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Abstract

The monitors in the Intensive Care Unit generate alarms whenever a signal passes
beyond a preset limit. Such an approach for alarming generates many false alarms because,
in general, clinically insignificant events cause signals to go beyond these limits e.g taking a
blood sample. Here the alarm has been caused by a clinically insignificant event, not a
disturbance in the patient's physiology. If these limits are set to the maximum allowable
physiological deviation from the normal or expected value, the monitor will alarm when the
patient is already in a serious condition. Likewise, if the limits are adjusted to increase
sensitivity, the monitor will be more prone to giving false alarms. There is, therefore, a strong
need to reduce the number of false alarms. Our approach to reducing false alarms is to use
filtering techniques which will not only remove clinically insignificant events but also allow
medical staff to view noise free data to enhance clinical decision support. Using real monitor
data, in this paper we review a number of filtering techniques and present our findings to
determine which is most suitable for the Intensive Care Unit monitors.
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1. Introduction

Patients are admitted to the ICU either due to major trauma, as a planned extension to
their postoperative care, or as a result of a sudden deterioration. The purpose of intensive care
is to maintain accurate, continuous observations of the patient's vital functions, and to treat or
support a failing or failed biological system - this is achieved by attaching the patient to
monitors to record their physiological signals such as the heart rate and blood pressure.

The ICU monitors generate a large volume of data for each patient. The challenge is to
interpret these signals and to distinguish between clinically significant and insignificant
events.

Clinically insignificant events can be considered as an interval of time where a specific
predicate holds, for example line flush being taken, which does not reflect a disturbance in the
patient's physiology.

Clinically insignificant events need to be processed for a number of reasons:

- Presently alarms in the ICU are based on a single monitored parameter passing
beyond a preset limit e.g an upper threshold for a systolic pressure and a lower
threshold on a diastolic pressure. Many clinically insignificant events may occur
during the stay of an ICU patient - these will include the taking of blood samples
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and line flushes. Such events will set off unnecessary alarms because they
typically reach values beyond the set thresholds; for example, when taking a line
flush a flushing device is pressed which in turn opens a valve between the anti-
coagulant solution and the pressure transducer. As a consequence, the pressure
received by the pressure transducer is equivalent to the pressure of the pressure
bag (usually 200mmHg) which, in turn, will be above the upper threshold for this
signal. This alarm has been caused by a clinically insignificant event, not a
disturbance in the patient's physiology. Such false alarms are a major problem -
studies indicate that 40-75 percent of all alarms are false [1]. Indeed due to this
high incidence, many alarms are ignored totally; while some persistent alarms
may lead to medical staff to overlook other alarms, which are, perhaps, really
important [2].

- Retaining the data obtained during clinically insignificant events and including
them in further processing will give an inaccurate history of the patient when, for
example, requesting the mean blood pressure.

Such data must be filtered out (ignored) by the clinical staff. One approach to remove
clinically insignificant events from ICU monitor data is to use filters from the signal
processing community.

In this paper we will study the application of standard signal processing filtering
techniques to ICU monitor data and determine their ability to remove clinically insignificant
events. By displaying the filtered data graphically on a computer we will provide a multi-
media approach to allow medical staff to view noise free data to facilitate better
interpretations to be made of the patient state.

The structure of this paper is as follows: section 2 reviews the various filtering techniques
from the signal processing community, section 3 describes the results of the application of the
filtering algorithms to a data set taken from a neonatal ICU; and final conclusions are in
section 4.

2. Filtering

The signals in the ICU contain noise which can arise from a variety of sources. The
purpose of the filtering operation is the effective elimination or attenuation of the noise that is
corrupting the desired signal. A filter is a device in the form of a piece of physical hardware
or software that is applied to a data set in order to de-noise it [3]. Filters are classified as
either analog filters or digital filters.

Analog filters operate on continuous time signals such as the heart rate and blood
pressure.

However, if these measurements are taken at every fixed time interval then they are
considered as discrete signals which digital filters operate on. When digital filters are to be
used for an analog input signal it has to be represented by discrete samples obtained in time
moments proportional to the sampling interval which must correspond to the Nyquist criteria
i.e the sampling frequency (f;) is at least two times higher than the highest frequency in the
signal spectrum [4]. In discrete signal analysis, the frequency (f), as a rule, is represented as a
normalized frequency (f*) i.e

f

fro

f

S

In our study, f is the frequency of the ICU monitor signal before it is sampled. Since our
data is digitized we will use digital filters. Digital filters are, in turn, classified as either linear
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filters or nonlinear filters. A digital filter is said to be linear if the filtered quantity at the
output of the device is a linear function of the observations applied to the filter input,
otherwise it is a non-linear digital filter.

A non-linear digital filter locates and removes data that is considered as noise. A non-
linear algorithm looks at each data point and decides if that data is noise or a valid signal. If
the point is considered as noise then it is simply removed and replaced by an estimate based
on the surrounding data points. If the data is not considered noise then the data is not
modified at all. Linear filters lack such a decision capability and therefore will modify all of
the data. Nonlinear filters are useful for removing very short duration features that have high
amplitudes from data [4,5] - such a filter can be thought of as a noise spike-rejection filter,
and can be effective for removing short duration features, such as those seen in the ICU e.g
blood samples.

We have decided to investigate two linear (low-pass and high-pass) and two non-linear
(median and average) filters to determine which is most suitable in reducing the number of
false alarms generated by the ICU monitors. In applying these digital filters we are
representing our input and output signals and characteristics of the filter as discrete instants of
time. Moreover, a continuous-time signal may always be represented by a sequence of digital
samples that are derived by observing the signal at uniformly spaced instants of time.

When we will perform filtering, all of the techniques will involve a moving window. For
historical data, the window is centered on the point x, i.e if the window is of size 2k+1 the
window contains the points X, to Xq.« Likewise, for real-time data the window is from the
current data point x, i.e if the window is of size 2k+1 the window contains the points X, to X,.
@x+1). In what follows only (historical) centered windows will be considered - note that in the
case of real-time data the results would be the same but shifted by k values.

Median Filter

The median filter algorithm simply takes the unweighted median of all values within the
window, i.e the value which has as many values which are greater as are less than it is taken
to be the median.

Vi = median(Xnk,..., Xny-ory Xntk)

Average Filter
An average filter simply takes the mean of all the values within the window.

Yn = average(Xn-ky-««, Xny---r Xn+k)

Low-Pass Filter
Low-pass finite and symmetric digital filter takes the form [6]:

k=N
C= C.
Yo = ch Xn—k (6=

k=—N

where

‘ —sin j
K NJ k=1toN

c,=04

] _sin(0.47) N (ﬂk
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The sampling frequency of our data, f;, was 86400 samples/day (i.e one sample every
second or 1 Hertz) which is the typical rate for ICU monitors [7]. The highest frequency that
can be defined by the Nyquist frequency is half the sampling frequency i.e 43200 cycles/day.
Therefore the frequency range of interest for this application of ICU monitoring data is O to
43200 cycles/day.

For demonstration purposes, our low pass filter was designed to let through frequencies
f* < 0.2 where the dimensionless frequency f* is defined in terms of the sampling frequency

frr=—
fS
High-Pass Filter
For demonstration purposes, our high pass digital filter was designed to let through
frequencies in the range 0.2 < f* < 0.5. The high pass filter coefficients, ¢’y, can be derived
from the low pass filter coefficients, cy:

¢’ =- ¢y for k#0

ck= 1-c fork=0

. sin(0.47 ) cos(0.72k) N Sin(@] k=110N
K K
¢, =0.6
3. Results
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Figure 1. Original Data

Figure 2. Application of the Median Filter

52



International Journal of Bio—Science and Bio—Technology
Vol. 3, No. 2, June, 2011

Figure 3. Application of the Average Filter
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Figure 4. Application of the Low-Pass Filter
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Figure 5. Application of the High-Pass Filter

The results of applying the filters to historical ICU monitor data are now presented - note
that in the case of real-time data the filters would be applied at the leading edge and results
would be the same but shifted by k values. In order to analyse the results an interesting case
was chosen which contains clinically insignificant events. The data set is a blood pressure
trace taken from the monitors in a neonatal ICU in the United Kingdom. The frequency of
the data was one value every second which is the typical rate for ICU monitors [7]. The
original data set is shown in Figure 1. In Figure 1 it can be seen that there are 2 transient
features where the blood pressure drops to 0 — these are caused by medical staff taking blood
samples (and considered as clinically insignificant events) and would cause false alarms.
Figures 2 through to 5 are the graphical results of applying the various filters centered on a
point with k = 10. Note that the first and last k values cannot be filtered. We will now look at
the results of each filter in turn.
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Figure 2 shows the result of applying a median filter — it can be seen that both transient
features have been removed and, in turn, would have prevented 2 false alarms. By always
choosing the median value in the window as the filtered value, the median filter will remove
transient features lasting shorter than k without distortion of the base line signal; features
lasting more than that will remain.

In Figure 3 it can be seen that the average filter smoothes the data to a greater extent than
the median filter. It can also been seen that the spikes in the data have been attenuated rather
than removed.

Figure 4 shows the result of applying a low-pass filter. It can be seen that the low-
frequency variations are allowed to “pass through” the filter. In a low-pass filter, the low
frequency (long-period) waves are barely affected by the smoothing. The output from the
low pass filter is still quite noisy compared with the either the average or median filter
because the filter has added more distortion due to the modification of all of the data. It can
also be seen that the high frequency data values (such as the large spikes) from the signal are
not filtered out.

In contrast Figure 5 shows that the high pass filter has eliminated the low-frequency
variations and the high frequency components remain or are attenuated. It can be seen that the
spikes (high frequency components) have been attenuated rather than removed. The output
signal is around 0 because the high pass filter has removed all the low frequency components
of the data.

From the results it is concluded that the median filter with k=10 is the best filter to use as
it removes all the very short duration spikes from the data whilst revealing the short duration
trends hidden in the raw data. This is because an average filter smoothes transient features, a
low-pass filter attenuates noise (noise may have some low-frequency components) and a
high-pass filter eliminates low frequency variations and trends leaving only the higher
frequency components.

The Median filter is a nonlinear process useful in reducing random noise [8]. It is a non-
linear digital filter that is used to remove the impulsive noise from a signal [5, 9]. Median
filtering is ideal for smoothing and de-noising applications. Furthermore, it is a more robust
method than the other filtering techniques, because it preserves the sharp edges [3]. For
properties of the median filter, the reader is advised to read [10].

4. Conclusions

There is a need to remove clinically insignificant events in ICU monitor data. One way to
do this is to filter the data which has advantages from a real-time and historical perspective.

From a real-time perspective, there are a number of deficiencies with the monitoring
alarms currently used in the ICU. If the monitoring limits are set to the maximum allowable
physiological deviation from the normal or expected value, a monitor alarms when the patient
already is in a serious condition or on a clinically insignificant event (false alarm). However,
if the limits are adjusted to increase sensitivity, the monitor is prone to giving false alarms.
Filtering is a way to address this problem.

From a historical perspective, one has to remove clinically insignificant events which
would otherwise give an inaccurate history of the patient. Filtered past data can be used to
give summaries and patient state assessments to medical staff to allow them to make more
informed clinical decisions.

Work is ongoing in two main areas: to find the ideal window size and using hybrid filters.
These features, we feel, can be incorporated into a bedside workstation, acting as a

54



International Journal of Bio—Science and Bio—Technology
Vol. 3, No. 2, June, 2011

background multi-media tool to allow medical staff to view noise free data to enhance clinical
decision support.
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