders and a continuous SNR curve,
two determined thresholds, and final segment distribution.
[0024] FIG. 8 shows provides correlated graphs of an
ECG signal taken from the shoulder, a continuous SNR
curve, and three sub-regions of an analyzed ECG.

DETAILED DISCUSSION

[0025] Defining a quality metric is useful in evaluating the
quality of a physiological signal (i.e., a series of measure-
ments) acquired via, for example, electrocardiography
(ECQG), electromyography (EMG), blood oxygenation level
dependent (BOLD) imaging in functional magnetic reso-
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nance imaging (fMRI), photoplethysmography (PPG), and
the like. To classify quality, a quality metric such the
signal-to-noise ratio (SNR) of the signal itself can be esti-
mated using an estimate of the noise-free signal. This quality
metric allows for determination of the accuracy or value of
physiological signal analysis at various quality levels (e.g,,
with respect to ECG signals analysis, the ability to identify
a QRS complex given a particular signal SNR). In the ECG
context, the system can indicate, for example, when (a
relatively more computationally-demanding) complete full
wave analysis versus (a relatively less computationally-
demanding) QRS detection are feasible based on the SNR
signal. It is noted that exemplary ECG signal analyses are
provided below and in the drawings as non-limiting appli-
cations of the exemplary systems and methods discussed in
the present disclosure.

[0026] Inestimating SNR, the examined digital signal x[n]
can be treated as an additive mixture of noise-free signal s[n]
and noise w[n], according to the equation x[n]=s[n]+w[n],
where n represents the digital time sequence. Improving the
estimation of the noise-free signal improves the calculation
of SNR. To estimate the noise-free signal, a Wavelet Wiener
Filter method (WWF)—a two-stage algorithm operating in
the wavelet domain—can be used. In the first stage of the
WWE, thresholding of the wavelet coeflicients is used to
estimate the noise-free signal coefficients u,, [n]. The details
of threshold selection and reconstruction are described in L.
Smital, M. Vitek, J. i. Kozumplik, and 1. Provaznik, “Adap-
tive wavelet Wiener filtering of ECG signals,” Biomedical
Engineering, IEEE Transactions on, vol. 60, pp. 437-445,
2013.

[0027] In the second stage, a Wiener correction factor
g..[n] is computed according to equation (1), and the input
(noisy) coeflicients y,,[n] are adjusted according to equation

2):

uyzn(n) (L

) = s A’

Iml1) = Y (1) (1), @

where o2, [n] is the variance of the noise coefficients in the
m-th frequency band and ¥, [n] is the estimation of the
denoised wavelet coeflicients. After processing is completed
in the wavelet domain, the final result can be transformed
into the time domain to determine the denoised output
signal.

[0028] By subtracting the noise-free signal estimate from
the input signal, the estimated noise in the input signal can
be computed. To compute the local SNR signal, one of at
least two approaches can be used for SNR estimation after
separating the noise and signal components: 1) a time-based
sliding window approach; and 2) a short time Fourier
transform (STFT) frequency approach.

[0029] One non-limiting example of an implementation of
the sliding window approach is illustrated in the block
diagram in FIG. 1, which uses time-domain processing. A
high pass filter 100 used for initial processing is added to
remove the components of the input signal of frequencies
below 0.67 Hz (primarily those attributed to baseline wan-
der, movement, and respiration), for example, which can
influence the accuracy of SNR calculation. As described
above, a WWF block 102 can be included followed by an
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SNR block 104. In the SNR block 104, the local energy of
the noise-free signal s[n] and noise w[n] bounded by win-
dows (W) with a length of two seconds can be computed.
The SNR estimated by the sliding window approach
(SNR,,,,) is computed in decibels according to equation (3):

W2 3

Jen—Wp2
SNRyi[n] = 10log;o| ——— | dB.

W2

Jen—wp2

[0030] A low pass filter block 106 can be included before
the SNR,,,, 1s delivered.

[0031] Referring to FIG. 2, second non-limiting approach
for estimating SNR is based on the STFT, is provided. Again
the input signal, X, can be fed to a WWF block 200 to deliver
the noise-free signal, s, and the noise signal, w, to respective
STFT block 202. The STFT blocks 202 estimate the local
frequency content and creates a matrix representing the
development of the spectrum over time, which will be called
the spectrogram (SG).

[0032] The noise power and the noise-free signal is com-
puted in block SNR 204, such that the noise power and the
noise-free signal are estimated from the area in the spectro-
grams between frequencies f, (e.g., 0.67 Hz) and f,={/2,
where f, denotes the sampling frequency. This frequency
range covers the dominant frequency content of the ECG
signal and muscle noise, the most common broadband
interference to corrupt the ECG signal. A floating window
(W) with a length of two seconds can be used for power
estimation. The SNR estimated by the STFT approach
(SNR g77) 1s computed using equation (4):

(B omWp €]
> (sGili, 1
i=f) jmnWp2
SNRSTFT[}'L] = 1010g10 f2r+W/2— dB,

(SG,[i, jD?
i=fy Jmn- W2

where SG, and SG,, are the spectrograms of the noise-free
signal and the noise, respectively.

[0033] Due to the fixed window size of W, the estimate of
SNR is variable according to the number of QRS complexes
within the window. Accordingly, for both approaches the
SNR estimate is averaged afterwards, in LP block, 106, 206,
in another window of the same length.

[0034] By measuring the quality of the ECG signal con-
tinuously, it can be determined which segments of the signal
are suitable for further processing and which are not. How-
ever, before the signal is divided into different segments
according to quality, the quality classes of interest are
defined. A suitable definition of quality classes may be, as a
non-limiting example: (Q1) segments that exhibit low noise
levels and allow full ECG wave analysis; (Q2) segments that
contain higher levels of noise (than Q1) but can be processed
reliably for QRS detection; and (Q3) segments that contain
exceedingly high levels of noise that preclude further mean-
ingful processing.
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[0035] FIG. 3 illustrates a signal processing pipeline that
can be used to determine ECG signal segments of varying
quality. The input signal, x, is fed into an SNR_,, block 300,
which represents the SNR estimation algorithm shown
above in FIGS. 1 and 2. This feeds into a THR block 302 that
tracks the continuous SNR curve and produces classified
labels used for segmentation of the input signal in an SEG
block 304, where segmentation proceeds according to the
received labels. Individual segments of the input signal are
further processed according to their quality.

[0036] Specifically, quantifying (in decibels of SNR) the
differences in threshold levels between the quality classes is
important to the process of defining Q1, Q2, and Q3. A full
ECG waveform analysis block 306 receives the Q1 seg-
ments allow reliable detection of the QRS complex and five
other significant points in the ECG curve, as illustrated in
FIG. 4. A QRS block 308 is designed to deliver reliable
detection of the QRS segment, which satisfies the criteria for
quality class Q2. QRS detection is considered successful if
the sensitivity and positive predictive value are greater than
a threshold, such as 99.5%. Detection accuracy below the
threshold can be used as a differentiator for a DISC block
310 that selects the quality class Q3. These thresholds
between quality classes were determined using an artificial
model of an ECG signal and artificial EMG noise, as further
discussed below. The thresholds can be adjusted and varied
as desired to suit particular applications.

[0037] The signal quality estimate can be used to delineate
the three classes. An ECG segmentation algorithm (e.g. the
process of labeling a dataset with Q1, Q2, and Q3) can
include two steps: basic segmentation and correction. The
basic segmentation can naively label temporal segments
solely on the basis of the thresholds selected for the Q1, Q2,
and Q3 classes. These thresholds mark the end of one
segment and the beginning of another, and because the SNR
level can change rapidly (particularly during motion), the
length of each labeled section may be quite variable.
Accordingly, correction rules may be applied to retain only
those segments that are suitable for subsequent analysis.
[0038] There are at least two separate sets of correction
rules that may be employed: for example, a first for when a
generally high SNR signal falls within an otherwise low
SNR signal segment, and a second for when a generally low
SNR signal falls within an otherwise high SNR signal
segment. In the first case, when a high SNR signal is, for
example, shorter than 15 seconds, or its average SNR value
is, for example, within one decibel (dB) of the label thresh-
old, the segment can be ignored (i.e., labeled as low SNR
similar to adjacent segments). In contrast, for a low SNR
segment that is, for example, shorter than two seconds, or
where the average SNR value is within, for example, one dB
of the label threshold, the low SNR signal is treated as if it
were a high SNR signal. This sort of correction can be used
to eliminate short segments of signals that are higher in
quality than neighboring segments but which are nonethe-
less not considered suitable for further analysis. Conversely,
such correction can be used to eliminate short segments of
signals that are of lower quality than neighboring segments,
but which are deemed acceptable or desirable for analysis.
[0039] Two different ECG datasets have been used to test
the algorithms. The first is an artificial ECG dataset for
which the required noise level can be set. The second is a
dataset acquired from an IRB-approved volunteer study that
used a specially designed wearable ECG device. For the
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artificial ECG dataset, an artificial model of a noise-free
signal was corrupted with artificial noise. As a model of an
ECG signal, one cycle of a filtered real ECG signal from the
“Common Standards for Quantitative Electrocardiography”
database—which contains very high quality waveforms with
little noise (e.g., see FIG. 4)—was used. By repeating this
cycle, an artificial noise-free ECG signal of variable length
was obtained. In the design of this model, the approaches
used were validated in the literature, in which the typical
power spectral density of surface muscle noise is described.
The artificial noise was generated by filtering white Gauss-
ian noise through a digital filter with frequency character-
istics similar to the power spectra of muscle noise. The final
signal-to-noise ratio was obtained by adjusting the ampli-
tude of the noise, as described by Smital et al. (cited above).
[0040] For the dataset acquired from a volunteer study, a
custom physiologic monitoring platform was used to collect
high-resolution ECG data during activity. The platform
includes a one-lead configuration for high resolution ECG
data collection. The device incorporated a custom low power
(100 uW at a 2.8 V supply voltage) ECG circuit with 100 dB
common mode rejection. In addition, to capture posture and
physical activity, each device also contained 2 g (VTI
Technologies, CMA3000-A01) and 16 g tri-axial acceler-
ometers (Analog Devices, ADXL326BCPZ). The device
data acquisition rates for both ECG and motion are pro-
grammable, and were set to 400 samples per second for the
ECG monitor and 10 samples per second per individual x-,
y-, and z-axis, respectively. This device configuration allows
continuous recording for 14 days on a single 750 mAH
battery (Bi-power, BL-7PN-S2).

[0041] The artificial model of the ECG signal and the
artificial EMG noise discussed above can be useful in
illustrating the functionality of SNR estimators. EMG noise
can be generated with a gradually changing level, as dem-
onstrated in at graph 500 FIG. 5A. The graph 500 of FIG. 5A
shows an artificial ECG signal with changing noise level 502
and estimates of noise-free signal by wavelet Wiener filter
(WWF) 504 This graph 500 is correlated with a second
graph 506 providing a comparison for signal-to-noise ratio
(SNR) curve calculation in the time domain 508 and fre-
quency domain 510, without (dashed line) 512 and with
(solid line) 514 LP filtering. In FIG. 5A, three noise levels
consistent with noise observed in real data were chosen:
-7.5 dB for large interference, 7.5 dB for moderate inter-
ference, and 22.5 dB for low interference.

[0042] FIG. 5B shows spectrograms used for SNR esti-
mation by the STFT frequency approach. The rectangles
516, 518 indicates the two-second floating window used for
calculating signal power. The spectrogram of the noise-free
signal in the top panel shows no significant change over
time, as it is an estimate of an artificial ECG. In the bottom
panel of FIG. 5B, a plot of the residual noise spectrogram
shows two clear changes of energy corresponding to the
level of generated noise that causes a step change in the
estimated SNR curve. The bottom panel of FIG. 5A shows
the true noise level, as well as results of both estimation
methods.

[0043] As shown in the bottom panel of FIG. 5A, there is
a cyclic, low-amplitude component to the SNR signal.
Variability in the SNR estimation is related to the fixed
window size W (=2 sec) and a variable number of QRS
complexes within the window. This variability can be
removed by LP filtration at the end of the processing chain,
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as shown in the bottom panel of FIG. SA. As can be seen,
both estimators yield approximately equal results, and both
are similar to the preset noise level. Estimates of the SNR
vary most from the true SNR at the artificial transitions
between SNR levels. SNR can be better estimated for
rapidly changing SNR levels by dynamically adjusting the
window size according to features within the data.

[0044] QRS complex detection and ECG delineation were
used to search for the thresholds (in decibels of SNR)
between different quality classes. To test the ability of a
software implementation to detect these boundaries in an
artificial ECG dataset, artificial muscle noise was added. In
this testing procedure, the SNR was gradually increased in
the artificial mixture, and six significant points in the ECG
waveform were sought. For each step of SNR, an artificial
mixture with 104 RR intervals was generated. In equation
(5) below, detection accuracy is expressed by the sensitivity
(Se) and positive predictive value (P+) for the QRS complex
position and by the standard deviation (STD) of the differ-
ences (between reference and detected positions) for other
significant points. These statistical parameters are defined
respectively as:

G TP o )
“Crrrvt TTPrFP

where TP represents true positive values (correctly detected
points), FN represents false negative values (undetected
points), and FP represents false positive values (incorrectly
detected points). The detected position is identified as TP
when there is a reference position within the 50 ms tolerance
window. (Certain tolerance windows normally used for QRS
detection were obtained from Z. Zidelmal, A. Amirou, D.
Ould-Abdeslam, A. Moukadem, and A. Dieterlen, “QRS
detection using S-Transform and Shannon energy,” Com-
puter methods and programs in biomedicine, vol. 116, pp.
1-9, 2014.) FIGS. 6A and 6B shows the curve obtained by
plotting these statistics according to the SNR of the artificial
mixture.

[0045] As these curves demonstrate, the detection accu-
racy of all of the points increases as the noise level in the
signal decreases. As noted above, detection of the QRS
complex is considered sufficient in this example if both Se
and P+ are greater than 99.5%. Both of these conditions are
satisfied if the ratio of the power of the SNR is greater than
0.32 dB. Accurate delineation of other significant points in
the ECG waveform is more sensitive to the quantity of noise.
The detection of significant points is considered successful
if the standard deviation of differences between the refer-
ence and detected positions is less than the criteria specified
in Table I (below). In this scenario, satisfying all of the
conditions in Table I is possible only if the SNR is greater
than 15.35 dB, as illustrated in FIG. 6B.

TABLE 1

CRITERIA 2sCSE FOR STANDARD
DEVIATION OF DETECTION ERROR

Pon Py QRS,,

10.2 ms

QRS Tor

11.6 ms 30.6

12.7 ms 6.5 ms
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[0046] 1In this implementation, ECG signals containing
more than 0.32 dB of noise are considered of insufficient
quality for further processing (e.g. Q3). If the signal SNR is
between 0.32 and 15.35 dB, it is deemed that only reliable
QRS detection is possible (e.g. Q2). Full wave analysis is
considered desirable if the noise level in the signal is less
than 15.35 dB (e.g. Q1). These thresholds can subsequently
be applied during processing in the THR block (see FIG. 3).
[0047] To illustrate the functionality of such a segmenta-
tion scheme, an artificial ECG signal was created, with
various levels of noise added. The result of segmentation is
shown in FIG. 7. In the upper graph of FIG. 7, an artificial
ECG signal with detected segment borders (vertical lines).
In the lower graph of FIG. 7, a continuous SNR curve 700,
two determined thresholds 702, and final segment distribu-
tion 704 are illustrated. In addition to delineating segments
of Q1, Q2, and Q3, the correction step excluded a segment
of high SNR signal during the initial Q3 segment. Although
the quality of this segment is satisfactory, its short-time
length precludes further analysis. The short “low-SNR” area
between segments Q1 and Q2 was correctly segmented, and
thus would not influence full wave analysis in Q1 or QRS
detection in Q2. Separately applying different rules to the
high-quality and degraded segments is useful to retain only
those sections that are suitable for subsequent analysis.
[0048] These methods for SNR calculation and ECG seg-
mentation have been verified using real electrocardiogram
data acquired by a wearable physiological monitor. FIG. 8
provides experimental results illustrating an ECG dataset
that was recorded as a one-lead signal from the shoulder of
an informed-consent subject. The upper panel 800 of FIG. 8
shows 28 minutes of ECG signal recording. During this time
the subject was asked to perform different activities. The
subject was in the supine position for the first 7.5 minutes,
then assumed a sitting position until the 16 minute mark, and
a standing position until the 24 minute mark; the subject then
performed twenty squats, and at the 25.5 minute mark
returned to the supine position. The involvement of different
muscle groups in these activities produced different amounts
of noise. The amount of noise measured by the continuous
SNR curve 802 can be observed in the middle panel 804 of
FIG. 8. Block THR (see FIG. 3) is responsible for tracking
this noise activity; if the SNR was found to significantly
cross one of the thresholds 806 a new segment was initial-
ized, as evident by the change in the level of the tracking line
808. The borders of new segments are marked by vertical
color lines in the top panel of FIG. 8. As presented in the
lower panel of FIG. 8, new segments are initiated when the
noise level changes significantly. Even when the noise level
is highly variable throughout the experiment, both detectors
(QRS and full wave) are able to annotate the data. The
bottom panel of FIG. 8 shows three zoomed-in sub-regions
of an analyzed ECG.

[0049] An objective evaluation of the segmentation algo-
rithm was also performed. Before starting the automatic
segmentation, time points were manually identified to define
the beginning of new segments, according to the SNR curve.
The automatically determined distribution of quality seg-
ments agreed with the assumptions made here to within
99.02%.

[0050] Correct classification of the determined segments
was verified by the results of QRS complex detection, and
by delineation of other significant points within the corre-
sponding segments. The upper panel of FIG. 8 displays the
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results of QRS detection performed on segments identified
as Q2 (“medium” quality); the numbers represent sensitivity
and positive predictive value. This result satisfies the
assumption for reliable QRS detection as outlined by K&hler
et al. in “The principles of software QRS detection,” Engi-
neering in Medicine and Biology Magazine, IEEE, vol. 21,
pp. 42-57, 2002. In segments identified as Q1 (deemed to be
of the highest relative quality), full wave analysis was
performed. For these segments, the standard deviations of
detection error (compared to manual annotation) for five
significant points are shown in the top panel of FIG. 8. In
most cases, the data satisfied the criteria in Table I; those
criteria not met are marked in red.

[0051] Data analysis preferably begins with a pre-process-
ing step to characterize data quality, which may be impacted
by such factors as improper attachment, sensor failure, and
physiologic noise. Exemplary versions of the approaches
discussed above need rely only on, and can adapt to, the
characteristics of the input signal. Advantageously, these
approaches provide the ability to quantitatively select sub-
sequent signal analysis based on the SNR through well-
defined limits of detection. The decision rules used can be
tailored to target particular waves in the ECG signals
depending on SNR. For example, full ECG wave analysis is
robust for signals with an estimated SNR of more than 15.35
dB. Because of the small amplitude of P waves, detecting
their borders can be challenging. Accordingly, in Q1 seg-
ments when the SNR was estimated near 20 dB, the SNR
locally measured in the area of the P waves was close to zero
dB. Decision rules may be adjusted so as to, for example,
specifically target T wave detection at lower SNR, and P
wave detection at higher SNR.

[0052] There are many clinical and non-clinical health
reasons to monitor ECG signals. To do so on a wearable
platform is challenging due to the limited available compu-
tational, memory, and battery resources. Moreover, the qual-
ity of data obtained from a wearable device may vary greatly
depending on the sensor, sensor placement, and activity of
the person wearing the device. In order to appropriately
process the ECG signal and report meaningful findings—e.
g. to assess the diagnostic performance across multiple
devices or bounds of signal quality in large clinical trial
protocol design—it is important to characterize the quality
of the signal prior to analysis. The approaches discussed
above to estimating the SNR of the signal, in combination
with decision rules for selecting appropriate analysis proto-
cols, can facilitate on-board embedded analysis of ECG
signals by, for example, small microcontrollers or micro-
processors executing the computer code implementation of
these algorithms.

[0053] Therefore, systems and methods are provided to
estimate electrocardiogram signal quality using a local time
window by continuous calculation of the ratio between the
noise-free signal power and noise power (SNR). This signal
quality metric allows not only binary determination between
good/bad signals, but also quantification of the quality of
specific segments of the signal. The system determines the
signal SNR by first estimating a noise-free signal and
comparing it to the residual noise component. Following
SNR estimation, the signal can be segmented into bins
according to the quality level of the data. For example,
signals can be quantitatively distinguished according two or
more levels of signal quality as indicated by the SNR
estimate, such as: signals that contains very low noise levels
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and are suitable for full ECG wave analysis; signals con-
taining a moderate level of noise that still allow reliable
ECG QRS detection; and signals that contain an excessive
amount of noise, making that segment undesirable for fur-
ther processing. The system can be used with readings from
any device taking readings, including low-power mobile and
wearable devices which may have relatively limited com-
puting power. The system provides distinct advantages for
pipelining large amounts of data collected by (for example)
wearable devices into tailored data analysis by accounting
for high-priority ECG signal features. Additionally, the
system facilitates quantification of the maximum possible or
allowable noise for reliable QRS detection and delineation
of the full ECG waveform. QRS (medium quality) and full
ECG (high quality) waveform detection limits in preferred
implementations may be set to, for example, 0.32 and 15.35
dB, respectively.

[0054] The present invention has been described in terms
of one or more preferred embodiments, and it should be
appreciated that many equivalents, alternatives, variations,
additions, and modifications, aside from those expressly
stated, and apart from combining the different features of the
foregoing versions in varying ways, can be made and are
within the scope of the invention. Following are additional
examples. These examples are not to be construed as
describing the only additions and modifications to the inven-
tion, and the true scope of the invention will be defined by
the claims included in any later-filed utility patent applica-
tion claiming priority from this provisional patent applica-
tion.

[0055] For example, as suggested above, although the
discussion has focused on ECGs, alternative versions of the
invention can be used to evaluate other physiological sig-
nals, such as signals resulting from electroencephalography
(EEG) and magnetoencephalography (MEG). Also,
although certain advantages have been discussed in particu-
lar implementations, such as with wearable ECG devices,
the benefits of the invention can be realized in other devices
as well, such as high-quality laboratory and clinical equip-
ment, or other devices receiving signals with signal quality
levels that potentially vary over time or that are to be
monitored. Moreover, although the quality metric discussed
above is SNR, other metrics based on signal power, noise
power, and/or other readings may also be used. Further,
although the discussion above focused on three quality
levels, any number of quality levels are permitted, with each
quality level deemed suitable for different analyses. Furthet-
more, the above systems and methods can be implemented
using hardware, software, single integrated devices, multiple
devices in wired or wireless communication, or any com-
bination thereof.

[0056] In various exemplary versions, any signal (i.e.,
series of measurements) may be taken, and the signal quality
estimated by determining a signal quality metric. Based at
least in part on the signal quality metric, a decision system
may be implemented to make a decision about a subsequent
step in the processing/analysis of the signal. The signal may
be, for example, any time-varying physiologic signal,
examples of which are provided above. In the first step (i.e.,
estimating signal quality), an estimate of the noise-free
signal may be calculated. In the ECG context, the noise-free
signal may be estimated by filtering the ECG signal, as
discussed above. However, there are alternative approaches.
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[0057] In certain configurations, the noise-free signal may
be based on a stimulus/interrogation signal. For example, in
the context of BOLD imaging, the brain may be stimulated
with a known temporal pattern of visual (or other sense)
stimuli. The signal is recorded, providing an input temporal
pattern which can be used to estimate the noise-free signal
that is then used to estimate the signal quality. In alternative
versions, a noise free signal may be estimated using an
available statistical model. For example, statistical models
of the cardiovascular and pulmonary components in a PPG
signal may be used; such separate statistical models (e.g.,
rate of variation, occurrence of signal peaks, etc.) can serve
as the noise-free signal.

[0058] Alternative configurations may use non-temporal
equivalents for estimation of the noise-free signal. For
example, a prior statistical model of the shape of a tumor
may be available. A patient can be scanned using, for
example, magnetic resonance (MR), computerized tomog-
raphy (CT), nuclear medicine (NM), etc. Before using such
image data, the quality of the image (which is spatially
varying, not temporally varying) may be estimated. The
prior statistical model of the shape of the tumor may be used
to determine if the imaging has enough signal quality to
perform a segmentation of the image.

[0059] One example for such an approach involves ultra-
sound image acquisition. For example, a two-dimensional
(2D) B-Mode ultrasound may be used to image a Field of
View (a tumor and surrounding vascular structures). Mul-
tiple 2D ultrasound images may be used to create a three-
dimensional (3D) model. Questions that may arise include,
for example, whether there is a sufficient number of 2D
images for calculating the volume of the tumor, or whether
there are enough images and spatial resolution to segment
out the vessel bed. Exemplary systems and methods could
use a prior model (such as a segmented CT scan) to
determine the quality of the dataset and answer such ques-
tions independently.

[0060] Regarding the decision system, different algo-
rithms may be used to make a decision about an upcoming
processing/analysis step. In the context of ECGs, for
example, the decision may involve R-R interval analysis
and/or full wave analysis. In the context of PPGs, respiration
rate, blood oxygenation computation, and/or heart rate com-
putation, for example, may be used to make a decision. For
ultrasound imaging, the decision may involve segmentation,
volume estimation, and/or texture measurement, for
example. The decision system may use the signal quality
estimation to determine which analysis algorithms are
appropriate given the input signal. For some PPG signals,
for example, it may be possible to obtain respiration and
blood oxygenation data, but not heart rate. For an ultrasound
system, it may be sufficient to perform volume estimation
but not segmentation. The decision system may base this
decision on the estimate of the noise-free signal and the
estimate of the signal quality.

[0061] By way of approximate, non-limiting analogy with
respect to certain exemplary versions, the approach may be
said to have certain conceptual similarities to the negotiation
of baud rates by certain modems. One modem may send a
known signal to the other modem, and the other modem may
respond back with an estimate of what it heard; this
exchange may repeat until an optimal baud rate is chosen.
By way of distinction from the modem analogy, however, a
signal input may not be needed because the signal itself may
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be used for determining the signal quality. Also, while the
modems are attempting to evaluate the connection between
each other, it is not the connection between two points (i.e.,
the physiologic signal and the sensor) that are being opti-
mized here. Moreover, while the modem aims to provide
communication between two end points, here, based on the
estimate of signal quality, a choice is made from a collection
of different algorithms that yield different results. As another
non-limiting analogy with respect to certain exemplary
versions, the process may be said to have certain conceptual
similarities to a smartphone connecting to a wireless tower.
The phone may estimate the signal quality between it and the
tower, and based on the quality, the phone may decide, for
example, that it can only be used for analog phone calls and
text messages, or that it can be used for text-only internet
requests and digital calls.

1. A method for evaluating signal quality, the method
including the steps of:

a. receiving a physiological signal based on a series

measurements on a subject;

b. evaluating a quality of the physiological signal

received; and

c. basing an analysis of the physiological signal at least in

part on the quality evaluation.

2. The method of claim 1 wherein evaluating a quality of
the physiological signal includes estimating a signal quality
metric.

3. The method of claim 2 wherein estimating a signal
quality metric includes estimating the noise-free signal.

4. The method of claim 3 further including the step of
determining a noise power based on the physiological signal
power and the noise-free signal power.

5. The method of claim 4 wherein the quality metric is a
signal-to-noise ratio of the noise-free signal power to the
noise power.

6. The method of claim 3 wherein the noise-free signal is
estimated using one or more filters.

7. The method of claim 6 wherein the one or more filters
includes a Wavelet Wiener Filter.

8. The method of claim 3 wherein the noise-free signal is
estimated using a stimulus/interrogation signal.

9. The method of claim 8 wherein the physiological signal
is a blood oxygenation level dependent (BOLD) imaging
signal, and the stimulus/interrogation signal is a neural
stimulation signal.
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10. The method of claim 9 wherein the neural stimulation
signal is a temporal pattern of a sense stimulus.

11. The method of claim 9 wherein the neural stimulation
is a known temporal pattern of a visual stimulus.

12. The method of claim 11 further including the step of
recording the neural stimulation to estimate the noise-free
signal.

13. The method of claim 2 wherein estimating a signal
quality metric includes using a statistical model as a noise-
free signal.

14. The method of claim 13 wherein the statistical model
corresponds with one or more of a rate of variation and an
occurrence of signal peaks.

15. The method of claim 13 wherein the statistical model
corresponds with the cardiovascular and pulmonary com-
ponents in a photoplethysmography (PPG) signal.

16. The method of claim 1 wherein basing an analysis of
the physiological signal includes selecting between two
analyses with different computational demands.

17. The method of claim 1 wherein basing an analysis of
the physiological signal includes selecting an analysis algo-
rithm.

18. The method of claim 17 wherein the physiological
signal is an electrocardiography (ECG) signal, and the
analysis algorithm includes at least one of an R-R interval
analysis and a full-wave analysis.

19. The method of claim 17 wherein the physiological
signal is a photoplethysmography (PPG) signal, and wherein
the analysis algorithm is based at least in part on one or more
of a respiration rate, a blood oxygenation computation, and
a heart rate computation.

20. The method of claim 17 wherein the physiological
signal is an ultrasound imaging signal, and wherein the
analysis algorithm is based at least in part on one or more of
a segmentation, a volume estimation, and a texture mea-
surement.

21. The method of claim 1 wherein physiological signal is
time-varying.

22. The method of claim 1 wherein physiological signal is
spatially-varying.

23-55. (canceled)
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