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ABSTRACT. Objective. In this paper, a new algorithm is proposed
to compute the spontaneously generated respiratory effort dur-
ing ventilation. Methods: The algorithm computes a ventilated
patient’s respiratory effort in real-time by analyzing the respira-
tory pressure and flow signals that are acquired from the ventilator.
The method requires an initial period where the patient’s respira-
tory muscles are fully relaxed, for example during or shortly after
surgery. During this period the patient’s inspiratory airway resis-
tance Rin, the expiratory airway resistance Rex, the lung-thorax
compliance Clt and the residual pressure after an infinitely long
expiration P0 are estimated by fitting the measured flow onto the
measured pressure at the mouth using a model of the patient’s
respiratory system. When the patient starts breathing, the rela-
tion between the measured pressure and the flow changes, from
which the respiratory effort of the patient Pmus can be computed.
Results: The pressure Pmus can be computed in real-time by us-
ing an equivalent model of the respiratory system of the patient.
The estimation can be done with a recursive least squares (RLS)
method. Further, the resulting Pmus signal appears to have a con-
stant shape, in which the main changing factor is the maximum
amplitude per breath. Conclusion: The respiratory effort increases
over time until the patient is disconnected from the ventilator.
We hope the maximum amplitude can be used as an indicator
of the pressure the muscles of the patient are able to produce.
This amplitude of the Pmus-signal in combination with the stan-
dard deviation (SD) may eventually lead to a new indicator to
determine the moment that the patient can be weaned from the
ventilator. This will have to be examined in the future.

KEY WORDS. respiratory ventilation, respiratory muscle activity,

weaning, recursive least squares estimation.

INTRODUCTION

Patients who are undergoing major surgery cannot breathe
spontaneously due to muscle relaxants and are therefore
mechanically ventilated in order to maintain the oxy-
gen and carbon dioxide exchange in the lungs. After the
surgery, these patients start breathing spontaneously again.
When the physician assumes the patient is able to sustain
breathing spontaneously, the patient will be disconnected
from the ventilator. In most cases, this ventilation weaning
process poses no problems, but there are cases in which the
patient cannot be disconnected from the ventilator with-
out problems. In these cases, the patient has become de-
pendent on the ventilator. Such patients pose ethical and
clinical problems, and account for relatively high costs due
to this prolonged ventilation. Mechanical ventilation is also
applied in case of acute respiratory problems. Several as-
sisted ventilation modes are applied in order to encourage
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Fig. 1. Model of an artificially respirated patient (adapted from Blom [3]). Pv is the ventilator-imposed pressure, Fm the measured air flow, P0 is the residual
pressure after an infinitely long expiration, Rv i ns p and Rv e xp are the inspiratory and expiratory resistances of the tubes of the ventilator respectively, Rin and
Re x the inspiratory and expiratory resistances of the airways respectively and Clt is the lung-thorax compliance. The 3-position switch S is used to model the
inspiratory phase, the inspiratory pause, and the expiratory phase.

spontaneous breathing, which is of importance in the pro-
cess of weaning.

Until now, several weaning techniques have been sug-
gested, but most parameters do not give satisfactory results
or need complex measurements. In other studies, which
give reliable results, the population is not diverse enough
to apply the method for all patients or the method is de-
pendent on the ventilation mode or on the disease of the
patient (Mancebo [1]).

In 2002, a first proposal was given by Heyer et al. [2] to
compute the pressure that is generated by the respiratory
muscles of the patient (Pmus). This parameter could then
be used in a weaning process. It is based on a model of
the airways and the lungs and uses measurements of airway
pressure (Pm ) and flow (Fm ) at the mouth, delivered by the
ventilator. The model used by Heyer is shown in Equation
(1)

Pmus = Pm − P0 − (α|Fm | + R0)Fm

− (1/Clt )

∫
Fm d t, (1)

where Pmus is the pressure generated by the patient’s mus-
cles, P0 is the residual pressure at the end of an infinitely

long expiration, Fm is the flow, and Clt is the lung-thorax
compliance. To model the turbulence in the airways, the
parameter α is used. The algorithm in the study of Heyer
et al. performs all computations offline. The results indicate
that the mathematical model in Equation (1) can be used
to compute the pressure generated by the patient, but the
model would have to be updated during ventilation, which
cannot be done with an offline method.

We use a method to compute the pressure Pmus, with a
slightly different model, in which the airway resistance is
split into an inspiratory and an expiratory resistance. This
method can handle online data. In our study, however, we
used offline data to simulate online signals. Further, we
do not use the α-parameter to model turbulence. It turned
out that using this parameter the results would not improve
significantly.

METHODS AND MATERIALS

Modeling the patient’s respiratory system

Figure 1 shows a model of lungs and thorax of an artificially
respirated patient who is not breathing spontaneously. This
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Fig. 2. Replacing subcircuit of resistance R. The diodes d1 and d2 are
assumed ideal. Fin and Fe x are the inspiratory and expiratory flow respectively
and Rin and Re x are the inspiratory and expiratory resistance respectively.
This circuit is used as the airway resistance.

general model is widely used in describing lung mechanics
[3]. The parameters Rin, Rex, and Clt are mechanical pa-
rameters, which describe the anatomical and physical tis-
sue properties of the lungs and airways. Therefore, these
parameters are not likely to change a lot in a short period.
If there has been a period during which the patient did
not breathe spontaneously, the parameters will have been
estimated and the Pmus can be computed for the phase in
which the patient starts breathing spontaneously. However,
a disadvantage of this simple model is that is assumes that
the resistance during inspiration is the same as the resis-
tance during expiration. In general, this is not true. Air-
ways behave differently during inspiration and expiration.
To handle this problem, we have modified the model so
that it uses the subcircuit shown in Figure 2 instead of the
airway resistance R as shown in Figure 1, where the diodes
are assumed ideal. The inspiratory flow Fin and expiratory
flow Fex are computed from the flow signal F by splitting
it into a positive part (Fin) and a negative part (Fex).

The total circuit, including the subcircuit shown in Fig-
ure 2, is used by our algorithm to compute the pressure
generated by the patient (Pmus). In our model Pv is the
ventilator-imposed pressure, F the measured airflow, Fin

is the inspiratory flow and Fe x is the expiratory flow. P0

is the residual pressure after an infinitely long expiration,
Rv insp and Rv exp the inspiratory and expiratory resistances
of the tubes of the ventilator respectively, Rin and Rex

the inspiratory and expiratory resistances of the airways
respectively and Clt is the lung-thorax compliance. The 3-
position switch S is used to model the inspiratory phase,
the inspiratory pause, and the expiratory phase.

If the patient starts breathing when he or she is con-
nected to the ventilator, an extra pressure source Pmus

is introduced into the circuit. This is shown in Fig-
ure 3. The computation of Pmus can be divided into two
stages:

1. The parameters of the model shown in Figure 1 are P0,
Rin, Rex, Clt estimated in real-time, using pressure Pm

and flow Fm . In this case Pmus is assumed to be zero,
which means that the patient is fully ventilated;

2. The Pmus-signal is computed in real-time, if the respira-
tory effort of the patient is detected and the estimation
of P0, Rin, Rex, Clt has stopped.

To compute the values of these parameters, the pressure
measured at the mouth of the patient (Pm) is modeled as
pressure Pest, given in Equation (2).

Pest = P0 + RinFin + RexFex + (1/Clt)

∫
Fm d t . (2)

The values of the elements P0, Rin , Re x , and Clt are
estimated adaptively with a Recursive Least Square (RLS)
filter (Rangayyan [4]., 2002). This filter minimizes the per-
formance index or objective function ξ (n) in a least square
sense, which is given by Equation (3).

ξ (n) =
n∑

i=1

λn−i |e (i )|2, (3)

where 1 < i < n, λ is the forgetting factor with 0 < λ <

1 and

e (i ) = Pm (i ) − Pest(i ), (4)

where Pm is the measured pressure and Pest is the estimated
pressure.

The forgetting factor λ ensures that the filter is able to
track slow changes in the parameters. The values of λn−i <

1 give more weight to the more recent values of e(i). A
measure for the memory of the filter is N = 1/(1 − λ).

In the study of Heyer et al., the parameter estimation is
not performed during transitions between inspiration and
expiration, because fast transitions could not be taken into
account with a model that does not use a parameter for
the inertia. Indeed for these parts of the estimated pressure
deviations occur. This modeling error might be caused by
the flow meter in the ventilator, which filters the signal
with a low-pass filter, because it is frequency band lim-
ited. Especially rotameters show this effect. However, our
computations show that the error that is made by not us-
ing inertia in the model lasts only for 1 to 4 samples per
breath. Because in our algorithm the Pmus-signal is filtered
with a moving average filter over 30 samples, most of these
artifacts are removed or reduced to values, which are much
lower than the amplitude of the final Pmus-signal. There-
fore, the estimation is also done on data parts with fast
transitions.
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Fig. 3. Model of an artificially respirated patient who is also breathing spontaneously. Pmus is the pressure generated by the respiratory muscles of the patient.
Pv is the ventilator-imposed pressure, Fm the measured air flow, P0 is the residual pressure after an infinitely long expiration, Rv i ns p and Rv e xp are the
inspiratory and expiratory resistances of the tubes of the ventilator respectively, Rin and Re x the inspiratory and expiratory resistances of the airways respectively
and Clt is the lung-thorax compliance. The 3-position switch S is used to model the inspiratory interval, the inspiratory pause, and the expiratory interval.

Automatic detection of inspiratory activity

In order to determine when to stop the estimation of the
circuit parameters, a second faster RLS filter is used with
a smaller forgetting factor λ2. This filter is able to track
changes in the signals much faster. The standard deviations
of the innovations of the slow filter (SD1) and the fast filter
(SD2) are computed. If SD2 is significantly larger than SD1,
it is assumed that the model in Figure 1 does not hold
anymore, which is used as an indication that the patient is
breathing. The estimation has to stop, because Pmus is not
zero anymore. The first stage has finished. In our model
we used the criterion SD1 > 1.2SD2.

Computation of respiratory effort

To compute Pmus, the values of P0, Rin, Rex, and Clt must
be known. Figure 1 shows that the computation of Pmus is
given by Equation 5.

Pmus = Pm − Pest

= Pm − P0 − RinFin − Re x Fe x − (1/Clt)

∫
Fm d t .

(5)

The process, discussed above, is graphically shown in
Figure 4. The implementation of the algorithm has been
done in LabVIEW version 7.1 from National Instruments
(NI).

Results

Figures 5–10 show the measured pressure Pm , the estimated
pressure Pest and the computed Pmus signal for two patients
at three moments during ventilation. The first figure shows
the moment when the patient is fully ventilated and not
breathing spontaneously. The second figure shows the mo-
ment when the patient starts to breathe spontaneously and
the last shows the moment is shortly before the patient is
disconnected from the ventilator. The Pmus-signal has been
filtered with a moving average filter with a window of 30
samples in order to filter out noise. Because the estimated
parameters are specific, they will differ for each patient.

Patients

After institutional approval, data of 5 patients has been used
in this study. Four signals have been recorded from patients
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Fig. 4. Diagram of the computation of the Pmus signal. The slow filter computes the parameters and the least squares error. The fast filter also computes a least
squares error based on the measured pressure Pm and flow Fm at the mouth, but with a shorter memory. If the least square errors computed by the two filters
differ significantly, the estimation of the circuit elements is stopped.
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Fig. 5. The measured pressure Pm , the estimated pressure Pest (a) and the
computed Pmus (b) of patient 1 connected to the ventilator, when he is fully
ventilated at the beginning of the registration.
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Fig. 6. The measured pressure Pm , the estimated pressure Pest (a) and the
computed Pmus (b) of patient 1 connected to the ventilator, when he starts
breathing spontaneously (1000 sec after the start of the registration).
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Fig. 7. The measured pressure Pm , the estimated pressure Pest (a) and
the computed Pmus (b) of patient 1 shortly before he is disconnected from
the ventilator at the end of the registration (2300 sec after the start of the
registration).

at the Post-Anesthesia Care Unit (PACU) and one from
the operation room (OR) in the Catharina Hospital in
Eindhoven in the Netherlands. In the PACU, the patients
arrive after heart surgery and are fully ventilated. They
leave the PACU as soon as they can sustain spontaneous
breathing successfully and are medically stable. The patient
in the OR was disconnected from the ventilator at the end
of the surgery on an artery in the neck. Storing the data
did not need any alteration of the conventional treatment.
The patients were weaned trials when he or she seems to
be awake. The computation of the respiratory pressure had
no influence on this approach.

Measurement equipment

The ventilator that was used for ventilation in the PACU
was the Hamilton Galileo ventilator by Hamilton Medical
AG in Switzerland. The acquisition of the required signals,
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Fig. 8. The measured pressure Pm , the estimated pressure Pest (a) and the
computed Pmus (b) of patient 2 connected to the ventilator, when he is fully
ventilated (20 sec after the start of the registration).

airway pressure (Pm ), airflow (Fm ) and air volume (V) has
been done with the DataLogger software, version 3.27, also
developed by Hamilton Medical AG. The DataLogger is a
program to record respiratory data and flow, pressure, and
volume curves via the ventilator’s RS232 interface. The
DataLogger stores the data in ASCII format. The collected
signals have a sampling rate of 20 Hz.

Patients in the OR are ventilated with the Datex-
Ohmeda S/5 Anesthesia Delivery Unit (ADU) by Datex-
Ohmeda BV, in the Netherlands. The data is collected with
the S/5 Collect software via the ventilator’s RS232 inter-
face. The software is provided by Datex-Ohmeda. The S/5
Collect software stores the data in a binary format and in
the ASCII format. The collected respiratory signals have a
sampling rate of 25 Hz.

Modeling the patient’s respiratory system

The values of the parameters in the model have been com-
puted from 5 patients. In Table 1 the final values of the
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Fig. 9. The measured pressure Pm , the estimated pressure Pest (a) and the
computed Pmus (b) of patient 2 connected to the ventilator, when he starts
breathing spontaneously (370 sec after the start of the registration).

Table 1. Estimated parameters of the examined patient data, com-
puted by the slow filter. These parameters are used in the computation
of pressure Pmus

Patient 1 2 3 4 5

P0 (cm H2O) 6.10 6.22 6.41 6.68 4.28

Rin (cm H2O/ml.s) 0.013 0.016 0.021 0.018 0.015

Rex (cm H2O/ml.s) 0.011 0.014 0.018 0.014 0.014

Clt (ml/cm H2O) 49.37 29.16 36.96 44.19 46.86

estimated parameters of these patients are given after the
estimation of the parameters has stopped. The model dif-
fers for every patient, which means that group statistics are
not useful for these parameters.

Computation of the respiratory effort

For all patients, the estimated pressure Pest and the pressure
Pmus have been computed after modeling of the patient’s
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Fig. 10. The measured pressure Pm , the estimated pressure Pest (a) and the
computed Pmus (b) of patient 2 connected to the ventilator shortly before he
is disconnected (2302 sec after the start of the registration).

respiratory system has stopped. Figures 5 to 10 show these
signals for all five patients.

The ventilation mode will have no influence on the es-
timation of the parameters, because the model in indepen-
dent of this mode. A ventilator always produces a pressure
at the mouth of the patient, which causes a flow into the
lungs or a flow into the lungs, which causes a pressure at
the mouth. The relation between these two quantities is
defined by the model of the patient’s respiratory system
as shown in Figure 1. As long as the patient’s muscles are
relaxed, this method will give reliable results.

DISCUSSION AND CONCLUSION

Figures 5 to 10 show that the proposed model gives sat-
isfactory results in estimating the values of the respira-
tory model. The least square error e(i) is small on average:
−0.5 < e(i) < 0.5 cm H2O. This means that the parame-
ters of the respiratory system can be modeled adequately.
They also show that the amplitude of Pmus increases over
time. The general shape of the curves is relatively constant;



200 Journal of Clinical Monitoring and Computing Vol 20 No 3 2006

Fig. 11. Maximum amplitude of Pmus per breath for patient 1 (a) for pa-
tient 2 (b). The value of the maximum amplitude is shown in the figure
with a minus sign, due to the computation. The signal is filtered with a
moving average filter over 30 samples and increases almost linearly over
time. The amplitude is computed for a period when the patient is fully
ventilated in the beginning until he or she is breathing spontaneously dur-
ing ventilation. The 2-sigma bounds are also shown. These are the dot-
ted lines. The standard deviation SD is computed over 30 samples of the
signal. If artifacts occur, the SD will increase, which means that the corre-
sponding value of Pmus is unreliable. For patient 1 this is the case between
breath 610 and 750 and at breath 1150 and for patient 2 between breaths
1300 and 1400. The maximum amplitude increases until the pressure
generated by the patient is in the same range of the spontaneous breathing
pressure.

only the amplitude appears to increase. The patients ob-
served in this study start breathing synchronously with the
ventilator.

For every breath the maximum value of Pmus is com-
puted, which we assume to give an indication of the maxi-
mum pressure that is generated by the patient’s muscles.
Figure 11 shows that the maximum amplitude of Pmus

per breath, filtered with a moving average filter over 30

samples, increases almost linearly over time. This ampli-
tude is computed for a period when the patient is fully
ventilated in the beginning until he or she is breathing
spontaneously during ventilation. Further, the standard de-
viation SD is computed over 30 samples of the signal. The
2SD bounds are also shown. If artifacts occur, the SD will
increase, which means the corresponding value of Pmus is
unreliable. For patient 1 this is the case between breath 610
and 750 and around breath 1150 and for patient 2 between
breaths 1300 and 1400. The maximum amplitude increases
until the pressure generated by the patient is in the same
range of the spontaneous breathing pressure, measured at
the mouth.

In the future, more data has to be processed, for example
data of patients with different diseases requiring ventilation.
The following step is to examine whether the patient could
be disconnected if the produced pressure is in de range
of the spontaneous breathing pressure of a non-ventilated
person.

Our measured data may contain invalid data, which can
be caused by physicians or nurses who are taking care of
the patient. If for example, the patient is moved or mucus is
removed from the patient’s airways, the measured data may
be corrupted. The computed pressure Pmus then also may
contain errors, due to those artifacts. A solution would be
to use an online signal validation, which tells the algorithm
whether the collected sample is corrupted or not. The
current implementation is capable of using such a validation
signal.

Further, it has to be examined what is the best criterion
for determining when to stop the estimation of parame-
ters. With our data, the assumed criterion gives acceptable
results, but further research may give a more accurate and
more general criterion.

The pressure Pmus produced by patient can be computed
by modeling it with a model of lungs and thorax. We as-
sume the maximum amplitude of Pmus per breath gives an
indication of the maximal pressure the patient’s muscles are
able to produce.
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