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SYSTENM AND METHOD FOR ESTIMATING CARDIAC OUTPUT

BACKGROUND OF THE INVENTICN
Field of the Invention
This invention relates to the in-vivo determination
and display of estimates of the cardiac output of a

patient.

Description o lated £

Information about the output of a patient's heart is
very valuable to a surgical team, or to physicians who are
trying to diagnose an illness or monitor the patient's
condition. PFew hospitals are therefore without some form
of conventional equipment to monitor cardiac output.

The measurement of volumetric cardiac flow presents
particular problems. First, the flow of blood in the
vascular system is generally non-uniform. Second, the
measurement device used should obviously not be more
intrusive than necessary, not only to avoid reducing the
accuracy of measurements but also to avoid interfering with
the normal operation of the heart; otherwise, the
measurement process itself may be more dangerous for a
patient than any condition the measurement system is
intended to discover. Third, the accuracy of measurement
systems for cardiovascular flow suffers from the presence
of often pronounced disturbances such as the pulsating
nature of the flow and other disturbances such as are
caused by the patient's breathing.

Because cardiac output is such an important diagnostic
indicator, there are a large number of devices for

measuring blood flow in the vascular system. In many
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passive measurement systems, some if¥égular indicator such
as variations in optical translucenée or magnetic
irregularities are observed at two points in the blood
vessel. Blood flow is then estimated as a function of
blood velocity, which is in turn derived as a product of
known auto- and cross-correlation techniques.

In active measurement systems, the indicator is
injected into or is applied to the bloodstream, whereupon
blood flow is determined by dJdetecting the indicator
downstream, integrating the time waveform of the detected
indicator, and applying the assumption that the indicator
is conserved. The indicators used in such systems include
actual substances such as dyes and radiocactive particles,
and pure-energy indicators such as ultrasound and heat.

U.S. Patent No. 4,236,527 (Newbower et al., 2 December
1980) and U.S. Patent No. 4,507,974 (Yelderman, 2 April
1985), describe systems for measuring cardiac output in
which heat is used as an indicator. 1In such heat-based
systems, a balloon catheter is typically threaded down
through the right jugular vein, and lodges proximal to the
branch of the pulmonary artery wvia the right atrium and the
right ventricle. The catheter includes a resistive heating
element, which is positioned in the atrium and/ox
ventricle, and a thermistor, which is positioned in the
artery.

In the Newbower system, the heating element is
energized in such a way that the thermal energy applied to'
the surrounding blood has at least two freguency
components, either a fundamental and one or more harmonics,
or as a sguare-wave signal, which can also be resolved into

a fundamental frequency and a number of harmonics. The
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temperature of the blood downstream is then measured by the
thermistof_ and the corresponding electrical 'signal is
filtered with respect to the fundamental frequency and at
least one other £freguency. Cardiac output is then
estimated based on an approximate reconstruction of the
transfer function of the local vascular system.

The Yelderman system energizes the heater according to
a pseudo-random binary sequence (PRBS) of square waves that
are derived based on a binary maximum-length sequencé.
Correlation techniques are then used to extract from the
thermistor signal an estimate of the volumetric flow of
blood from the heating element to the thermistor.

U.S. Patent 5,146,414 (McKown, et al., 8 September
1992) describes an improvement on the Yelderman system. In
the McKown system, the transfer function of the channel
{the region from where heaﬁ is applied to the blood
upstream to the downstream position where temperature is
sensed) is modeled, the approximate spectrum of the noise
is determined, and the output of the system is used in a
feed-back loop to adaptively update the parameters of the
model and thus to improve the estimate of blood flow.

In U.S. Patent 5,357,967 (Dixon, et al., 25 Oct. 1994)
yet another heat-based system and method are described, in
which the heat signal applied to the blood is in the form
of'a spread-spectrum signal, that is, it is a continuous
signal with a continucusly increasing or decreasing
frequency. The signal sensed downstream is passed through
a dispersive filter, from whose output signal an impulse
response is determined. Blood flow is then calculated from

the sensed impulse response.
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A problem that arises in the context of all such
methods of estimating cardiac output is that one must
typically trade off speed of estimation against the
accuracy and usefulness of the information one gets. If
the patient's heart rate and flow are steady and even, the
estimates from the monitoring equipment will be both
accurate and timely, assuming the estimation routines they
use are as well. Of course, most patients with such ideal
heart parameters would not need to be monitored in the
first place: monitored patients are often in the hospital
or on the operating table for such procedures as by-pass
surgery oY because of problems involving the heart or
pulmonary system.

In order to provide an accurate estimate of cardiac
outf.vut {CO), one may use routines that generate estimates
based on several consecutive heart cycles. The problem is,
however, that such systems may be too slow to warn of a
rapid decline in the patient's condition: a surgical team
must know quickly if a patient's heart flow has just
dropped by a large amount, since this may indicate a
constriction that might be harder to detect using other
equipment such as electro-cardiogram devices.

Recursive techniques such as the one described in
McKown, for example, may give an accurate estimate of the
general trend of cardiac output, but it may take too long
for the system to settle on the trend value, and the trend
value itself may not reflect accurately what is happening
immediately. Yet other shortcomings of known recursive
techniques for estimating cardiac output are that they

require initialization and are not absolutely stable, that
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is, under certain circumstances, thej7ﬁay not converge at
all to a useful estimate.

What is needed is therefore a device that not only
provides accurate data about the general trend of a
patient's cardiac output, but also about the more
instantaneous or current flow state. There should
preferably also be some way either to compensate for, or at
least identify, potential instability in any recursive

techniques that are used to generate output estimates.

Summary of the Invention

The invention provides a method and a system for
estimating blood output through a flow region of a_
patient's body, according to which an indicator, preferably
heat, is injected as an indicator input signal with an
input signal profile into an upstream position in the flow
region. The preferred signal profile is a pseudo-random
binary sequence. The presence of the indicator is sensed.
at a downstream position in the flow- region as an indicator
output signal. For a thermal indicator, this is preferably
done using a thermistor. Cardiac output (CO) is then
estimated in two separate estimator: a local estimator and
a trend estimator. Both estimators estimate CO as a
prredetermined funétion of the input signal profile and the
indicator output signal. The trend estimator forms its
estimation based on data over a longer time frame than the
local estimator. The invention thus provides estimated
blood output values corresponding to both relatively fast

and slow changes in blood output.
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The trehd estimator is preferdbly recursive. In the
preferred embodiment the trend estimator is a Kalman
filter.

A frequency-domain transfer function is preferably
measured between the input and output signals for each
period. The measured fregquency-domain transfer functions
thereby forms input signals for both local and trend output
estimation.

The system advantageously determines optimal 1local
state parameters as a predetermined optimization function
of the transfer function model and the measured transfer
function values, and the local estimator then estimates the
local blood output value as a predetermined output function
of at least one of the optimal local state parameters. The
trend preferably estimates optimal trend state parameters
by Kalman filtering the measured frequency-domain transfer
function wvalues, and estimates the_trend blood output
value as the predetermined output function of at least one -
of the optimal local state parameters.

The local and trend estimators cooperate to improve CO
estimation accuracy and reliability. For example, the
Kalman filter preferably is initialized using the optimal
local state parameters.

The system preferably determines both an
autocorrelation value Cxx of the input signal and
converting the autocorrelation value Cxx to the frequency
domain; and a cross-correlation value Cxy between the input
signal and the output signai and converting the cross-
correlation value Cxy to the frequency domain. It then
computes the measured transfer function values as a

predetermined function of the quotient between the
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frequency-converted cross-correlation and autocorrelation
values.

The system according to the invention further includes
a pre-filter that removes any low-fregquency noise trend
from the indicator output signale before local or trend
estimation.

Brie escription of th awings

Figure 1 is a block diagram that illustrates the main
structural and functional components of a preferred
embodiment of the invention in use for measuring cardiac
output in a patient.

Figures 2(a), (b), and (¢) illustrate, respectively the
signal profileé of heater element power, thermistor
temperature, and a cross-correlation {indicator dilution)
curve for one test of the invention. _

Figures 3{a)~{d) illustrate Bode plots of a fregquency-
domain representation of correlation data according to the.
invention.

Figures 4{(a) and- (b) show a Bode plot of transfer
function data with a high signal-to-noise (SNR) ratio.

Figures 5(a) and (b) illustrate a Bode plot that
compares measured transfer function data with a transfér
funciton model used in a preferred embodiment of the
invention.

Figure 6 illustrates a temperature noise spectrum

Figure 7 is a block diagram of a trend-removal filter
used in the preferred embodiment of the invention.

Figure 8 illustrates temperature data before and after
trend removal.

Figure 9 is a block diagram that shows how SNR is

calculated for a trend estimator used in the invention.
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Figure 10 is a block diagram that illustrates the way
in which input power and sensed temperature data is used in
the invention to measure a channel transfer function.
Detailed Description

Figure 1 is a generalized block diagram of the
invention for measuring and displaying data about the

cardiac output of a patient. A signal injection device is

placed at an upstream position in the patient's cardiac

system and a sensing device is placed at a downstream
position. For accurate measurement of the cardiac output
of a patient, it is advantageous to inject a signal into
the blood in or near the patient's right atrium 100 and to
sense the injected signal in or proximal to the branch of
the pulmonary artery 102. These injection and sensing
positions are therefore assumed below in order to
illustrate the preferred embodiments of the invention. The
flow of blood from the right atrium and toward the
pulmeonary branch is indicated in Figure 1 by the arrow 103.

In order to avoid complications from injecting fluid
or mass indicators, it is preferable to use a purely
thermal heat signal as the basis of a measurement of the
continuous cardiac output (CCO). In such case, heat is the
injected indicator input signal, and the downstream
temperature is sensed to provide an output signal upon
which CCO estimates are based. An electrical heating
element 104 is therefore positioned in the right atrium
100. The heating element 104 is preferably an electrically
resistive element whose dissipated power (heat) is
determined by the current or voltage supplied to the
element via a driving circuit 106, which applies electrical

current or voltage to the heating element 104 so that the
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dissipated power of the heating element 104 follows a
predetermined signal profile x(t), which is generated by a
processor 107.

Some examples of signal profiles that can be used in
the invention are: a single or multi-frequéncy sinusoidal
signal, such as is described in U.S. Patent 4,380,237
(Newbower, 19 April 1983); a spread-spectrum signal as
described in U.S. Patent No. 5,357,967 (Dixon, et al., 25
October 1994); and a sequence of square-wave signals as
described in U.S. Patent 4,507,974 (Yelderman, 2 April
1985). In the Yelderman system, the heat signal is
generated according to a pseudo-random binary sequence
(PRBS) and correlation techniques are used at the
downstream position to extract the flow rate of the blood.
The preferred embodiment of the invention uses such a PRBS
heat signal as the injected input signal.

In the preferred case in which the injected signal is
thermal, a thermistor or similar temperature-sensing
element 108 is positioned at the downstream position in the
pulmonary artery 102. If non-thermal indication signals
are injected, then the thermistor will be replaced by an

appropriate conventional sensor that detects the presence

" of the indicator downstream.

The thermistor is electrically connected to a signal-
conditioning circuit 110, which may be any known circuit
whose electrical output voltage or current is a known
function of the température of the blood sensed by the
thermistor 108. The signal-conditioning circuit 110
includes conventional circuitry for amplification and

scaling of the sensed temperature signal, and also known
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analog-to-digital (A/D) circuitry to convert the continuous
temperature signal y(t) to digital form for processing.

The heating element 104 and the thermistor 108 are
preferably mounted spaced apart at or near the distal end
of a catheter, which is then fed into a vein of the patient
and threaded into and through the vein until the heating
element and the thermistor reach their operating positions.
This technique is well known and is therefore not described
further.

The physical system defined by the heater element 104,
the blood, the thermistor 108, and the circulatory system
from the heater to the thermistor together constitute a
"channel" through which heat signals propagate and are
changed. Note that even the heater element and thermistor
cause changes: the heater element cannot instantaneously
change its output power and temperature to follow the PRBS
pulses and the thermistor cannot perfectly track the
continuous temperature changes in the blood that flows past
it.

Conventional power and clock devices are preferably
included to supply electrical power and timing signals to
the Qdriving circuit 106, processor 107, and the other
components of the invention. These devices are neither
illustrated nor described further since they are well
known.

The signal conditioning circuit 110 is connected to
pre-processor 112, which performs such functions as
removing drift from the sensed temperature signal y(t)
{preferably using a moving-average filter), and storing
previous y(t} values in a memory buffer y_mem (not shown).

The pre-processor 112 1is connected to a correlation
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processor 114, which has as output sidﬁais the correlation
profiles Cxx and Cxy, of the input signal x(t) with itself
and with the sensed temperture signal y{t}, respectively.
The correlation processor's 114 output is connected as an
input to a time-to-frequency domain or "Fourier® processor
116, which preferably performs Fourier transformation. The
output signals from the processor 116 include a measured
transfer function Hxy, as well as the frequency-domain
representations Sxx and Sxy of Cxx and Cxy.

The preferred structure and function of the various
processors 112, 114, and 116 are described in detail below.
Any or all of these processors may be implemented as
dedicated processors, for example using conventional high-
speed digital signal processors (DSP's) or may be
implemented in a single processor or processing system,
including the processor 107.

The output signals from the Fourier processor 116, in
particular, Hxy, are applied as input signals to two
separate but cooperating estimators: a local estimator 118,
and a trend estimator 120. These estimators, which also
may be implemented using dedicated processors or within any
other processor in the system, have as their primary output
signals estimates X_local and X_trend of a state vector X,
from which continous cardiac output can be determined. As
Figure 1 shows, however, the estimators also supply data to
one another to improve their respective estimates. This is
described below.

Both estimators 118, 120 thus generate estimates of
cardiac output. In general, the local estimator 118 will
generate stable estimates that more closely track rapid

changes in cardiac flow than will the estimates of the
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trend estimator 120, which better tracks flow trends. The

invention can thus operate in either, or preferably both,

of two modes: 1) a "stat" mode, in which the user is given
an early estimate of continuous cardiac output (CCO); and
2) a "trend" mode, in which the user is given information
relating to longer term trends in CCO. The stat mode will

be preferred for near real-time monitoring of a rapid
cardiac output (CO) response, for example, following a drug
titration, or the dynamic CO that occurs when a patient is

coming off of cardiac bypass procedures. The trend mode is

preferred for detecting a gradual change in CO due to, for
example, fluid depletiocon, intravenous fluid addition, or
the effect of a drug intervention. In the clinical
setting, for example, an anesthesiologist during surgery
will prefer will prefer the patient during time-critical

surgical events. A physician on rounds, however, will

generally prefer to see trend information since it better

indicates more gradual changes in a recovering patient's

status. The relative operation of.the two estimators is

also described in greater detail below.

The state estimates X_local and X_trend, as well as
other signals (described below), are then input to error
detection circuitry, which examines the signals to
determine the presence of such disturbances as catheter
disconnection, bolus injection, and electro-magnetic
interference. If the error detection circuit detects such
problems, then it signals the processor 107, the estimators
118, 120, or some other processor as needed to edit out
faulty data, cause the system to reset, or some othér

recovery procedure. This is also descibed further below.
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If no efrors are deétected, thé state estimates are
input to a CCO processor 124, which calculates both a
short-term or "stat"™ CCO estimate CCO_1 and a CCO trend
estimate CCO_t. The formulas used by the CCO processor are
discussed below.

Finally, the CCO estimates are applied as input
signals to a standard display system 126, which displays
the CCO values in any desired form.

In the preferred embodiment of the invention, thermal
dilution of the blood is used to determine flow. In other
words, one applies heat at an upstream position and then
measures the blood temperature downstream to see how the
blood has caused the input heat signal to change in
between. Although, as is mentioned above, various heat
signals may be applied successfully, the preferred heat
signal is pulsed as described in Yelderman (US 4,507,974),
that is, it is applied as a pseudo-random binary sequence
{({PRBS), whose properties are well known. One advantage of
the Yelderman method is that the spectrum of its input
signal is "flat" (many freguency components of
approximately the same amplitude over a given range) enough
not to be "drowned out"_in the noisy cardiac environment.
Another advantage is that it is easy to adjust so as to
better avoid noise frequenciés (such as the strong
component at ventilation frequency and its harmonics) by
the noise frequencies typical in a patient -~ see McKown
{US 5,146,414). Yet another advantage is that the PRES
signal 1lends itself well to detection using cross-
correlation, and the cross-correlation function is itself

useful for flow estimation.
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Let x=x{t) be the power applied to the heater element
{as a PRBS), y=y(t) be the measured blood temperature at
the pulmonary artery, and Cxy=Cxy(t) be the cross-
correlation of x and y. Cross-correlation is a well-known
concept that indicates how well two different signals
*match up" at different relative time lags. Any known
method may be used to carry out the cross-correlation
calculations in order to determine the function Cxy(t)
given the known input power signal x(t) and the mea.sured
temperature output signal y(t).

Figures 2(a)-{c) show, respectively, an example of two
cycles of one such PRBS heater element power signal (x).,
the measured downstream pulmonary artery blood temperature
signal (y) for the given PRBS signal x, and the cross-
correlation function Cxy of these two signals.

As Figure 2(a) shows, the PRBS signal is a series of
pulses that have two states: ON, in which maximum power is
applied (in the figure, about 9.5 W)}, and OFF, in which no
power is applied. Each state lasts for a minimum pulse
duration Tc, and the PRBS cycle lasts for and repeats after
a predetermined number N of states. (The numbers N that
create any of the preferred maximum length sequences can be
determined using known formulae. In the illustrated
example, N=15). As the figure shows, a PRBS does not just
*toggle" back and forth between states after each time Tc,
but rather state transitions follow defined patterns
depending on the chosen number N.

Note that the peaks in blood temperature y occur about
eight seconds after the corresponding peak in the input
power signal, and that the peak in Cxy accordingly occurs
for a lag of about eight seconds. Note also that the blood
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acts approximately as a low-pass filter of the input heat
signal: y has roughly the same general shape as x, but with
the sharp rises and falls "smoothed off". This is as one
would expect, since the blood cannot be heated as rapidly
as the heating elemént, and@ also since there is heat
transport between regions of the blood as it flows toward
the thermistor.

It can be shown theoretically (see, for example, the
Yelderman patent} and confirmed by experiment that cardiac
output (CO} is inversely proportional to the area under the

cross-correlation curve Cxy. Thus:

K K Equation 1

" AREA (Cxy)  ®
foy(t)dt
=0

where s is chosen large enough that the truncation
erroxr is less than some predefined@ threshold and where K is
a parameter that is proportional to the average heater
power.

Since Cxy is calculated (for example, in the processor
114) and known before being input to either of the
estimators 118, 120, one would at first think that two
estimators are unnecessary: after determining the parameter
K through calculation and calibration, one would have the
value CO and thus the "answer" one is looking for. One
problem is, however, in the clinical environment, the
temperature data is typically too noisy to provide Cxy data
that will integrate to a reliable estimate of cardiac

output.
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As is expiained below, the invention uses the two
different estimators to process a frequency-domain transfer
function representation of the PRBS cross-correlation data.
The inventors have discovered that by applying linear
system identification theory and by further processing the
sensed temperature data, more accurate trend information
can be obtained as well as a short-term "stat-mode"
estimate that can provide faster estimates for continuous
cardiac output (CCO) monitoring.

One assumption that is common to all CO estimation
techniques based on thermal dilution, including this
invention, is that heat is conserved within the blood
vessel. 1In other words, one assumes that the heat that the
heating element 104 applies to the blood does not leave the
blood, at 1least not until after it has passed the
thermistor 108 -- the heat does not flow intq or out
through the walls of the blood vessel. It is known that
this assumption holds good for physioclogical flows and for
small temperature gradients between the blood and
surrounding cardiovascular tissue.

Another common assumption is that the blood is well
mixed by the right". heart, at least by the time the blood
reaches the thermistor. Together with the assumption of
conservation of heat, this makes it possible to estimate
the total system flow by measuring the associated
temperature signal at any outflow for a flow system of
otherwise arbitrary inflow-to-outflow structure.

Unlike other systems for estimating ‘cardiac output,
the invention uses to advantage one further assumption,
namely, that the relationship between the heater element
power and the pulmonary artery blood temperature is both
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linear and time-invariant. Thééé two properties are
commonly stated together as constituting a linear time-
invariant system (LTIS).

The assumption that the channel is a linear system is

reasonable since it implies that incremental input heat

- pulses relate proportionately to incremental output

temperature wave forms, especially since the range of
temperatures that are applied is limited: to heat the blood
above about 50 degrees Celsius would in most cases cause
tissue damage. The maximum heater surface temperature.
allowed in the preferred embodiment of the invention is 45
degrees Celsius, which is known to be safe. The assumption
of time-invariance is also reasonable as long as changes in
blood circulation occur slowly relative to the rate at

which consecutive measurements of x and y are made.

Assume now that the applied heat signal is a PRBS wave
form. The total heat energy in calories applied to the

system during each PRBS cycle can be written:

N-T¢c
Heat_in = k' f x(t)dt Equation 2
[
where:
k, = a predetermined heat unit conversion constant
{= 0.239 calories per second per Watt for
unit conversion from Watts to calories);
Tc = PRBS state duration in seconds;
N = number of states per PRBS cycle;

t = time in seconds;



WO 97/15230 PCT/US96/17154

18
x(t) = the applied PRBS power signal (Watts)
= P (maximum applied power) when the PRBS
signal is ON and
= 0 when the PRBS signal is OFF.
5 The total heat energy flowing out of the system for

each PRBS cycle can be written:

" NTc
Heat_out = k,'F'd-c' [ y(t) dt mquation 3
0

where:
k, = a predetermined flow conversion constant
= 1000/60 cm® per second per liter per minute;
10 F = total system volumetric flow in liters per
minute;
d = blood density = 1.045 in grams per cm’;
c = specific heat of the fluid (blood) = 0.87
calories per gram per degree Celsius); and
15 y(t) = outflow temperature signal in degrees Celsius.

The assumption of conservation of heat in the steady-

state means that Heat_in = Heat_out, or:

N-Tc ' N-Tc
k" [ x(t)dt =F- [ y(t)dt  Equation 4
o] 0

where K'= k,/(k;-d-c) is a conversion constant with

units of degrees Celsius per Watt times liters per minute.

20 For blood, with the given units, K' = 0.0158. Note that a
similar relationship can be derived in a known manner for

any periodic power signal, for example, the multi-sinusoid
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input signal described in the Newbower patent, and the
spread-spectrum input signals described in the Dixon et al.
patent.

Now the assumption that the system is linear and time
invariant (LTIS) means that the output y(t) is equal to the
convolution of the input x(t) and the impulse response of
the channel. As is well known, the impulse response
function of a system describes the way in which the system
responds over time to an instantaneous application of a
unit of energy. As a simplified example, imagine that one
were to strike a bell with a hammer with some unit of
energy. The ringing of the bell (which lasts much longer
-- theoretically, infinitely longer -- than the strike)
would correspond to the bell's impulse response. If the
bell were a perfect LTIS, then the frequencies of the
ringing and their relative duration would perfectly
characterize the bell itself.

In the context of the invention,

NTc

y(t) = de- f h(s)-x(t-s)ds Equation 5
[¢]

where h(s) is the impulse response function of the
channel and dc is the zero-frequency gain of the LTIS.

Therefore, {Equation 6):

NTc NTe NTc
K [ x(t)dt =P- [ dc* { h(s) x(t-s)dsdt
'[ '(( ‘[

N-Te N-Tc-s
F-dc- | ds*his)* x{t) dt
Fasnior "]
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Integration over one PRBS cycle yields the same number

independent of the starting point, so that

{Equation 7):
NTC~s NTe
[ xttrae = [x(e) ae - BISNL)
-8 0 N

This factor is common to both sides of Equation &6 and

can therefore be factored out, leaving:

Ntc
K/ = £-de- fh(s)-ds
o

But since the integral over h(s) is unity, then

/
F =.§: Egquation 8

which yields the desired relationship between the
volumetric flow F {the CCO estimate) in liters per minute
and the channel's LTIS direct-current gain, dc, in degrees
Celsius pexr Watt.

The LTIS gain, dc, is the zero-frequency value of the
channel's fréquency response transfer function, Hxy(w),

which is defined as:

Y{w)

A 3T
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In the context of the inwvention,

N-Tc
y(t) = dc-fh(s)'x(t-s)ds Equation 5
0

where h(s) is the impulse response function of the
channel and dc is the zero-frequency gain of the LTIS.
Therefore, (Equation 6):

NTc NTc
F-f dc-fh(s)~x(t-s)dsdt
() 0

NTc
X’ [ x(t) at
I

N-rc ] NTc-s
Fede: | ds*h{s)- x({t) dt
[asnier"]

5 Integration over one PRBS cycle yields the same number
independent of the starting point, so that

{Equation 7):

NTC-8 . NTc
t)adat = dt =
fx( {x(t) t

P-Tc- (N-1)
N
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This factor is common to both sides of Equation 6 and can
therefore be factored out, leaving:

Nte

K' = £-de- fh(s)-ds
0

But since the integral over h(s) is unity, then

KI
F =-EE Equation 8

which yields the desired relationship between the
5 wvolumetric flow F (the CCO estimate) in liters per minute and

the channel's LTIS direct-current gain, dc, in degrees Celsius
per Watt.

The LTIS gain, dc, is the zero-frequency value of the

channel's frequency response transfer function, Hxy(w}, which
10 is defined as:

Y{w)

Hxy () = Xio]

where Y{(w) and X(w) are the Fourier transforms of y(t)
~and x{(t), respectively, that is:

Y{w) = Fly(t)] =fy(t)-e"i°=’ at
0

X(w) = Flx(t})] =fx(t).el-jm:)dt
0

where w= frequency in radians per second and j = /-1
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Y{w) = dc - Hiw) - X(w) where:

- N-Tc
H(w} = fh(t)-e"j'“’ at = fh(t).e(-jat) de
° ) .

Solving for the LTIS transfer function Hxy{w) provides:

Hxy({o) = o - dc H(n) Equation 9

Setting w=0 {(zero frequency) and recognizing that EH(0)=1
identifies the LTIS gain parameter dc as the zero-frequency
value of the system transfer function, that is, dc = Hxy(0).

This also gives one way of computing the system transferxr
function Hxy: sample the wave forms x(t) and y(t), then
compute the discrete Fourier transform of each of the wave
form using any known method to provide X(w) and Y(w),
respectively, then do point-by-point division of these
functions to give Hxy.

In the preferred embodiment of the invention, Hxy{w)is
determined as follows. First, x(t) and y(t) are individually
cross-correlated with an ideal, zero-mean PRBS to produce the
respective cross-correlation wave forms Cxx and Cxy. It can
then be shown that:

= Sxyle)
Hxy (@) (o)
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where:

Sxx{w) FlCxx(s)]

Sxy({w) FlCxy(s)]

s is cross-correlation lag in seconds; and
# indicates Fourier transformation.

In this method, the number of elements in the computed
Cxx and Cxy vectors is equal to the number of samples in one
period (PRBS cycle) of the x and y data waveforms. This
number, the samples per run (SPR) is:

SPR = N * Tc * Fs

where
N = the number of states in the PRBS
Tc = time duration of each state in seconds; and
Ps = the number of samples per second, that is, the

sampling rate.

Por typical values such as N=15, Fs=10, and 2 < Tc < 4,
then SPR ranges from 300 to 600. In systems such as McKown's,
Tc is adjusted in increments of 0.1 seconds in order to
improve system performance by avoiding frequencies that
contain large noise components.

Figures 3(a)-(d) show standard Bode plots of Sxx and Sxy
in one actual test. Note that Sxx is essentially zero-phase.
Figures 4(a),(b) show the corresponding Bode plot of the
measured transfer function Hxy, which was computed as the
ratio of Sxy and Sxx.

In practice, the inventors have determined that it is
sufficient to measure Hxy only at the frequencies where X(w)
has significant power, that is, at the most dominant

frequencies of the heat input signal x(t). For a PRBS input
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these are the lower harmonic frequencies located at ®, =

n/(N*Tc) for n = 1, 2, ... m. In tests the inventors have

found m=10 to be sufficient, but more or fewer than ten
frequencies may be inclﬁded; the actual number may be
determined using conventional simulation and experimentation.
By way of example only, it is assumed that m=10 below.

This means that the transfer function Hxy can be
adequately determined by only m complex numbers (each of the
frequencies is complex) Hxy(w,), which categorize the
relationship between the power signal x and the temperature
signal vy. This represents a great computational saving
compared with the 300-600 complex numbers required just to
represent each of the functions Cxx and Cxy.

Characterizing the input-output relétionship based on the
transfer function Hxy rather than on the area under the cross-
correlation curve Cxy has at least the following advantages:

1) Efficiency of representation: only ten complex
numbers are required instead of the 300-600 (or whatever SPR
is for a given application) for Cxy.

2) Noise whitening: the noise is often almost
uncorxrelated between the elements of Hxy but is highly
correlated between the elements of Cxy.

3) Baseline subtraction: using the transfer function
inherently avoids the problem of estimating the baseline of
Cxy, which is difficult in the presence of such low-frequency
noise as is normally found in the cardiac environment.

4) Efficiency of mathematical modelling and analysis:

the transfer function approach allows a simple Fourier
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transform representation of the préferred LTIS model for
indicator dilution. This has the added advantage that it
allows the use of particularly robust routines for estimating
the parameters of the chosen model.

As Equation 9 and its development imply, if the uﬁity
gain transfer function H(®) or the impulse response h(t) wei‘_e
known, then each single one of the ten respective complex
numbers would be sufficient to provide an estimate of the
steady-state gain, dc, as follows:

Hxy (0.}

dc‘n) = —mT
n

forn=1, 2,...,10

Each estimate of dc would then pfovide an associated
estimate of cardiac output by dividing dc into K', according
to Equation 8. The problem is that before one can get to this
point, one must have some idea of the shape of the indicator
dilution curves which, given the LTIS assumption, determine
both h(t) and H(w). |

In the context of estimating cardiac output, the "lagged
normal model® described by Bassingthwaighte, et al. in
"Application of Lagged Normal Density Curve as a Mcdel for
Arterial Dilution Curves,® Circulation Research, wvol. 18,
1966, has proven to be particularly accurate and useful, and
it is therefore the preferred model for cardiac output
according to the invention. In this discussion, the lagged
normal model is defined as an LTIS whose impulse response is
the convolution of a unity-area Gaussian (normal distribution)

function and a unity-area decaying exponential. The Gaussian
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has two parameters: the mean y and the standard deviation o.

The exponential has one parameter: the time-decay parameter t.

The unity-gain, lagged-normai transfer function H_ln at each

frequency w thus depends on p, 6, and T as follows:

H_ln{wjn,o,t) =

e (-irom-(w0)?/2)
Equation 10

(L+jw-T)

.The physical meaning of these parameters is:

n:

a pure time delay that represents translational
flow;

a measure of random dispersion

a time constant associated with mixing in a
distribution volume, which, in this example, is the
blood vessel.

The units of p, ¢, and T are time (seconds).

If p, 0, and © were known, then each of the ten complex

measured numbers Hxy(w,)would individually provide an estimate

15 of cardiac output (CO) according to:

20

CO{(n) =

K"H, (0,)

—_———. forn=1 to 10 Equation 11
Hxy (o))

In order to apply this relationship, however, one must

first determine not only what the values of u, 0, and T should

be, but also how the ten cardiac output estimates should be

combined.

One should note that the cardiac output does not depend
on the shape of h(t), H(w), or Hxy(w), but only on the LTIS

zero-frequency gain, dc. Since the experimental transfer
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function Hxy is measured at ten frequencies w, that are not
zero, however, it is also necessary to estimate the unity gain
transfer function H(w,) in order to extrapolate the measured
Hxy(w) to zero frequency. Assuming the lagged normal model,
this means that one must estimate the "shape" parameters u, o,
and T in order to estimate the gain parameter dc.

The first step in estimating p, 0, and t is to measure
the power-to-temperature frequency domain transfer function
Hxy(w,), at its first ten harmonics. The second step is then
to analyze these measurements with the aid of the theoretical
lagged normal model for the transfer function data.

Let X = [de, n, 0, t] be the vector of parameters to be
estimated. Then:

Hxy_In(w| X) = dc * H_ln(w| n, o0, 1)

The next step is to estimate the state wvector X such that
Hxy_ln(w,| X) describes all ten Hxy(w, measurements optimally
in some sense. The definition of what is "optimal" is a
matter of design choice, but the preferred definition
according to the invention is that the sum of the squared
error is minimized; this choice makes possible the use of
particularly advantageous estimation routines, as is described
below. -

Figures 5(a),(b) illustrate how well the transfer
function data (plotted as data points) of Figures 4(a), (b) can
be fit using the lagged normal model Hxy_ln(w| X). 1In this
actual test, the system. defined as the patient's catheter,
right heart, and pulmonary artery was well characterized by
the parameter vector X={dc,n.0,7] = [0.0040 C°, 2.4 s, 0.6 s,
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4.0 s]. PFor these wvalues, the estimate of the patient's
cardiac output is then 0.0158/0.0040 = 3.9 1l/min. The manner
in which the parameters are determined is described below.

A useful analytical form of the unity gain impulse

response for the lagged normal model is:

h_ln(tlpn,o,t} = (Equation 12)
( -(t-u) _.i) ( t-u-tozl':)) ( u-(a’/r))
1 e\ 7 20 )erf\” o2 + erf\ °v?
21Fs

where erf() is the known error function and t is time in
seconds.

This expression for h_ln allows the lagged normal model
to be readily evaluated based on cross-correlation as well as
in the frequency domain. Once again, assuming the system is an
LTIS, it can be shown that:

Cxy_model(X) = dc - h_1ln(t,n,o0,7)® Cxx

where ® denotes convo_lution. Tests by the inventors have
shown very close agreement between the modelled cross-
correlation functior_i Cxy_model and measured Cxy data for the
same patient and lagged normal parameters as in Figures
5(a), (b).

~ The inventors have also found empirically that the
dispersion parameter o is often poorly determined from the
observed Cxy or Hxy data. Iﬁ clinical tests for which the
signal~to-noise-ratio (SNR) was high enough to determine o,

the inventors found that 0 was linearly related to t. For
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other patients, the linear relatiotiship ¢ = a-t+b can be
established and quantified using known methods. In one test
of 100 patients, the inventors observed the relationship ¢ =
0.261-0.5; this result was alsc in qualitative agreement with
the findings of Bassingthwaighte, et al.

If one assumes a linear relationship between © and o,
then one need only estimate one parameter in order to have
estimated both. In the preferred embodiment of the invention,
the processor estimates T because it is associated with the
corner freguency of the transfer function. (It is also
possible to estimate ¢ and then compute T, although t is the
more clearly identifiable feature of the transfer function.)
It is then possible to reduce the lagged normal parameter
vector X by one parameter, so that X={[dc,u,t].

The problem then remains to estimate this parameter or
"state" wvector X. According to the invention, two
complimentary estimation routines are used: SNR-dependent,
local, signal-averaging estimation in the local estimator 112;
and trend estimation based on "raw," that is, unaveraged,
transfer function observations. Note that an accurate estimate
of X is all that is needed, along with the assumptions stated
above (such as LTIS), to generate an estimate of the dc gain,
and thus of the cardiac output.

As is stated above, the lagged normal model, which is
characterized by the parameter vector X=[dc,u,0,t], has proven
to describe the transfer function for cardiac flow very well.
Assuming conservation of heat and that the channe‘I is an LTIS,

however, the invention may be used with any other suitable
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model of the cardiac transfer fufiction that can be

characterized by a parameter vector X.

Local Estimation

The problem of accurately estimating X is equivalent to
the problem of finding a lagged normal transfer function model
Hxy In{w,| X) that approximates the observed, measured
transfer function in some predetermined sense. The difference
between the modelled and the measured transfer functions can
be quantified by a cost function, whose values depend on the
choice of X. 1In the preferred embodiment of the invention,
the local estimator 118 evaluates and minimizes the following
cost function Hxy_cost(X):

(Equation 13)
Hxy_cost(X) = g [Hxy_SAE (o |X) *W{wo )]

where

Hxy_SAE(w | X) = | [Hxy_avg(w,) -Hxy_ln{ae_| X) |?

is the sguared absolute error (SAE) of the average
measured transfer function Hxy_avg(w,)relative to the lagged
normal transfer function model Hxy_ln(w,| X) at the PRBS
harmonic frequencies w, given the state vector X=[dc.n,t] (if
reduced) . Each squared absolute error value is preferably
weighted with the weights W(w,); this is the same as forming

the weighted least-squares approximation.
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Notice that the measured transfer function values
_avg(w,) are preferably averaged. The preferred method of
averaging is described below.
Although the weights W(w,) may be chosen using normal
simulation and experimentation, they are preferably set as

follows:

Sxx(con)

Wiw) = _R_ny(mn)

where Sxx(w,) is the heater element power at w, and R_Hxy(w,)
is the statistical variance of Hxy(w,). The heater element
power can be determined beforehand at any given frequency
using standard methods of measurement and analysis.

To obtain R_Hxy(w,) . one should first note it is also the
observation noise power, which is discussed in more detail
below. This value may be obtained from the "raw" data using
the trend estimator. (It is the n'th diagonal element of an
observation noise covariance matrix, which is described
below.) The advantages and other properties of the preferred
cost function, shown above, are discussed in the well-known
text, System Identification for the User, Lennart Ljung, pp.
173-75, Prentice Hall, 1987.

The value of the three-element vector X that minimizes
the cost function Hxy cost(X) for the complex transfer
function measured at ten frequencies w, may then be used
directly to calculate dc and thus CO. Minimizing Equation 13
over X for ten frequencies involves a non-linear least-squares

minimization, and there are several well-known methods for
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performing this optimization. Examplé%'of such methods are
the many gradient descent methods, including Newton-Raphson-
type routines. Because of guaranteed convergence, the method
preferred in the invention is the Nelder-Mead simplex routine,
which is a well-established numerical method for searching a
parameter space to minimize a function of the parameters.

The simplex routine is non-recﬁrsive. It provides a
parameter vector X that best fits the lagged normal model to
the measured data without needing any previous estimate of X.
It can thus rapidly produce a value of cardiac output. On the
other hand, the accuracy of this rapid value depends on how
noise-free the measurement data Hxy_avg is. Since the raw
data Hxy is typically very noisy, the measured values should
preferably be averaged to at least reduce the impact of noise
before they are used in the simplex routine to generate CO
values.

According to the invention, the input to the simplex
routine is preferably a weighted average Hxy avg of a
predetermined number N_t of the most recent transfer function
measurements Hxy. Because the transfer function includes
phase as well as amplitude information, the signal averaging
preferably uses a weighting function that is inversely
proportional to the square root of the noise power.
Similarly, a weighted average of the measured cross-
correlation values Cxy_avg is computed. Thus:

Nt H N= C
Hxy_avg = 3,

m=1 J\T‘ m=1 \)m
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where v, is the noise power fbr the m'th measured
transfer function. The preferred way in which noise power is
computed is described below.

One advantage of the local estimator is that it is self-
initializing: a CO value can be determined from a single Hxy
measurement. Yet another clear advantage is that it provides
estimates quickly, and is thus well suited for use in the
"stat mode." Still another advantage is that the 1local
estimator is always stable: no combination of measured
transfer function wvalues Hxy can cause the estimator to
diverge and fail, since even an extremely noisy or erroneous
value will "disappear" completely from all calculations in the
time it takes to input the number of measured transfer
function values used in the average (which may be only one
value} .

One drawback of the local estimator, however, is that the
local CO estimates are noise-dependent. The local estimator
takes values as they are presented, noise and all, and the
best that the local estimator can do to counteract noise is to
apply weighted averaging in order to reduce its effect.
Weighting helps, of course, but in order to weight the average
in some useful way, one must have an estimate of noise power.
The preferred method of calculating the noise power estimate
is described below.

Another shortcoming of the local estimator is that it is
not self-verifying: it gives no indication of whether the
currently calculated CO value "makes sense” in the light of

previous values, since it does not consider any trends.
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Unless averaging is included, it coﬂﬁéins no "memory, " and if

averaging is ihcluded, then its memory is still short-term.

Trend estimation
One way to increase the "memory” of an estimator is

simply to include in the estimation many more previous values
of Hxy, with appropriatély chosen weights for averaging. In
other words, one may implement the trend estimator 120 using
a known non-recursive block-averaging filter or an FIR (finite
impulse response) filter that uses enough previous values of
Hxy. Conventional experimentation and design technigues must
then be applied to choose the filter coefficients to reduce
the effect of expected noise and to provide a CO value that
has been averaged in a way that experiments show to be
sufficiently useful as an indication of a CO trend. If such
an FIR implementation is chosen for the trend estimator, then
it should include at least two times as many previous values
of Hxy as are used in the weighted averaging for the local
estimator, and preferably four times as many, in order to
reduce even further the effect of noise.

At the cost of potential instability, an infinite impulse
response (IIR) filter may also be used to implement the trend
estimator. Conventional techniques may be used to select its
coefficients. One of several problems with such FIR and IIR
arrangements is that they, too, provide no indication of
noise; rather, they assume that one has taken anticipated
noise frequencies into account when selecting their

coefficients.
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According to the invention, the E%énd estimator 120 is
preferably a recursive estimator. One example is a known
recursive LQ least-squares estimator. The preferred
implementation of the trend estimator according to the
invention is, however, a Kalman filter.

There are several advantages to a Kalman filter
implementation, which include: 1) a Kalman filter does not
require pre-input signal averaging -- the Kalman filter can
thus operate directly on "raw," noisy data; 2) the Kalman
filter estimates noise, and adjusts its gain "automatically"
as noise increases -- as long as certain general assumptions
about the distribution of the noise power are satisfied, the
user does not need to "know" what the noise is in the channel
in order to reduce its effect; 3) using certain modifications
according to this invention, the length of the Kalman filter's
exponentially decaying memory can be adjusted depending on the
noise in order to allow an adjustable trade-off between the
speed {(responsiveness) and accuracy of the estimate of the CO
trend; and 4) the local estimate can be used to offset the
effects of the possibility that the Kalman filter will diverge
for a patient with a high SNR. The general structure of the
Kalman filter, its use and advantages are described more fully
below. PFor a fuller description of the theory and properties
of classical Kalman filters one may consult any of a large
number of known texts, such as Applied Optimal Estimation,
Arthur Gelb, TASC, M.I.T. Press, 1989.

Given the sequence of transfer function measurements Hxy

for the assumed LTIS, which is defined by the input power
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signal x(t) and the output temperature signal y(t), the trend
estimator recursively estimates the parameter vector
X=[de,n,t], which in turn defines the transfer function
Hxy_ln(w|X) of the lagged normal model of Hxy. This allows
the system's direct current gain, dc, and thus the cardiac
output, to be estimated from what are essentially alternating
current electrical measurements.

The problem of determining X can be stated in terms of a
discreet time system model equation and an associated
measurement model equation. Time will be expressed in units,
such that time t=(n+l) is one time unit after time t=n. The
time unit in the following equations is the time between
generation of two successive measurements of the Hxy of the
transfer function. _

X{n) = X(n-1) + X_rw {system model)

Hxy = Hxy_ln(X(n)) + H_on (measurement model)
where:

X(n) is the present value of the state (parameter} vector
[dc,n,T)";

X(n-1) is the most recent previously determined value of;

X rw is a 3-element vector defining a random walk for X;

Hxy is the most recently observed transfer function;

Hxy In(X(n)) is the transfer function of the lagged
normal model using the present value of X; and

H_on is the present transfer function of observation

noise.
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For m=10, Hxy, BExy_In(X) and@ Huon are 10xli complex
vectors with an element for each of the first ten PRBS
harmonics.

The system model according to the invention introduces
the random walk term X_rw into the model. This term viclates
the assumption that the system is linear and time—invariént
(LTIS) and is not necessary to the invention; it is useful,
however, for controlling the responsiveness of the CCO
estimation zroutine according to the invention and its
inclusion is therefore preferred. The LTIS assumption can be
interpreted as requiring the variance of the elements of X_rw
to be kept so small that the system changes at most slowly.

The system model used in the invention involves a time-
domain estimation of frequency-domain parameters. Classical
Kalman filter theory provides a well-motivated approach .to
time-domain recursive estimation provided that the system and
measurement model equations are linearly related to all
elements of the state vector; the observation noise is
stationary; and the observation noise obeys uncorrelated
Gaussian statistics. 1If theée conditions apply, then the
Kalman filter can be shown to provide optimal estimates of the
parameters in the state vectors in the sense of giving the
minimum mean-squared error (MMSE). None of these three
conditions apply strictly in the preferred embodiment of the

invention, but the problems that may arise because of the

"differences are addressed according to the invention in such

a way that the trend estimator can still be implemented using

Kalman filtering techniques to give accurate estimates.
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First, an extended Kalman filter is used in the invention
in order to deal with the problem of parameter non-linearity.
Second, the problem of non—si:ationary observation noise is
dealt with by making the Kalman filter control parameters and
the estimates of the noise covariance-adaptive. Third, a
"Gaussian editor* is included in the preferred embodiment of
the invention in order to adjust for the observation noise not
having a Gaussian 'amplitude distribution. These extensions
and modifications of the trend estimator are discussed below.

Observe that the lagged normal transfer function
measurement model Hxy_ In(w|X) is linear with respect to the dc
parameter but is non-linear with respect to p and t. It has,
however, continuous derivatives with respect to all three
parameters, which is required theoretically in oxrder to use an
extended Kalman filter. This is. established in such standard
texts as Applied Optimal Estimation, which is referenced to
above.

The following Kalman filtering equations define the
first-order extended Kalman filter according to the invention

for the system and measurement model equations given above:

Kalman gain matrix:

L = SIGMA ¢ dHAX' e+ [dHAX*SIGMAsdHAX' + R_Hxy]™?

State vector update:

X(n) = X{n-1) + Re{L * [Hxy - Hxy 1ln(X(n-1))1}
Note that [Hxy - Hxy_Iln(X(n-1))] is the error between the

actually observed and predicted wvalues of the transfer
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function. The initial value f£6f X, that is, X{0), is
preferably set to the first value of X calculated by the local
estimator. In practice, the first three values of X are
preferably set egual to the values determined by the local
estimator, since at least three values for Hxy are preferred
to be available before the trend estimator calculates the

variance estimate R_HXy.

Covariance matrix update:

SIGMA (n) = SIGMA(n-1) - Re{L*dAHAX*SIGMA(n-1)}

To form a starting value for SIGMA, the system set the
i'th diagonal element of SIGMA (off-diagonal elementes are set
to zero) to (o_init-X,(i))*? where o_init is an experimentally
determined, preset initial stahdard deviation factor (in one
prototype, o_init = 0.15) and X, is the first estimate of X =
{de,n,t] calculated by the self-starting local estimator. At
each iteration, the covariance matrix is extrapolated
according to the following preferred covariance matrix
extrapolation:

SIGMA is set to £-SIGMA + Q

In these expressions,

¢ indicates vector/matrix multiplication:

' denotes vector/matrix (conjugate) transposition;
Re{.} indicates the real part of the argument;
SIGMA is the real 3x3 error covariance matrix for X;

L is the complex 3x10 Kalman gain matrix;
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R_Hxy is the 10x10 real diagonal, noise variance matrix
for Hxy, which may be calculated using any conventional
routine based on a predetermined number of previous values of
Bxy;

dHdX is the complex 10x3 derivative (Jacobian) of
Hxy_ln(w|X) with respect to X;

f is a real fading-memory scalar (f>1); and

Q is a real 3x3 random walk covariance matrix.

Remaining terms are defined above. These terms and their

.effect on the estimation routine are known in the art.

These filter equations are implemented in the processing
system and recursively estimate both the state vector X and
the state vector covariance SIGMA. In this context, the term
"update" refers to the portion of the recursive estimation
cycle that is based on a new observation, whereas the term
"extrapolation” refers to the portion between observations.

Between observation, it is assumed that the expected
value of X remains constant. This is consistent with both the
LTIS assumption and the random walk modelling construct, since
the expected value of any element of the random walk wvector
X_rw is zero.-

The frequency dependency of the Kalman filtering
equations is implicit: The experimentally observed transfer
function Hxy and the lagged normal transfer function model
Hxy_1n(X) both consist of ten complex numbers, one for each of
the first ten harmonics of the PRBS power signal. Each

element is thus given as:
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element{ny} = Hxy(w,) = observed transfer function at
w,; and
element{Hxy_1n(X)} = Hxy ln(w,X) = model transfer
function at w, = 2%n-n-(Fs-SPR) for n=1 to 10, where, as

before, Fs is the number of samples per second and SPR is the
number of samples per PRBS run.

The derivative matrix dHAX consists of three columns
defined by the derivative of Hxy In(®,X) with respect to each
of the elements of X and ten rows for the wvalue of each
derivative at the ten values of w,. The n'th row of dHAX is
therefore given by:

1 . -je,

Teie,) Y-t

As the state vector update equation shows, the system
decides how much X has changed from one observation to another
based on two factors: the Kalman gain matrix L, and the
difference between what the system just measured the transfer
function to be (Hxy) and what it was ‘“expected” to be
according to the lagged normal model Hxy_ln(X). In other
words, the more the'model deviates from "reality," the farther
off the system assumes its estimated X to be, and the more it
is changed. The gain matrix determines how much weight each
deviation is given. If the gain is zero, or the model agrees
exactly with the observation, then the system continues to

assume that the most recent estimate of X is the best.
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The error covariance matrix update is less intuitive in

that it contains two modelling constructs -- £ and Q -~ that

govern the gain of the Kalman filter, which in turn governs
the responsiveness of the CCO estimate to changes in cardiac
output.

The scalar fading memory parameter £ is defined as
f = exp(1/N_fade), where N_fade is a positive integer that
represents a number of PRBS runs. N_fade may be predetermined
by experiment and preset in the system, but it is preferred
that it be adjustable based on the block size of the local
estimator and an estimated signal-to-noise ratio; this is
described in greater detail below. Inclusion of the term
N_fade forces the recursive estimation process to
exponentially "forget" data in the past, that 1is, it
determines how quickly the contribution of a given observation
to influence the calculations will decrease. .

The random walk covariance matrix Q is a real 3x3
diagonal matrix, whose diagonal elements represent the
variance of the elements of the random walk vector X rw. The
variance of such random variables is easily computed using
known techniques. The system generates the random walk wvector
itself, as is described below.

- As the Kalman gain equations show, for high noise (large
R_Hxy) the gain L increases as SIGMA increases. As N_fade is
decreased or the diagonal elements of Q are increased, the
Kalman again will increase and the system will become more

responsive to changes in the observed transfer function Hxy.
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Unlike the local estimator, tHé trend estimator, when
implemented using an extended Kalman filter, does not require
pre-processing signal averaging; rather, the Kalman filter
directly inputs the noisy, "raw"™ HXy measurements. If the
noise is high, then the Ralman gain is reduced by an increase
in the locally measured observation covariance matrix R_Hxy.
Furthermore, increasing N_fade when the signal-to-noise ratio
{SNR) is low wiil increase the exponential memory of the trend
estimator -- the less the noise is, the greater the influence
of past values is allowed to be in determining the trend.
Thus, as noise increases, the gain is reduced and the
exponential integration is increased.

Together, R_Hxy and N_fade create an adaptive Kalman
filter that provides an accurate but slowly responding
estimation of the trend of CCO for low SNR and a faster
estimation of CCO for higher SNR. By changing N_fade one can
thus adjust the trade-off between speed and accuracy. The
local estimator, however, can be forced to consider only local
averaged data, which guarantees acceptable responsiveness at _
the expense of accuracy.

Note that the trend estimator periodically inputs Hxy,
which it processes based on an assumption that the cardiac
output is substantially described as an LTIS. A new transfer
function measurement is available only once per PRBS run of
time data. The dual-estimation method according to the
invention is therefore highly undersampled when compared to a

traditional time-domain Kalman filter.
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Because of the undersampling, if a patient with a high
SNR experience a large change in cardiac output between
measurements of the transfer function Hxy then it is possible
for the trend estimator's model to diverge completely from the
observed data. At low SNR, the filter gain is lower, the
integration time is greater, and the filter tends to track the
data slowly. One advantage of the invention is that
divergence of the trend estimator can be detected by comparing
its results with those of the local estimator. The Kalman
trend estimator, on the other hand, "helps*” the 1local
estimator by generating the value R_Hxy{w,), which the local
estimator uses to determine weights in its cost function
(Equation 13).

The three-parameter local estimator described above will
inherently track high~SNR data. At low SNR, however, it is
preferred to use a two-parameter model in which t is
controlled by the Kalman trend estimator since there may still
be too much noise in the averaged data for the local estimator
to accurately estimate 7. The Hxy ln(X) model is such that
the estimation errors for dc and t are highly correlated. If
© is underestimated then dc will be overestimated and vice
versa. By letting t be controlled by the trend estimator,
which automatically extends its integration time for noisy
data, the ability of the local estimator to estimate dc (and

thus CCO) is improved.

Experience has indicated that the ability of either or

both of the estimators to accurately estimate CCO may be
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significantly affected by any of #&veral noise sources or
characteristics. These include: non-stationary, highly
correlated noise commonly associated with temperature noise in
the pulmonary artery; respiratory temperature noise; noise
caused by a drug bolus; noise caused by surgical procedures;
electronic noise caused by bad connections; electromagnetic
interference (EMI) from modern surgical instruments; coughing
by the patient; and spontanecusly (not on a ventilator) and
irregularly breathing patients.

The invention therefore provides two different types of
noise rejection: 1) signal conditioning; and 2) PRBS run
editing. The signal conditioning procedure according to the
invention minimizes the effects of low-frequency noise and
sample outliers. To remove the low-fregquency noise, a run-
length moving average filter is preferably used. To remove
outliers, the invention includes a noise editor, which detects
and removes measurexnent§ that statistically cannot be wvalid
temperature signals. _

In PRBS run editing, the processor determines that no
useful information can be extracted from the current PRSB
block of temperature data. It then "intercepts” and discards
this data so that it cannot corrupt the local and trend
estimates. For example, a poor cable connection typically
shows up as a triangular feature in the Cxy data. When this
condition is detected, the associated Hxy data is not
processed. As an additional feature of run editing according
to the invention, if any of the elements of the state vector

X suddenly undergoes a large excursion from what would be
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expected with Gaussian noise, then the processor indicates a
"Gaussian edit" condition which prevents the Kalman trend

estimator from updating its state wvector X.

‘Low-fr ne i 1 itioni

Figure 6 illustrates the temperature noise power spectrum
for a typical patient on a ventilator. Two main features of
the noise are: 1) the large increase in noise power at the
lower frequencies; and 2) the first two harmonics of the
ventilator noise at about f= 0.15 Hz and £=0.3 Hz.

The powerful noise below about £=0.05 Hz is particularly
problematic since the cardiac output estimate is based on an
estimate of the =zero-frequency gain being divided into a
constant. In order to eliminate or at least lessen the
interference caused by the harmonics, the invention preferably
adjusts the PRBS pulse duration Tc in the manner described in
U.S. Patent 5,146,414 (McKown) so that the PRBS harmonics fall
to either side of the ventilator's fundamental frequency (and
thus its harmonics). Since this procedure is known, it is not
described further below.

The low-frequency signal-conditioning method according to
the invention takes advantage of the periodicity of the PRBS
signal to remove noise trends. Provided that the cardiac
output is substantially constant, the PRBS signal component in
the temperature data sums to a constant over any time interval
that is equal to the length of the PRBS sequence, regardless
of when during the PRBS cycle one begins to sum. The

invention therefore includes a trend-removal filter, which is
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preferably a moving average filter whose length is the same as
that of the PRBS run. The factors that determine this length
are explained above.

Figure 7 1is a block diagram that illustrates the

- preferred structure of the trend-removing, moving average

filter used to remove low-frequency noise from the temperature

data from the thermistor. The terms in Figure 7 are as
follows:
SPR = the number of samples per PRBS run;

z-l.

the conventional backward time-shift operator, so
that z?[y_maf_in{n)] = [y_maf_in(n-1)], which is simply the
most recent previous value of the measured blocod temperature;
yv_maf_in = y_maf_in(t) is the "raw" temperature data as
measured by the thermistor in the pulmonary artery. It
represents the input data to the moving average filter.

y_ma = yma{t) is a normalized output signal from the
moving average filter. Normalization is by multiplication by
1/SNR.

v.maf_out = y maf _out(t) is the zero-mean temperature
data with the noise "drift" removed, that is, the output from
the moving average filter shown in Figure 7.

As the figure shows, the current and {(SPR-1) most recent
previocous values of the temperature signal are arithmetically
averaged. (A total of SPR values are averaged). The SPR
average is then normalized by division by SPR (multiplication
by 1/SPR). This normalized average y_ma is then subtracted
from the temperature value obtained SPR/2 samples ago, the

result being y _maf_out.
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To understand the benefit of the ﬁioving average filter,
notice that a moving average filter of the type shown in
Figure 7 has a Fourier transform of the form sinc(x) =
sin(x) /x, which is centered at zero frequency. The preferred
filter is thus the well-known ‘“boxcar" filter, which is
described in many standard texts on digital signal processif;g,
such as Oppenheim and Schafer's book Digital Signal
Processing, Prentice Hall, 1975. Since the width of the filter
is SPR samples, the filter has zeros spaced ¥s/SPR Hz apart, -
where Fs is the sample frequency. Note that Fs/SPR Hz is also
the frequency of the first harmonic of the PRBS signal, and
that the filter thus has zeros at all of the harmonics of the
PRBS signal. In other words, the harmonics of the PRBS signal
-- which are, or at least should be -- the only ac signal
component in the input temperature signal y maf in, will be
filtered out. Therefore, no ac component remains in y_ma, and
the noise remaining in y_ma will be the input temperature

noise filtered by the sinc(x) spectrum of the filter.

The input signal delayed by SPR/2 samples, that is,
z /2 [y maf in(n)] contains three principal superimposed
components: the PRBS ac signal (which is used to compute
cross-correlations and the transfer function measurements
Hxy): the low-freguency input temperature noise; and a dc
component common to all the values of y_maf_in. In y_ma,
however, the PRBS ac signal is filtered out, leaving only the
low-frequency noise and a constant corresponding to the dc

component. Subtracting y_ma from y_maf_in(-SPR/2) thus leaves
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an output signal y_maf out in which the PRBS ac signal is
undistorted: it has zero mean and no drift. Figure 8(a) is a
plot of eleven PRBS runs of raw temperature data, y_maf_in,
before filtering using the moving average filter according to
the invention, and Figure 8(b) shows y_maf out, that is, the
result of filtering the raw temperature data. As the figure
shows, the general rising trend of y._maf_in is eliminated, so
that y_maf out is "ac-coupleqd,"” with zero mean.

It is well known to implement moving-average filters, and
any known implementation may be used according the invention.
For example, SPR memory positions or a shift register SPR
elements long may be used to store the SPR previous values of
v_.maf_in, which are then summed and shifted (actually, or
effectively, by address indexing) each sample period. As one
alternative, the known overlap-save fast Fourier transform
(FFT) convolution method may alsc be used.

Although only SPR values of y _maf in are required by the
moving average filter, as is explained below, (nRUNS_y)*SPR
values are preferably stored in a memory buffer y_mem for use
in signal editing procedures, for example, to reduce the
effects of electromagnetic interference. NnRUNS_yv is a
parameter that indicates how many runs of data are to be
stored. NnRUNS_yY should be large enough to allow an
approximation of the standard deviation of the temperature
values sufficient to identify spurious values. Tests have
shown that nRUNS_y should be at 1least £five, and, for

computational efficiency, seven.
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EMI Signal Conditioning

Blood-flow monitors such as the invention are often used
near powerful sources of electromagnetic interference (EMI)
such as certain electro-cauterizing equipment in an operating
room., This EMI can contaminate the temperature data and
reduce the quality of the CCO estimate.

According to the invention, data corrupted by EMI, or any

other powerful, substantially impulsive noise source, is

eliminated in two steps. Observe first that although y_mem

can be viewed as an (nRUNS_y)xSPR array, or as the
concatenation of nRUNS_y vectors, each with elements
1,...,S8ER.

In a first step, the standard deviation o_y of all the
(nRUNS_y) *SPR values in the memory buffer y_mem is calculated
in any known manner. A first edit threshold T..; = Deasr:°O_Y
is then set, where n,,,, is an experimentally or theoretically
predetermined parameter. All values in y_mem whose absolute
values are greater than T, are then set to a predetermined
outlier default value, which is preferably zero, since the
value is assumed to be so corrupted that it contains
insufficient information to determine a "replacement" value.
The remaining values form a working vector y_edit, which still
can be partitioned into nRUNS_y sets of SPR run values.
Furthermore, for every valué that is identified as an outlier,
the corresponding element in an edited-data identification
vector y_keep is set to zero; other elements of y_keep are set

to one.



WO 97/15230 PCT/US96/17154

10

15

20

52

Let a "row" index r be the number of the run, r = 1, ...,
NRUNS_v, and a "colum® index s be the number of the sample in
a given run, s = 1, ..., SPR. Note that y_mem = y_mem(i',s)
and y_edit = y_edit(r,s) and recall that one or more of the
elements of y_edit(r,s) may have been forced to zero. For
each column, let k(s) be the number of non-zero elements in
the s'th column of y_edit, that is, the number of temperature
values that were less that T,,,, (that is, fell within T_,,, of
the zero mean of y_mem).

According to the invention, from each elemént y.mem(xr, s)
is subtracted the arithmetic average of all the non-zero
values in column s. The remaining wvalues form an array
y_noise, whose elements are residual values used to determine
the relative SNR of each run. The array y_noise is further

used to identify and eliminate statistical outliers so that

they are not included in the cross-correlation with the PRBS

reference signal to form Cxx and Cxy. y_noise is thus

calculated as follows:

"1
kis)

y_noise(r,s) = y_mem(r,s) - -Z:y_edit(s) for k(s) * O

1
. - — =0
y_mem(rx.s) oNS 2‘:y_mem(s) for ki(s)

After y noise has been computed, the variance {0?) of each of
the nRUNS_y sets of data in y _noise is computed in any known
manner. Recall that noise variance is egual to noise power.

The noise power values are then normalized by dividing each by
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the maximum. These normalized noisé power values are then
converted to decibels to form the signals SNR_run_dB.
A second edit threshold T.., is then formed as

Dggiea (0_hi_SNR), where n,,,., is an experimentally or
theoretically predetermined parameter and o_hi_SNR is the
average of the normalized power values that are greater than
an experimentally or theoretically predetermined cutoff value.
The values from the two most recent PRBS runs stored in y_mem
that are greater than the second edit threshold are then set
to zero and output as y_edit_o, which corresponds to y_mem,
but with statistical outliers having been edited out.
y_.-_edit_o thus is zero-mean temperature data with any trend and
statistical outliers removed. In this context, statistical

outliers are values that are likely to have occurred because

of disturbances such as EMI.

SNR estimation

Both of the estimators according to the invention use an
estimate of the signal-to-noise ratio (SNR) of the temperature
data, the local estimator in order to adjust the weights
W(w,), and the trend (preferably Kalman) estimator to
determine its gain adjustment.

As Figure 9 illustrates, the invention estimates SNR
preferably by performing two PRBS cycle-length discrete
Fourier transformations (DFT's). The processing system
computes a ten-element signal-plus-neoise spectrum Gyy_S at
each PRBS harmonic, and an ll-element noise-only spectrum

Gyy_N at each PRBS half harmonic.
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|¥s (@) ]2 ' n _ J¥n(e) |2
G_yyS(e) = sl ha  o_yyN(e) = LB I"
YYS(0) = ~pgs A0 CyWN(e) = S

where ¥s and Yn are DFT's of the two most recent PRBS runs of
temperature data, which are stored in the vector y_mem (see
above) .

_ Let y be the 2*SPR length vector of recent temperature
data. Then Y¥s({w) = yeWs, where ¢ is the dot product, the
elements of Ws = exp(-j-m-w/Fs)= e\ I™vF for sample index
m=0, ..., 2-(SPR-1}) and w=n-2n:Fs/SPR for n=1,...,10.
Similarly, Yn(w') = ysWn, the elements of Wn = exp(-j -m-w'/Fs)
and w'=(n-%) -2n-Fs/SPR for n=1,...,11.

Because the boxcar window size of the DFT's is 2-SFR,
they estimate the spectrum of the temperature data using a
filter that has zeros at multiples of the half frequencies of
the PRBS harmonics. The advantage of this is that there is no
PRBS signal "leakage" between the harmonics of ¥Ys and no PRBS
signal power in Y¥n. The ten elements of Gyy S therefore
represent the signal-plus-noise power in DFT bins centered on
the first ten PRBS harmonics and the 11 elements of Gyy N
represent the pure. noise power in DFT bins centered on the
first 11 PRBS half-harmonics.

Gyy.S and Gyy N allow the invention to estimate the
matched filter bandwidth SNR for the two PRBS runs of
temperature data, which are associated with each observed
transfer function:

' SNR = (£S-¥N)/(2-TN)
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where ZS and }N are the siifs of the elements of

Gyy_S and Gyy_N, respectively. To avoid sensitivity to

ventilator frequencies, the sums are preferably limited to the

first three PRBS harmonic elements for Gyy_S and the first
four for Gyy N.

Since this estimate of SNR is derived from the same two

PRBS runs of temperature data that provide the latest

measurement of the power-temperature transfer function Hxy, it

is a good signal strength parameter to use for local estimator

weighting and Kalman gain control.

Bolus noise run editing
An attending clinician often uses the injectate port of

the pulmonary artery to deliver drugs intravenously. These
injections are usually in the form of a 1-10cm® fluid bolus at
room temperature. It is also common to inject a saline
solution to flush the catheter lumens. In either case, the
thermistor detects the bolus as a large negative transient
(room temperature is much less than normal blocod temperature)
in the measured blood temperature. It is difficult simply to
filter out such bolus-induced signals, since they often have
a noise component that is 10-30 dB greater than the CCO
temperature signal, with substantially the same transfer
function shape. If such data is allowed to reach the
estimators, the resulting CCO estimates will be erroneocusly
low.

According to the invention, the system's processor

examines the measured temperature data in y_mem. If the
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difference between the maximum and the minimum temperatures
values (over all the runs stored in v mem) exceeds a
experimentally predetermined range threshold T,,.. then all
the data for the most recent run is either deleted or the run
is otherwise flagged as invalid so that it is not used in any

further calculations.

Transfer function measurement

As is described above, the invention preferably uses a
PRBS correlation technigque to measure a frequency-domain
power-to-temperature transfer function Hxy. The transfer
function Hxy measurements are obtained by cross-correlating an
ideal PRBS wave form and Fourier transforming the resulting
Cxx and Cxy correlation data.

See Figure 10. Let x_mem be the vector of the 2-SPR most
recent sensed input power values and let x_cor_0 be a zero-
mean SPR-length PRBS signal, which may be generated in any
known manner. First, x_cor_0 is correlated with the last two
runs of the zero-mean, outlier-edited temperature data y_edit,
that is, the PRBS signals; the result is an unnormalized
cross-~correlation value Cxy_un.

In order to properly normalize the PRBS correlation data,
x_cor_0 is then correlated with the vector y_keep, which, as
is described above, contains "ones*" only in elements
corresponding to values of temperature data not found to be
outliers. The result of this correlation is an SPR-length
vector N_prod, which contains the number of lag-products that

contribute to each lag of the correlation vector Cxy.
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Element-by-elément division of Cxy_ur produces a normalized
temperature cross-correlation vector Cxy for lags 0 to (SPR-
1). Note that if there are no outlier edits (all elements of
yv_keep are equal to one), then all elements of N_prod are
equal to SPR.

Similarly, x_cor_0 is correlated with the non-edited
power data x_mem, and is normalized by'division by SPR. The
result is the PRBS cross-correlation vector Cxx for lags 0 to
{SPR-1) .

The values Cxy and Cxx are then converted to the
frequency domain using Fourier transformation at the PRBS
harmonics. The respective results are Sxy and Sxx, which,
when divided element-by-element, provide the power-to-

temperature measured transfer function Hxy.

Transfer function noise estimation
As is described above, the preferred trend estimator (a

Kalman filter) uses R_Hxy, a 10x10 complex matrix containing
the noise covariance in the ten-element complex vector Hxy.
The more thermal noise there is in the pulmonary artery, the
larger the elements of R_Hxy will be. Although it is possible
to calculate all 100 elements of R_Hxy, the inventors have
discovered that better performance is obtained by calculating
only the diagonal elements of R_Hxy (the auto-correlation
elements). Not only does this simplification provide
consistency with the assumption of white noise in a Kalman

filter, but it also reduces computational complexity.
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The covariance matrix R_Hxy #AY be computed using the
well-known formula for statistical wvariance. Thus, a
predetermined number nHxy of measured transfer function wvalues
Hxy are stored in a memory buffer Hxy _mem. The number nHxy
may be chosen by experiment; in one prototype of the
invention, 15 values of nHxy were accumulated in Hxy_mem. The

k'th of the ten diagonal elements of R_Hxy is then computed as

follows:

1
_mean (k) = - _mem({k,n)
Hxy = Y Hxy

n=1

nHoey
1 2
R_Hxy (k) = ————" _mem{k,n) ~ _mean {k
eyl & B Hoey )]
for PRBS harmonics k=1,...,10

The values of R_Hxy may then further be smoothed using

known methods.

Responsiveness control

It is pointed out above that the responsiveness of the
Kalman trend estimator can be adjusted both by the fading
memory scalar £ and the random walk covariance matrix Q. In
particular, the covariance matrix SIGMA(n) is a function of
SIGMA(n-1) (see above), which is extrapolated according to the
relationship SICMA(extrapolated) = £*SIGMA + Q.

In the preferred embodiment of ‘the invention, f fades
exponentially, that is, f = e!™%#% yhere N_fade is chosen to

be the greater of the block size of the local estimator (the



WO 97/15230 PCT/US96/17154

10

15

20

25

59

number of PRBS runs it includes for calculating each estimate)
or the average (possibly smoothed) SNR of the block. The
fading memory constant therefore gets bigger, and the
influence of previous SIGMA values decays faster the larger or
noisier a block is. |

The random walk covariance matrix Q is 3x3 a-diagonal
matrix whose i'th element Q(i,i) = (X_frac * X(i)})? where
X_frac determines the standard deviation of the random walk in
terms of a fraction of the i'th state vector element X(i).
Until the trend estimator has received enough sequential run
data to generate recursive estimations, X_frac i; preferably
set proportional to a sigmoid function of the average SNR, for
example,

X_frac « (1+ 1/SNR_AB)™!, where SNR_AB is the average SNR
expressed in decibels.

After enough values of Hxy have been measured (usually,
three) for the trend estimator to begin iteration, then X_frac
is preferably set to an experimentally determined small
constant (to prevent too much excursion in the steady state);

in one test of the invention, X_frac was set to 0.02.

Non-Gaussian noise run editing

It is known that Kalman filters are optimal least-squares
estimators if the observation noise has a Gaussian amplitude
distribution and is uncorrelated between observations, that
is, it is so-called white Gaussian noise (WGN). It is also
known that if the observation noise if WGN then the error in

the Kalman filter's state vector estimate is also WGN.



WO 97/15230 PCT/USS6/17154

10

15

20

25

60

The température in the pulmonary artery if often
correlated from one PRBS run to the next and its amplitude
distribution is often non-Gaussian. The segquence of observed
transfer functions Hxy (which are linearly related to the
temperature signal y{t)) are therefore also correlated and
non—Gaussian.. These characteristics violate the statistical
assumptions that underlie Kalman filters and can lead to
significant estimation noise or bias.

According to the invention, the system examines
statistics of the elements of the state vector X and parameter
covariance matrix and determines if they satisfy Gaussian
amplitude distributions. If they do, then the Kalman filter
trend estimator proceeds normally. If not, then the trend
estimator does not update the state vector and the covariance
matrix until the next estimation cycle and the corresponding
observed transfer function is simply ignored and the CCO
estimate is not updated. '

Of the three parameters in the state wvector X = [dc,
n,T], the statistics that the invention examines for u, t are
the parameters themselves. For the dc parameter, however, the
system evaluates its inverse, since the quantity of interest
-- CCO -- is inversely related to dc.

According to the invention, nMEM X previous values of a
statistics vector X_stat = [1/dc, n, t] are stored in memory.
In one prototype of the invention, nMEM X was set to fifteen,
which provided meaningful statistics without adding needless
delay; any other number as long as it is large enough to

provide meaningful statistics.
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A mean vector X_mean is then coméﬁﬁed as the arithmetic
mean of the nMEM X vectors. The standard deviation of the
nMEM X values of 1/dc, n, and t are then individually either
computed, using standard formulas, or are estimated, to form
a standard deviation vector X 0. In a prototype of the
invention, computation time was reduced by setting X0 =
std_frac ¢ X _mean, where std_frac was a vector bf
predetermined constants that were determined experimentally to
be [0.12, 0.16, 0.16]. X_ o0 is then preferably multiplied by
a predetermined but adjustable deviation constant k_o, which
determines by how much a statistic may deviate before it is
edited out.

For each new estimated X, the system then computes the
absoclute value of the difference between the current statistic
values [1l/dc, u, t] and kx_o-std_frac » X_mean. If any element
of the resulting comparison is greater than an experimentally
or theoretically determined Gaussian edit threshold wvalue T,
eair+ then the current estimate is edited out and the state
vector is not updated. For examplé, if k. 0o = 2, then the
Kalman filter will not update the state vector if any of its
statistical parameters are outliers, that is, more than "two-

sigma® away from the mean. If, for example, k.06 = 2, then

‘parameters values more than "two-sigma®" away from the mean are

identified as outliers.
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Trend divergence detection

As is mentioned above, if a patient with a high SNR
undergoes a large change in cardiac output between consecutive
transfer function measurements then the undersampled Kalman
filter used as the preferred trend estimator may diverge. The
local estimator, however, is stable even for high SNR.
According to the invention, the estimates from the two
estimators are compared to determine whether the Kalman
filter's estimates indicate likely diwvergence.

After each Kalman update, the system computes a relative
trend error vector Cxy_trend error as the scalar error in
percent of the ratio of: 1} the root-mean-square ({RMS)
difference between the averaged cross-correlation vector
Cxy_avg and the modelled Cxy_model (both defined above); to 2)
the RMS of the signal Cxy_avg itself. A relative l_ocal error
vector Cxy_local_error is similarly calculated using, for
calculation of Cxy_model, the value of the parameter vector X
determined from the most recent local estimation.

Let Hxy model be the transfer function values obtained
using the current parameters of X in the lagged-normal model.
The system also computes a relative trend erxror vector
Hxy_error_trend as the ratio between: 1) the square root of
the sum of the weighted differences between the average
measured transfer function values Hxy_avg and the modelled
transfer function values Hxy_avg; and 2) the magnitude of
Hxy avg itself. A relative 1local error vector

Hxy_local_error is similarly calculated using, for calculation
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of Hxy_model, the value of the parameter vector X determined
from the most recent local estimation. |

The ratios (Cxy_trend_error)/(Cxy_local_error) and
(Hxy_ trend error)/(Hxy_local_error) are then computed and if
either exceeds a predetermined divergence threshold Ta., then
the system assumes that the trend estimate is unreliable,
rejects the current trend estimate. It also resets the trend
estimator so that its parameter and other wvectors, such as X,
as set equal to the corresponding values from the local
estimator, as when the system first is started up. T, may be
any experimentally or theoretically predetermined function or

a constant, and is preferably a function of the measured SNR.

Trend convergence detection
It is helpful for the user to know not only when the

Kalman filter has diverged, but also when the displayed CCO
trend values represent reliable, steady-state CCO values. For
example, when the system is started up, it may take several
PRBS runs before an- adequately accurate CCO value is
available. According to the invention, until that time, the
Ralman state vector X is set equal to the state vector X from
the local estimator. Any or all of several alternative
convergence tests may be used.

As one example, after the system computes a current CCO
estimate CCO(n) using the current dc estimate in Equation 8,
the current value may be compared with the most recent
previous value CCO(n-1). If the change (preferably expressed

in percent relative to the average) is smaller than an
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experimentally or theoretically predétérmined threshold Ty,
then the system may assume convergence, that is, the estimate
is assumed to represent a steady-state estimate if:

|cco(n) - ccotn-1)| m

100- ¥%: [CCO(n) + CCO(n-1)] geco

As another example, after an experimentally predetermined
number of wvalid CCO trend estimates have been computed (to
give the trend estimator time to reach a steady-state
estimate), the errors Cxy_trend_error and Hxy_ trend_error will
decrease. The system therefore indicates convergence whenever
either (or both) of these values is less than an error

convergence value T, which may be determined by experiment.

Non-PRBS input power signals

The preferred input  heat signal according to the
invention is generated as a pseudo-random binary sequence
(PRBS) since it allows for efficient correlation and since its
power is discretely spread in harmonics that cover the
spectral region of interest. Other input signal pat:térns may,
however, also be used according to the invention. For
example, if the applied input heat signal is in the form of a
given number of sinusoidal components (see, for example,
Newbower), then the various filters and transformation (such
as FFT) circuits will be tuned to the known input frequencies,
which will not need to be computed. Banks of analog filters

could even be used instead of Fourier transformations in order
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to provide rough measurements of the tfgﬁsfer function Hxy of
the channel.

As yet another example, the output of the dispersive
filter used in the spread-spectrum system of Dixon, et al. is
the impulse response of the channel. Fourier transformation
of this impulse response also yields a transfer function
measurement. The correlation steps of the invention may then
be eliminated as long as the remaining equations are suitably

adjusted; such changes may be determined theoretically.

Non-thermal indicators
Moreover, in the invention, heat is used as the indicator

that is injected into the bloodstream at an upstream position
and temperature is the downstream signal that is sensed to
form the basis of the CCO estimates. This is advantageous
because heat indicator does not accumulate in the patient and
is relatively safe, well-understood, easy to control and
sense. Other conventional indicators may, however, also be
used according to the invention. In such cases, the transfer
function of the channel can still be modelled, preferably
using the lagged normal model, to provide a state vector with
a gain parameter. The techniques described above can then be
applied with at most slight modification to provide the local
and trend estimates of cardiac output with the same advantages
described above. Needed modifications will be readily
determined by known experimentation and theoretical

calculations. s
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CLAIMS

1. A method for estimating blood output through a flow
region of a patient's body, comprising the following steps:

'A) injecting an indicator as an indicator input signal
with an input signal profile into an'upstream position in the
flow region;

B) sensing the presence of the indicator at a downstream
position in the flow region as an indicator output signal;

C) estimating as a predetermined function of the input
signal profile and the indicator output signal both a local
blood cutput value, over a local estimation time, and a trend
blood output value, over a trend estimation time, in which the
trend estimation time is longer than the local estimation
time, thereby providing estimated blood output values
corresponding to both relatively fast and slow changes in

blood output.

2. A method as in claim 1, in which the step of estimating
the trend output value comprises the step of recursive

estimation of the trend output value.

3. A method as in claim 2, in which the step of recursive

estimation comprises Kalman filtering.

4. A method as in claim 1, in which the step of estimating
the predetermined function comprises measuring a frequency-

domain transfer function between the input and output signals
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for each period, the measured frequency-domain transfer
functions forming input signals for both local and trend

output estimation.

5. A method as in claim 2, in which the the step of
estimating the predetermined function in turn comprises the
following steps:

measuring values of a frequency-domain transfer function
between the input and.output signals for each period, the
measured frequency-domain transfer functions forming input
signals for both local and trend output estimation;

selecting state parameters of a predetermined transfer
function model relating the indicator output signal to the
indicator input signal;

determining optimal 1local state parameters as a
predetermined optimization function of the transfer function
model and the measured transfer function values, and
estimating the local blood output value as a predetermined
output function of at least one of the optimal local state
parameters; and

recursively estimating optimal trend state paraméters by
Kalman filtering the measured frequency-domain trénsfer
function values, and estimating the trend blood output value
as the predetermined output function of at least one of the

optimal local state parameters.
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6. A method &s in claim 5, further including the step of
initializing the Kalman filtering step using the optimal local

state parameters.

7. A method as in claim 5, further including the folléwing
steps: . -

A) generating the input signal profile as a pseudb—
random binary secquence (PRBS);

B) determining an autocorrelation value Oxx of the input
signal and converting the autocorrelation value Cxx to the
frequency domain;-

C) determining a cross-correlation value Cxy between the
input signal ahd the output signal and converting the cross-
correlation value Cxy to the frequency domain; and

D) computing the measured transfer function values as a
predetermined function of the quotient between the frequency-

converted cross-correlation and autocorrelation values.

8. A method as in claim 5, further including the step of

removing any low-frequency noise trend from the indicator

output signals before local or trend estimation.

9. A method for estimating blood output through a flow

region of a patient's body, comprising the following steps:
A) injecting an thermal indicator as an indicator input

signal with a pseudo-random binary sequence (PRBS) input

signal profile into an upstream position in the flow region;
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B) sensing the presence of the indicator at a downstream
position in the flow region as an indicator output signal;

C) removing any low-frequency noise trend from the
indicator output signals;

D) selecting state parameters of a predetermined transfer
function model relating the indicator output signal to the
indicator input signal;

E) determining an autocorrelation value Cxx of the input
signal and converting the autocorrelation wvalue Cxx to the
frequency domain;

F) determining a cross-correlation value Cxy between the
input signal and the output signal and converting'the cross-
correlation value Cxy to the frequency domain;

G) computing measured transfer function values as a
predetermined function of the quotient between the freguency-
converted cross-correlation and autocorrelation values;

H) determining optimal 1local state parameters as a
predetermined optimization function of the transfer function
model and the measured transfer function wvalues, and
estimating a local blood ocutput wvalue as a predetermined
output function of at least one of the optimal local state
parameters; and

I) recursively estimating optimal trend state parameters
by Kalman filtering the measured frequency-domain transfer
function values, and estimating a trend blood output value as
the predetermined output function of at least one of the

optimal local state parameters.
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10. A system for estimating blodd output through a flow
region of a patient's body, comprising:

A) injection means for injecting a indicator as an
indicator input signal with an input signal profile into an
upstream position in the flow region;

B) indicator sensing means for sensing the presence of
the indicator at a downstream position in the flow region as
an indicator output signal; |

C) estimation. means including a local estimator for
estimating over a local estimation time a local blood output
value as a predetermined function of the input signal profile
and the indicator output signal, and a trend estimator for
estimating a tredn blood output value over a trend estimation
time, in which the trend estimation time is longer than the
focal estimation time, therxeby providing estimated blood
output values corresponding to both relatively fast and slow

changes in blood output.

11. A system as in claim 10, in which the estimation means
includes a recursive estimator for estimating the trend output

value.

12. A system as in claim 11, in which the recursive estimator

is a Kalman filter.
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13. A system as in claim 10, further including transfer
function measuring means for measuring a fregquency-domain
transfer function between the input and output signals for
each period, the measured frequency-domain transfer functions

forming input signals for both local and trend estimators.

14. A system as in claim 11, in which:

transfer function measuring means 1is provided for
measuring values of a frequency-domain transfer function
between the input and output signals for each period, the
measured frequency-domain transfer functions forming input
signals for both local and trend output estimation;

the local estimator is provided for determining optimal
local state parameters as a predetermined optimization
function of the transfer function model and the measured
transfer function wvalues, and estimating the local blood
output value as a predetermined output function of at least
one of the optimal local state parameters; and

the trend estimator is a Kalman £filter recursively
estimating optimal trend state parameters by Kalman filtering
the measured frequency-domain transfer function values, and
estimating the trend blood output value as the predetermined
output function of at least one of the optimal local state

parameters.

15. A system as in claim 14, in which the local estimator is

connected to the trend estimator, the optimal local state
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parameters forming initialization state parameters for th

eKalman filter.

16. A system as in claim 14, in which:

A) the input signal profile is a pseudo-random binary
sequence (PRBS);

B) the transfer function measuring means is further
provided:

1) for determining an autocorrelation value Cxx of
the input signal and converting the autocorrelation wvalue Cxx
to the fregquency domain;

2) for determining a cross-correlation value Cxy
between the input signal and the output signal and converting
the cross-correlation value Cxy to the frequency domain; and

3) for computing the measured transfer function
values as a predetermined function of the quotient between the
frequency-converted cross-correlation and autocorrelation

values.

17. A system as in claim 5, further including pre-filtering
means for removing any low-frequency noise trend from the

indicator output signals before local or trend estimation.

18. A system for estimating blood output through a flow
region of a patient's body, comprising:
A) indicator injection means for injecting a thermal

indicator as an indicator input signal with a pseudo-random
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binary sequence (PRBS) input signal profile into an upstream
position in the flow region;

B) thermistor means for sensing the presence of the
indicator at a downstream position in the flow region as an
indicator output signal: '

C) pre-filter means for removing any low-frequency noise
trend from the indicator output signals;

D) transfer function measuring means:

1) for computing an autocorrelation value Cxx of the
input signal and converting the autocorrelation value Cxx to
the frequency domain; '

2) for 'computing a cross-correlation value Cxy
between the input signal and the output signal and converting
the cross-correlation value Cxy to the frequency domain;

3) for computing measured transfer function values
as a predetermined function of the quotient between the
frequency-converted cross-correlation and autocorrelation
values;

E) local estimation means for determining optimal local
state parameters as a predetermined optimization function of
the transfer function model and the measured transfer func;ion
values, and estimating a local blood output value as a
predetermined output function of at least one of the optimal
local state parameters; and

F) trend estimation means for recursively estimating
optimal trend state parameters by Kalman filtering the
measured freguency-domain transfer function walues, and

estimating a trend blood output value as the predetermined
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output function of at least one of the optimal local state
parameters.



