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1
MINIMAX FILTERING FOR PULSE
OXIMETRY

RELATED APPLICATION

This application claims the benefit of U.S. Provisional
Application No. 61/245,569, filed Sep. 24, 2009, which appli-
cation is hereby incorporated by reference.

BACKGROUND

The present disclosure relates generally pulse oximetry
and, more particularly, to processing of pulse oximetry data.

This section is intended to introduce the reader to various
aspects of art that may be related to various aspects of the
present disclosure, which are described and/or claimed
below. This discussion is believed to be helpful in providing
the reader with background information to facilitate a better
understanding of the various aspects of the present disclosure.
Accordingly, it should be understood that these statements are
to be read in this light, and not as admissions of prior art.

In the field of medicine, doctors often desire to monitor
certain physiological characteristics of their patients. Accord-
ingly, a wide variety of devices have been developed for
monitoring many such physiological characteristics. Such
devices provide doctors and other healthcare personnel with
the information they need to provide the best possible health-
care for their patients. As a result, such monitoring devices
have become an indispensable part of modern medicine.

One technique for monitoring certain physiological char-
acteristics of a patient is commonly referred to as pulse oxim-
etry, and the devices built based upon pulse oximetry tech-
niques are commonly referred to as pulse oximeters. Pulse
oximetry may be used to measure various blood flow charac-
teristics, such as the blood-oxygen saturation of hemoglobin
in arterial blood, the volume of individual blood pulsations
supplying the tissue, and/or the rate of blood pulsations cor-
responding to each heartbeat of a patient. In fact, the “pulse”
in pulse oximetry refers to the time varying amount of arterial
blood in the tissue during each cardiac cycle.

Pulse oximeters typically utilize a non-invasive sensor that
transmits light through a patient’s tissue and that photoelec-
trically detects the absorption and/or scattering of the trans-
mitted light in such tissue. One or more of the above physi-
ological characteristics may then be calculated based upon
the amount of light absorbed or scattered. More specifically,
the light passed through the tissue is typically selected to be of
one or more wavelengths that may be absorbed or scattered by
the blood in an amount correlative to the amount of the blood
constituent present in the blood. The amount of light absorbed
and/or scattered may then be used to estimate the amount of
blood constituent in the tissue using various algorithms.

Certain filtering techniques may be implemented with the
various algorithms to estimate the amount of blood constitu-
ent in the tissue. Filters may reduce errors in estimating the
blood constituent in tissue by removing noise from the data.
For example, the data, which may include the received signal
of light absorption and/or scattering by the tissue, may also
include non-physiological components resulting from inter-
ferences in the pulse oximetry system. Current pulse oxime-
ters generally use Kalman filtering, which may minimize the
mean square error of estimation. However, Kalman filters
typically assume a stationary zero-mean uncorrelated noise
distribution. Noise in a pulse oximetry system may some-
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times deviate from the Kalman filtering noise assumptions,
resulting in estimation errors in filtering pulse oximetry data.

BRIEF DESCRIPTION OF THE DRAWINGS

Advantages of the disclosed techniques may become
apparent upon reading the following detailed description and
upon reference to the drawings in which:

FIG. 1 illustrates a perspective view of a pulse oximeter in
accordance with an embodiment; and

FIG. 2 illustrates a simplified block diagram of a pulse
oximeter in FIG. 1, according to an embodiment.

DETAILED DESCRIPTION OF SPECIFIC
EMBODIMENTS

One or more specific embodiments of the present tech-
niques will be described below. In an effort to provide a
concise description of these embodiments, not all features of
an actual implementation are described in the specification. It
should be appreciated that in the development of any such
actual implementation, as in any engineering or design
project, numerous implementation-specific decisions must be
made to achieve the developers’ specific goals, such as com-
pliance with system-related and business-related constraints,
which may vary from one implementation to another. More-
over, it should be appreciated that such a development effort
might be complex and time consuming, but would neverthe-
less be a routine undertaking of design, fabrication, and
manufacture for those of ordinary skill having the benefit of
this disclosure.

The present techniques relate to methods of filtering a
signal to estimate one or more physiological parameters relat-
ing to pulse oximetry. More specifically, present techniques
are directed to “minimax filters,” also referred to as “H,,
filters,” which are derived to minimize the maximum error of
apulse oximetry signal due to any possible disturbance, with-
out making assumptions about the interferences in the sys-
tem. For example, physiological data such as blood-oxygen
saturation of hemoglobin in arterial blood, the volume of
individual blood pulsations supplying the tissue, the rate of
blood pulsations corresponding to each heartbeat of a patient,
and/or the average shape of a plethysmographic waveform
may be estimated from a pulse oximetry signal.

A typical filter used in pulse oximetry estimations, such as
a Kalman filter, may be derived to minimize an average error
of estimation, and may make assumptions about interferences
in the system. A Kalman filter may include algorithms which
use stationary and zero-mean noise distributions and a priori
knowledge of noise variances to filter a pulse oximetry signal.
However, a Kalman filter may not be completed, and may not
be effective, if interference or measurement errors in the pulse
oximetry system cause the noise distributions to deviate from
an average noise distribution used in the Kalman filter. Fur-
thermore, in some pulse oximetry systems, the statistics of
noise sources may not be fully known or available, and may
not be fed into the Kalman filter algorithms.

As will be explained, present techniques of filtering a pulse
oximetry signal may be directed towards minimizing the
maximum error due to any possible disturbance in a pulse
oximetry signal, thus minimizing the worst case estimation
error. Further, the filtering methods may be derived without
making assumptions about interferences in the pulse oxim-
etry system. Filters, and methods of filtering the pulse oxim-
etry signals, may be more robust and capable of improved
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estimations of physiological data from pulse oximetry signals
affected by noise sources with unknown or less predictable
statistics.

Now turning to the figures, FI1G. 1 is a perspective view of
amedical device is illustrated in accordance with an embodi-
ment. The medical device may be a pulse oximeter 100. The
pulse oximeter 100 may include a monitor 102, such as those
available from Nellcor Puritan Bennett LLC. The monitor
102 may be configured to display calculated parameters on a
display 104. As illustrated in FIG. 1, the display 104 may be
integrated into the monitor 102. However, the monitor 102
may be configured to provide data via a port to a display (not
shown) that is not integrated with the monitor 102. The dis-
play 104 may be configured to display computed physiologi-
cal data including, for example, an oxygen saturation percent-
age, a pulse rate, and/or a plethysmographic waveform 106.
As is known in the art, the oxygen saturation percentage may
be a functional arterial hemoglobin oxygen saturation mea-
surement in units of percentage SpQO,, while the pulse rate
may indicate a patient’s pulse rate in beats per minute. The
monitor 102 may also display information related to alarms,
monitor settings, and/or signal quality via indicator lights
108.

To facilitate user input, the monitor 102 may include a
plurality of control inputs 110. The control inputs 110 may
include fixed function keys, programmable function keys,
and soft keys. Specifically, the control inputs 110 may corre-
spond to soft key icons in the display 104. Pressing control
inputs 110 associated with, or adjacent to, an icon in the
display may select a corresponding option. The monitor 102
may also include a casing 111. The casing 111 may aid in the
protection of the internal elements of the monitor 102 from
damage.

The monitor 102 may further include a sensorport 112. The
sensor port 112 may allow for connection to an external
sensor 114, via a cable 115 which connects to the sensor port
112. The sensor 114 may be of a disposable or a non-dispos-
able type. Furthermore, the sensor 114 may obtain readings
from a patient, which can be used by the monitor to calculate
certain physiological characteristics such as the blood-oxy-
gen saturation of hemoglobin in arterial blood, the volume of
individual blood pulsations supplying the tissue, and/or the
rate of blood pulsations corresponding to each heartbeat of a
patient.

Turning to FIG. 2, a simplified block diagram of a pulse
oximeter 100 is illustrated in accordance with an embodi-
ment. Specifically, certain components of the sensor 114 and
the monitor 102 are illustrated in FIG. 2. The sensor 114 may
include an emitter 116, a detector 118, and an encoder 120. It
should be noted that the emitter 116 may be capable of emit-
ting at least two wavelengths of light, e.g., RED and infrared
(IR) light, into the tissue of a patient 117 to calculate the
patient’s 117 physiological characteristics, where the RED
wavelength may be between about 600 nanometers (nm) and
about 700 nm, and the IR wavelength may be between about
800 nm and about 1000 nm. The emitter 116 may include a
single emitting device, for example, with two light emitting
diodes (LEDs) or the emitter 116 may include a plurality of
emitting devices with, for example, multiple LED’s at various
locations. Regardless of the number of emitting devices, the
emitter 116 may be used to measure, for example, water
fractions, hematocrit, or other physiologic parameters of the
patient 117. It should be understood that, as used herein, the
term “light” may refer to one or more of ultrasound, radio,
microwave, millimeter wave, infrared, visible, ultraviolet,
gamma ray or X-ray electromagnetic radiation, and may also
include any wavelength within the radio, microwave, infra-
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red, visible, ultraviolet, or X-ray spectra, and that any suitable
wavelength of light may be appropriate for use with the
present disclosure.

In one embodiment, the detector 118 may be an array of
detector elements that may be capable of detecting light at
various intensities and wavelengths. In operation, light enters
the detector 118 after passing through the tissue of the patient
117. The detector 118 may convert the light at a given inten-
sity, which may be directly related to the absorbance and/or
reflectance of light in the tissue of the patient 117, into an
electrical signal. That is, when more light at a certain wave-
length is absorbed or reflected, less light of that wavelength is
typically received from the tissue by the detector 118. After
converting the received light to an electrical signal, the detec-
tor 118 may send the signal to the monitor 102, where physi-
ological characteristics may be calculated based at least in
part on the absorption of light in the tissue of the patient 117.
As used herein, the electrical signal converted from the
received light may also be referred to as a pulse oximetry
signal.

Additionally the sensor 114 may include an encoder 120,
which may contain information about the sensor 114, such as
what type of sensor it is (e.g., whether the sensor is intended
for placement on a forehead or digit) and the wavelengths of
light emitted by the emitter 116. This information may allow
the monitor 102 to select appropriate algorithms and/or cali-
bration coefficients or to derive a filter for estimating the
patient’s physiological characteristics. The encoder 120 may,
for instance, be a memory on which one or more of the
following information may be stored for communication to
the monitor 102: the type of the sensor 114; the wavelengths
of light emitted by the emitter 116; variances associated with
sources of interferences; and the proper calibration coeffi-
cients and/or algorithms to be used for calculating the
patient’s 117 physiological characteristics. For example, in
one embodiment, a filter 142 in the monitor 102 may use the
variances associated with sources of interferences to adap-
tively filter a pulse oximetry signal. Further, in some embodi-
ments, the data or signal from the encoder 120 may be
decoded by a detector/decoder 121 in the monitor 102.

Signals from the detector 118 and the encoder 120 may be
transmitted to the monitor 102. The monitor 102 may include
one or more processors 122 coupled to an internal bus 124.
Also connected to the bus may be a RAM memory 126 and a
display 104. A time processing unit (TPU) 128 may provide
timing control signals to light drive circuitry 130, which
controls when the emitter 116 is activated, and if multiple
light sources are used, the multiplexed timing for the different
light sources. TPU 128 may also control the gating-in of
signals from detector 118 through an amplifier 132 and a
switching circuit 134. These signals are sampled at the proper
time, depending at least in part upon which of multiple light
sources is activated, if multiple light sources are used. The
received signal from the detector 118 may be passed through
an amplifier 136, an analog filter 138, and an analog-to-digital
(A/D)converter 140, and/or a digital filter 142 for amplifying,
filtering, digitizing, and/or processing the electrical signals
from the sensor 114.

The analog filter 138 may be used to remove unwanted
frequency components from the signals and/or enhance
desired components of the signal, and may include any com-
bination of electronic filters (e.g., low pass filters, high pass
filters, band pass filters, etc.). The digital filter 142 may fur-
ther be used to remove unwanted frequency components from
the digitized signal and/or enhance desired components of the
signal. The digital filter 142 may comprise a microprocessor
configured to access and apply algorithms for digital signal
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processing. For example, the algorithms may include H,,
filter algorithms. In some embodiments, the A/D converter
140 may either be a part of, or separate from and coupled to,
the digital filter 142. After, amplifying, filtering, digitizing,
and/or processing, the digital data may then be stored in a
queued serial module (QSM) 144, for later downloading to
RAM 126 as QSM 144 fills up. In an embodiment, there may
be multiple parallel paths for separate amplifiers, filters, and
A/D converters for multiple light wavelengths or spectra
received.

In an embodiment, based at least in part upon the received
signals corresponding to the light received by detector 118,
processor 122 may determine various physiological data,
such as oxygen saturation level, blood pulse rate, etc. In
determining the physiological data, the processor 122 may
use various algorithms to calculate, identify, and/or charac-
terize the physiological data from the received signal. These
algorithms may require coefficients, which may be empiri-
cally determined. For example, algorithms relating to the
distance between an emitter 116 and various detector ele-
ments in a detector 118 may be stored in a ROM 146 and
accessed and operated according to processor 122 instruc-
tions. Furthermore, determining the physiological data may
also involve signal processing, as discussed above, to enhance
a pulse oximetry signal by filtering noise. The noise in the
received signal may result from interferences in the pulse
oximeter 100 or the between the sensor 114 and the patient
117, for example. In one or more embodiments, the digital
filter 142 may be a part of the processor 122, and the processor
122 may also access the ROM 146 for coefficients to be used
in digital filtering and other signal processing. Thus, the
received signal may be digitized (e.g., by the A/D converter
140 or the digital filter 142) and processed (e.g., by the pro-
cessor 122), which may include filtering (e.g., by the proces-
sor 122 and/or the digital filter 142) the digitized signal to
minimize estimation errors.

Certain filtering techniques may be used in a pulse oxime-
ter 100 to minimize estimation errors. For example, some
pulse oximeters involve adaptive filtering, which may include
adjusting a transfer function such that the filter may be vari-
able (i.e., adaptable) based on the input signal. One type of
adaptive filtering used in a typical pulse oximeter may be
Kalman filtering. The Kalman filter may be a type of adaptive
filter which minimizes the mean square error of the estima-
tion.

To better compare Kalman filtering with the filtering meth-
ods of the present techniques, Kalman filters will be
explained in further detail. A Kalman filter generally uses a
priori knowledge of noise statistics to solve the following
linear system:

X1 =AX 4Bty +wy, equation (1)

=Cxptz; equation (2)

Inequation (1) x, and x,, , are the system state at timek and
k+1, respectively. Using pulse oximetry as an example, the
state (x) may represent the value of single digitized plethys-
mograph sample, a metric related to physiological pulse
shape, hemoglobin oxygen saturation measurement (SpO,),
pulse rate, or any other signal which may be an input, an
output, or an intermediate calculation within an oximetry
system. The variable u, is the known input, or known state
change, at time k, and w, represents the process noise, or the
system error, at time k. The matrices A and B in equation (1)
selected by the designer and are specific to the system being
modeled.
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In equation (2) v, is the measured system output at time k.
As seen in equation (2) the measured system output at time k
is function of the system state x, and the measurement error
7;. Thus, the matrix C in equation (2) may be specific to the
system being modeled.

The system state (x) may be an unknown variable that
cannot be measured directly and may need to be estimated.
The Kalman filter estimates the state (x) using the system
output (y), the previous state estimate (i.e., the previous filter
output), and statistical characteristics of the measurement and
process error (z and w, respectively). The Kalman filter
accomplishes this using the following set of three equations:

K,=AP,CH(CP,CT+S,)™! equation (3)

L i=UEABU ) K (Vi - CFy) equation (4)

Py =APATS, ~4P,CTS, ' CP AT equation (5)

As seen in equation (4), the variable X is the state estimate
attime k+1. To determine the state estimate X, ,, the Kalman
filters uses two terms. The first term, AX,+Bu,, is the state
estimate of the signal if no measurement is taken. The second
term, K,(y,,,-CX,), is a correction term which accounts for
the measurement of the input signal, and represents the
amount by which to correct the propagated state estimate due
to noise introduced in the measurement. The correction term
of equation (4) includes the K, matrix, also called the Kalman
gain, which is represented in equation (3). The variable S, in
equation (3), inversely proportional to the Kalman gain, is the
covariance matrix of measurement noise (i.e., noise intro-
duced to the output signal y,, , ). The variable P, , in equation
(3) is the estimation error covariance, and may be computed
by equation (5), which includes both the covariance matrix of
measurement noise S_ the covariance matrix of process noise
S,,» and the previous estimation error variance P,. Thus, the
covariance matrices of process noise and measurement noise
(8,,, in equation (5) and S, in equations (3) and (5)) are both
parameters of the Kalman filter equations and used to deter-
mine the state estimate X in equation (4). This means that if the
standard deviation of the noise processes are not known, then
S,, and S_ are not known, and an appropriate Kalman filter
may not be designed.

Furthermore, the Kalman filter equations also assume that
the noise processes are zero mean, which means that the
average values of the process noise w, and the measurement
noise z, must be zero across the duration of the process, and
also at each time instant. More specifically, according to the
zero mean property of the Kalman filter, the expected values
of process noise w, and measurement noise z, are zero
throughout the process time, and at each instant of the process
time.

In some systems, process noise and measurement noise
may be unknown. For example, no information may be
known regarding noise statistics or system specifications.
Furthermore, the process and measurement noises may not
always have an average value of zero. In such scenarios when
the standard deviation of the noise processes are not know or
when noise processes are not zero mean, the inputs for the
Kalman filter algorithm may not be available, and the Kalman
filter may be incomplete and/or ineffective.

One or more embodiments of the present techniques
include filtering techniques which may be used on a pulse
oximetry signal when noise statistics may be unknown. The
present techniques may also be applicable for noise processes
that are not zero mean. More specifically, adaptive filtering
such as H,, filtering may make no assumptions about noise
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processes, and may minimize a worst case estimation error.
The H,, equations may be explained by the equations below:

L~(IyQP+CTV i CPy™! equation (6)

K, =AP L, CTV-! equation (7)

L1 =AL 4 BuAK (- CKy) equation (8)

Py =APL AT equation (9)

The state estimate equation (8) may be similar to the state
estimate equation from the Kalman filter algorithms, previ-
ously presented in equation (4). However, with the H,, filter
equations, unlike the Kalman filter equations, the covariance
of measurement noise S, and the covariance of process noise
S,, are not needed to design the H, filter. To determine the
state estimate X, in equation (8), the H,, filter also uses
AX,+Bu,, which is the state estimate of the signal if no mea-
surement is taken. Further, the correction term K, (v, ,-CX,)
accounts for the measurement of the input signal, and repre-
sents the amount by which to correct the propagated state
estimate due to noise introduced in the measurement.

In designing the H_, filter, variables of the in the H_, filter
algorithms may be selected during a design stage of the filter.
For example, the variables Q, V, and Ware weighting matri-
ces, which may be programmed at the designing stage of the
H,, filter. The initial values for X, and P, may also be pro-
grammed at the design stage. The parameter y may also be
selected during the design stage to set a bound on the worst
case estimation error, where the worst case error is equal to
1/y. The parameter y must be selected such that the eigenval-
ues of P, are less then 1, otherwise the solution to the H,, filter
may not exist.

Furthermore, the programmed variables of the H,. filter
may also depend on different parameters which may be spe-
cific to the system which is measuring and/or filtering the
signal, Using a pulse oximetry system as an example, the
programmed variables may depend on parameters which may
affect the pulse oximetry signal or noise contributing to the
signal. For example, characteristics of the pulse oximeter
100, including the sensor 114 and/or the monitor 102, the site
of signal measurement (e.g., the finger, forehead, etc.), and
the type of physiological data to be estimated may use differ-
ent programmed variables in the H,, filter algorithms. Thus,
as can be seen from equations (6), (7), and (9), the calcula-
tions for L,, K,, and P, may be performed off line, and the
measurements for [, and P, are not needed to compute the H.,
gain matrix K,. The gain matrix K, can be computed at some
point before running the H_, filter (e.g., in a development
system), and then hard-coded into an embedded system. Mul-
tiple gain matrices K, may be computed in a development
system and stored on the embedded system. The appropriate
gain matrix may then be selected at run time depending on the
system configuration and/or operating parameters. For
example, in a pulse oximetry system, there may be different
gain matrices for each pulse oximetry sensor type. The gain
matrix may be stored within the sensor 114 itself.

In one or more of the present techniques, H,, filtering may
be adapted for filtering a signal in a pulse oximeter 100. As
discussed, light emitted from the emitter 116 may the detector
118 after passing through the tissue of the patient 117. The
detected light may have a certain intensity, which may be
directly related to the absorbance and/or reflectance of light in
the tissue of the patient 117, and the detector 118 may convert
the detected light. based on the intensity, into an electrical
signal. The signal output by the detector 118 may include
noises from a variety of sources. For example, variations in
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the sensor 114 such as emitting pulses that are either too
strong or too weak, pulses that contain either too much or too
little infrared light (or too much or too little red light), pulses
that contain waveform artifacts, or pulses that include a high
signal-to-noise ratio may all contribute to noise in the signal.
Variations in the condition of the patient 117, such as body
temperature, dysfunctional hemoglobin, arterial dyes, low
perfusion, dark pigment, and/or externally applied coloring
agents (such as nail polish or creams which may interfere with
a pulse oximeter 100) may also contribute to signal noise.
Such noise sources in measuring a pulse oximetry signal with
a pulse oximeter 100 may not follow the zero-mean uncorre-
lated (e.g., Gaussian) noise distributions assumed by Kalman
filters. Thus, signal processing in a pulse oximeter 100 may
benefit from H,, filtering.

The equations below may be used to model the pulsatile
waveform (i.e. a plethysmograph) collected by a pulse oxim-
etry system.

Xy | =Xt Wy equation (10)

VXt equation (11)

where the variable x, is a sample of the actual (unknown)
pulse waveform. The actual pulse waveform x, may change
based on normal beat-to-beat variation due to the heart beat of
the patient 117, represented by w, in equation (10). The mea-
sured pulse waveform, indicated by y, in equation (11)
includes both the actual waveform x, and the measurement
noise 7, which represents noise and interference in measur-
ing detecting the transmitted light.

A digital filter 142 may include a processor (e.g., micro-
processor 122) configured to execute filtering algorithms
adapted from H_, filters. Applying H,, filtering may remove
unwanted frequency components corresponding to noise
from the signal. The H,, filter equations may be adapted
depending on the pulse oximetry signal and/or the configu-
ration of the pulse oximeter 100 in which the filter 142 is
implemented. For example, different variables, and different
weighting matrices may be used to design H,, filters for pulse
oximeters 100 having different characteristics (e.g., size of
the sensors, types of emitters 116 or detectors 118, location of
pulse oximetry measurement, etc.). Further, the H_ filter
equations may be adapted for certain applications, such for
estimating different physiological data from a pulse oximetry
signal (e.g., oxygen saturation, pulse rate, etc.). Applying the
general H_ equations (6)-(9) to the 1 dimensional pulse oxim-
etry system model defined by equations (10) and (11), yields
the equations (12)-(14) below. These equations are an
example of how H_, filtering, or any other type of filtering
which does not require noise statistics and zero-mean noise
distributions, may be adapted to estimate physiological data
from a pulse oximetry signal:

y-l equation (12)

Ky = —/——"—
TRy

Bpor =% + Ky — %) equation (13)

equation (14)
Pt =
Plevioy

Inequations (12)-(14), they, V, and W variables are param-
eters that may be chosen in advance to give a desired perfor-
mance. For example, at the development stage of a pulse
oximeter 100, the H,, filter may be hard-coded with certain
inputs based on the pulse oximeter 100, the site of measure-
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ment, and/or the physiological data to be calculated. As the
H., filter equations may have inputs that are pre-programmed
and not dependent on noise statistics, the signal may be fil-
tered without an exact signal model, and without a priori
knowledge of noise statistics (e.g., the noise variances S, and
S, required for the Kalman filter may not be required foraH,,
filter).

In one embodiment, the H,, filter may be combined with
other filtering techniques. For example, the y, V, and W vari-
ables may also be varied adaptively according to a condition
of the pulse oximeter 100, a type of sensor 114 used in the
pulse oximeter 100, changes in noise conditions, and/or
changes in the measured signal. The variablesy, V,and W, and
other inputs of the H_, filter or other filtering equations, may
be stored in the memory 144 of the pulse oximeter 100 in the
sensor 114 itself, or any other suitable component accessible
by the digital filter 142. The filter variables y, V, and W may
also be altered depending upon user selection. For example,
the user may prefer a faster response at the expense of
decreased noise tolerance or a slower response with increased
noise tolerance. A set of filter variables may be stored for each
of these two example user modes. The user may also be able
indirectly select the filter variable dependent upon the oper-
ating environment. For example, there may be a set of filter
variables in the oximeter for the OR, General Care Floor,
Transport, Sleep Lab, ICU, NICU, etc.

Furthermore, modifications to the filter variables may be
made by the pulse oximeter 100 itself, based on previous
measuring conditions. As the pulse oximeter 100 begins to
detect the transmitted light and convert the light to an electri-
cal signal (i.e., the pulse oximetry signal), the filter 142
(which may comprise algorithms similar to the H,, filter algo-
rithms previously discussed) may use the characteristics of
the pulse oximetry signal to change the filter variables. For
example, the filter 142, or a processor 122 coupled to the filter
142, may calculate the variance of the pulse oximetry signal
over some period of time (e.g., over the last second). Further,
the filter 142 and/or processor 122 may take a rolling average
of noise variances over the duration of the measurement. In
one embodiment, the H_ inputs may be changed based on
detected changes in noise sources or measurement errors.
Thus, in accordance with the present techniques, a pulse
oximetry signal may still be filtered with H_, filter algorithms
without using a priori knowledge of noise statistics. Further-
more, a digital filter 142 of the present techniques may also
include methods of adapting an H,, filter by changing H,,
filter inputs based on detected changes in noise characteris-
tics.

While the disclosure may be susceptible to various modi-
fications and alternative forms, specific embodiments have
been shown by way of example in the drawings and have been
described in detail herein. However, it should be understood
that the embodiments provided herein are not intended to be
limited to the particular forms disclosed. Indeed, the dis-
closed embodiments may not only be applied to measure-
ments of blood oxygen saturation, but these techniques may
also be utilized for the measurement and/or analysis of other
blood constituents. For example, using the same, different, or
additional wavelengths, the present techniques may be uti-
lized for the measurement and/or analysis of carboxyhemo-
globin, met-hemoglobin, total hemoglobin, fractional hemo-
globin, intravascular dyes, and/or water content. Rather, the
various embodiments may cover all modifications, equiva-
lents, and alternatives falling within the spirit and scope of the
disclosure as defined by the following appended claims.
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What is claimed is:

1. A method of filtering a pulse oximetry signal, compris-
ing: inputting the pulse oximetry signal into filtering algo-
rithms, wherein the filtering algorithms comprise pre-pro-
grammed weighting matrices that depend on one or more of a
characteristic of a sensor, a patient measurement site, or a type
of physiological datato be collected, and wherein the filtering
algorithms comprise H,, filter algorithms adapted to filter the
pulse oximetry signal.

2. The method of claim 1, comprising executing the filter-
ing algorithms without a priori noise statistics.

3. The method of claim 2, comprising:

outputting a filtered pulse oximetry signal; and

estimating physiological data from the filtered pulse oxim-
etry signal, wherein the worst possible estimation errors
are minimized in estimating the physiological data.

4. The method of claim 1, comprising:

determining noise statistics from the pulse oximetry signal;
and

updating the filtering algorithms based on the determined
noise statistics.

5. The method of claim 1, wherein the physiological data
comprises one or more of blood-oxygen saturation, pulse
rate, and volume of blood pulsation in tissue.

6. A pulse oximetry system comprising:

a sensor configured to transmit light into and receive light
from tissue, and further configured to output an analog
signal based on the received light;

an analog-to-digital converter configured to digitize the
analog signal; and

a digital filter configured to filter the digitized signal with
H., filtering algorithms, wherein the filtering algorithms
comprise pre-programmed weighting matrices that
depend on one or more of a sensor characteristic, a
patient measurement site, or a type of physiological data
to be collected.

7. The pulse oximetry system of claim 6, comprising a
memory component accessible by the digital filter, and
wherein the H,, filtering algorithms are stored in the memory
component.

8. The pulse oximetry system of claim 7, wherein the
memory component comprises weighting matrices, and
wherein the digital filter uses the weighting matrices to filter
the digitized signal with the H,, filtering algorithms.

9. The pulse oximetry system of claim 6, wherein the
digital filter is configured to use adaptive filtering algorithms
to detect changes in the digital signal.

10. The pulse oximetry system of claim 9, wherein the H,,
filtering algorithms are substantially modifiable based on the
detected changes in the digital signal.

11. The pulse oximetry system of claim 6, wherein the
digital filter is configured to filter the digitized signal with the
H., filtering algorithms when the digitized signal comprises
noise that does not have a stationary zero-mean noise distri-
bution.

12. The pulse oximetry system of claim 6, wherein the
digital filter is configured to filter the digitized signal with the
H., filtering algorithms when the digitized signal comprises
noise that does not have a known variance.

13. The pulse oximetry system of claim 6, comprising a
processor configured to calculate physiological data based on
the filtered signal.

14. The pulse oximetry system of claim 13, wherein the
physiological data comprises at least one of blood-oxygen
saturation, pulse rate, or volume of blood pulsation in tissue.
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15. A pulse oximetry monitor comprising:

aprocessor configured to determine whether a pulse oxim-
etry system has a stationary zero-mean noise distribu-
tion, to access one or more stored filtering algorithms, to
select an H,, filtering algorithm from the one or more
stored filtering algorithms when the pulse oximetry sys-
tem is determined not to have a stationary zero-mean
noise distribution, and to execute the H_, filtering algo-
rithm on a pulse oximetry signal to minimize a maxi-
mum error in the pulse oximetry signal.

16. The pulse oximetry monitor of claim 15, wherein the
processor is configured to select and to execute a Kalman
filtering algorithm when the pulse oximetry system is deter-
mined to have a stationary zero-mean noise distribution.

17. The pulse oximetry monitor of claim 15, wherein the
processor is configured to use an adaptive filtering algorithm
to detect changes in the pulse oximetry signal, and wherein
the processoris configured to modify the selected H,, filtering
algorithm based on the detected changes.

18. The pulse oximetry monitor of claim 15, wherein the
processor is configured to estimate physiological data based
on a filtered pulse oximetry signal.

19. The pulse oximetry monitor of claim 15, wherein the
processor is configured to select the H,, filtering algorithm
when the pulse oximetry signal is determined to comprise
noise with a non-Gaussian distribution.
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