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Abstract

High-frequency waveform recordings of biological signals enable more detailed data analysis and deeper physiological
exploration. However, the waveform data—like invasive arterial blood pressure (ABP)—are particularly susceptible to
frequent contamination with artifacts that can devalue the subsequent calculations like pressure reactivity index (PRx).
This study aimed to verify the ability of the short-time Fourier transform (STFT) based algorithm to detect artifacts in
the ABP waveform. Four types of modeled artifacts (rectangular, fast impulse, sawtooth and baseline drift) with different
durations and amplitudes were inserted into undisturbed ABP waveforms. Short-time Fourier transform with a 5-second
time window is computed on artifact-polluted ABP signals to detect changes in the frequency domain caused by these
artifacts. An algorithm with three decision-making rules based on the dominant frequency component, standardized
power spectrum, and the value of the second harmonic of the dominant frequency was used. Only segments that passed
all three rules were labeled as artifact-free. Results indicated high sensitivity (93.35% and 94.83%) in detecting
rectangular and sawtooth artifacts, with specificity exceeding 99% for both. Baseline drift artifact was detected with
a low sensitivity of 5.02%, and fast impulse was not detected. This study proposes the application of a short-time Fourier
transform-based algorithm to enhance the detection of clinically significant artifacts in arterial blood pressure signals,
particularly relevant for PRx and other secondary calculations.
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two variables move together—between arterial blood
pressure (ABP) and intracranial pressure (ICP) over
amoving time window [2]. This means that the

Introduction

The availability of high-frequency recording of
biological signals opens an opportunity to perform
various secondary calculations and analyses to explore
the underlying physiology. Still, the noisiness and
artifacts in the source signals could compromise these
calculations. This problem is particularly pronounced
in neurointensive care multimodal monitoring [1].
A frequently used parameter for  assessing
cerebrovascular autoregulation in traumatic brain
injury patients is the pressure reactivity index (PRx).
This index is calculated by taking the Pearson’s
correlation coefficient—a statistical measure of how

relationship between ABP and ICP is continuously
monitored and analyzed in small time segments,
allowing for an ongoing assessment of how changes in
blood pressure relate to changes in intracranial
pressure. PRx can be significantly compromised by the
presence of artifacts in the arterial blood pressure,
intracranial pressure, or both signals. A single arterial
line flush artifact can significantly affect 8.3% of PRx
values in the given hour [3].

Arterial blood pressure waveform, used besides other
analyses for PRx calculation, is susceptible to artifacts
arising from the measurement line, caused by air
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bubbles or blood clots in the fluid-filled tube,
mechanical vibrations transmitted to the pressure
transducer (e.g., patient movements, rubbing a cloth
over the measuring system), or tube constriction
between the catheter and transducer (due to crimping,
during proximal blood pressure cuff inflation, etc.)
[4-6]. Furthermore, daily care like line flushing and
blood sampling regularly adds artifacts [7, 8].

Several approaches to automated identification and
artifact removal from the ABP signal have already been
published (reviewed in [9]). Some studies have focused
on artifacts in numerical values, using averaged ABP
[10, 11] and mean arterial pressure (MAP) values
[9, 12]. The entire waveform has been analyzed with
machine learning techniques and algorithms from
image analysis [8, 11, 13, 14], time series [5], and
signal abnormality analysis [15, 16]. While machine
learning-based tools offer new solutions, they demand
significant processing time and extensive training
datasets annotated by experienced researchers or
physicians. The choice of algorithm depends on the
analysis's time scale; offline post-hoc analysis tolerates
longer processing times and false positives, whereas
real-time bedside calculations require simpler, less
computationally intensive algorithms [8].

This study aims to verify the effectiveness of a short-
time Fourier transform-based algorithm in detecting
four modeled artifacts in arterial blood pressure
waveforms, with the goal of improving the reliability
of PRx index calculations.

Methods

Type of study

We conducted a retrospective analysis of high-
frequency multimodal monitoring data from a fully
anonymized critical care database, with no available
patient identifiers. All methods were performed in
accordance with the relevant guidelines and
regulations.

Data

The data were recorded in the Neurointensive Care
Unit of the Department of Anesthesiology,
Perioperative Medicine and Intensive Care, Masaryk
Hospital in Usti nad Labem, Czech Republic. All
patients in the database had continuous synchronized
data collected via ICM+ software (version 8.6,
Cambridge Enterprise Ltd., Cambridge, UK). Arterial
blood pressure was monitored by Carescape B850 vital
signs monitor (GE Healthcare, Helsinki, Finland) and
sampled at 200 Hz. The datasets for this study
contained only arterial blood pressure data; no patient
characteristics—such as sex, age, date of admission,
diagnosis, or outcome—were available.

From a database with anonymized arterial blood
pressure waveforms, two clinicians in agreement
identified undisturbed ABP waveforms without
apparent artifacts, with MAP of 90+5 mmHg and
without apparent arrhythmias. From these waveforms,
20 segments of 10 minutes in length each were
randomly selected, a total of 200 minutes. Each
segment was then divided into four 2.5-minute parts.
Thus, the final dataset consisted of 80 segments of
2.5 minutes. The dataset did not include any patient
information, even the number of segments per patient.

Data analysis and artifact identification

Four types of simulated artifacts (rectangular, fast
impulse, sawtooth and baseline drift) with different
lengths and amplitudes (Table 1, Fig. 1) were inserted
into each of the 80 undisturbed segments of the ABP
waveform (at 4th second). Thirty-five different
artifacts were inserted into each segment; thus
2800 analyses were performed. The modeling of each
artifact's duration and amplitude was based on the
characteristics observed in the native raw data recorded
in critical care patients and published previously [3]
and performed in MATLAB software (version R2020a,
MathWorks, Natick, Massachusetts, USA). Signals
with embedded artifacts were exported in CSV format,
and further analyses and calculations were done in
Python (version 3.8.8, Python Software Foundation,
Wilmington, Delaware, USA). The whole data
processing is depicted in Fig. 2.

Short-time Fourier transform was performed on the
signals with different artifacts to detect the changes in
the frequency domain caused by the embedded
artifacts. A 5-second window with 50% overlap was
used to calculate the short-time Fourier transform
(STFT) because it can be assumed that only minor
changes in heart rate occur during this interval. Based
on the observation of the STFT of the segments, three
rules for artifact identification were set.

First, the dominant frequency component of the
power spectrum calculated in the frequency range of
0.2-20 Hz must be within 0.5-3.33 Hz band, which
corresponds to the fundamental harmonic of the heart
rate of 30-200 min™' as the main component of the ABP
signal. The segment was identified as artifact-
containing if the dominant frequency was outside the
0.5-3.33 Hz range.

Second, the standardized power spectrum calculated
in the 0.2—-1 Hz frequency range was further analyzed
to find low-frequency artifacts in segments with
apreserved pulsating signal. If the value of the
standardized power spectrum exceeded fifty percent of
the maximum value of the power spectrum calculated
within a 10-minute window, it was classified as an
artifact.

Third, the value of the second harmonic of the
dominant frequency component within the individual
power spectrum segments was calculated. If this value
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Fig. 1: Four types of modeled artifacts, each inserted
at the 4th second into the ABP waveform. A) An
example of a rectangular artifact (15 s long, 50%
amplitude rise). B) Fast impulse (0.04 s long, 125%
amplitude rise). C) An example of a sawtooth artifact
(15s long, 50% amplitude rise). D) An example of
a baseline drift artifact (30s long, 15% amplitude
rise).
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Fig. 2: Flowchart depicting the data processing and
artifact identification in three rules. Each data segment
had to pass all three rules to be labeled artifact-free.
The standardized value (z) is standardly calculated
from the raw value (x), mean (u), and standard
deviation (o).

was less than three times the minimum value of the
power spectra calculated within the 10-minute window,
it was identified as an artifact.

Table 1: Parameters of simulated artifacts [3].

Type of artifact Duration (s) Amplitude rise (%)

Rectangular 4; 15; 30; 60 25; 50; 75; 100

Fast impulse 0.04 25; 50; 75; 100; 125
Sawtooth 30; 45; 90 30; 60
Baseline drift 15; 30; 60; 120 15; 30

If a segment passed all three rules, it was determined
to be artifact-free; a positive finding in at least one of
the rules identified the segment as artifact-containing.

Statistical analysis

Sensitivity and specificity were calculated to
evaluate the performance of the detection algorithm.
As true positive values, we used the number of inserted
artifact points correctly labeled by the algorithm.
Signal segments without inserted artifacts that were not
marked by the algorithm as an artifact were considered
true negatives.

Results

Four types of artifacts with different durations and
amplitude rises were inserted into arterial blood
pressure signals. An example of a rectangular artifact,
its frequency analysis, and its detection by the
algorithm is depicted in Fig. 3. Examples of other types
of artifacts can be found in Fig. S1-S3 in
Supplementary Materials.

Table 2 presents the sensitivity and specificity
calculated for particular types of artifacts. A more
detailed view of the differences among different
artifacts’ amplitudes and durations can be found in
Tables S1 and S2 in Supplementary Materials. The
sensitivity increases with higher amplitudes of artifacts
and in longer rectangle and saw tooth artifacts. For
example, the sensitivity for the 30-s saw tooth artifact
i$ 93.37% and for the 90-s artifact is 96.84%. However,
the sensitivity for the 4-s rectangle artifact is 99.53%
but drops to 86.70% for the 15-s rectangle, 91.73% for
the 30-s, and 95.46% for the 60-s rectangle. On the
contrary, the sensitivity of detection of baseline drift
declines with increasing artifact length (7.05% for 15 s
to 2.18% for 120 s). Due to the 0% sensitivity of the
fast impulse artifacts, it was not added to the Tables S1
and S2 in Supplementary Materials.

The false positive rate was 0.00% for all artifact
types, durations, and amplitudes.
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Fig. 3: An example of a modeled rectangular artifact
with 15-s duration and 50% amplitude rise inserted
into an undisturbed ABP signal. A) ABP signal with
inserted artifact; B) Artifact frequency analysis;
C) Detection of the artifact as an algorithm output.

Table 2: Results of detection for each type of simulated
artifact

Type of artifact Sensitivity (%) Specificity (%)

Rectangular 93.35 99.34

Fast impulse 0.00 99.82

Sawtooth 94.83 99.14

Baseline drift 5.02 98.78
Discussion

The main finding of this study is that the algorithm
based on short-time Fourier transform reliably detected
rectangular and sawtooth artifacts in arterial blood
pressure signals, with sensitivities of 93.35% and
94.83%, respectively, and specificities exceeding 99%
for both artifact types. Baseline drifts were detected
with a low sensitivity of 5.02%, and fast impulses were
not detected.

The proposed algorithm presents a novel approach
that utilizes the time-varying frequency components of
the ABP signal to achieve faster artifact detection.
Specifically, a short-time Fourier transform is
employed to observe changes in the frequency
spectrum over time (Fig. 3B).

To our knowledge, this study is the first to use solely
STFT for artifact detection in ABP signals, offering
a simpler, more computationally efficient alternative to

66

complex machine learning approaches, and directly
addressing the need for real-time, accurate artifact
detection in clinical settings. Besides employment in
studies on electroencephalography (EEG) signals
[17, 18], STFT images have been used as an input for
deep learning methods for artifact detection in
photoplethysmography signals by Chen et al. [19].

In ABP signal artifact detection, STFT was partly
applied by Rinehart et al. [14]. Their algorithm was
mainly based on machine learning (ML) protocol;
however, in data preparation, they utilized a fast-
Fourier transform based convolution lowpass filter
with a cutoff frequency of 2.5 Hz and transition band
30 Hz. Subsequently, the data underwent a beat-
detection algorithm, including the Fourier transform, to
detect the dominant time constant. This approach is
similar to the first rule in our algorithm; however, we
added the other two rules to detect different types of
artifacts better.

We find the use of STFT alone advantageous because
of its straightforwardness, especially compared to
machine learning approaches. Moreover, a simpler
algorithm can be less computationally demanding,
which might be important for online data analysis. Son
et al. [8] measured the CPU time for their deep belief
network method, and the increase was twofold
compared to a non-machine-learning algorithm but still
insignificant in practical application. Additionally, the
ML detection tools are significantly reliant on the input
of large amounts of data annotated by experienced
physicians with known great inter- and intraindividual
variability [20, 21]. Compared to that, the performance
of the presented algorithm based on the STFT is
determined by tuning the parameters, and considerable
testing on clinical data is inevitable.

In our previous study [3], we found that the effect of
artifacts on the pressure reactivity index could vary
depending on their type, duration, and amplitude rise.
The most common artifact—fast impulse—had
aminimal effect as the calculation of PRx involves
a filtering process in which both input pressure
waveforms (intracranial and arterial blood pressure)
are averaged with a 10-second window. This averaging
acts as a low-pass filter and suppresses short artifacts
such as fast impulses. The same minimal effect was
observed for baseline drift; moreover, the origin of this
particular artifact is questionable and, in some cases,
might not be of an artificial origin. Therefore, during
detection algorithm development, we focused mainly
on detecting rectangular and saw tooth artifacts. In
these artifacts, we achieved sensitivity and specificity
of over 90% (Table 2), which is the general aim of
algorithm tuning in similar studies [8,9]. The
sensitivity was low for baseline drift, but the specificity
was above 90%, so identifying signals with artifacts
was preserved.

However, for the rectangle shape, the detection
sensitivity of 15-s long artifact (86.70%) is worse than
that for 4 s (99.53%). The authors speculate that there
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can be an additional effect of the designed algorithm.
The way the proposed algorithm is designed may lead
to greater sensitivity to the ratio of the length of the
computational window to the length of the embedded
artifact. The algorithm especially recognizes the sharp
edges in the analyzed signal, but the middle parts of
rectangular artifacts may be detected with less
sensitivity in some cases. The third rule assessing the
value of the second harmonic of the dominant
frequency was used for improvement of detection of
these middle parts.

We do not see as a major issue the fact that the
algorithm lacks the ability to detect the fast impulse.
The modeled fast impulse is only 0.04 s long, so its
duration is much shorter than the time resolution
capability of the detection algorithm. Moreover, it has
an insignificant effect on further analyses (like PRx
[3]), and for higher amplitudes, it can be easily
removed by simple filters, including using the
averaging incorporated in the PRx calculation.

Our study has several limitations. Firstly, we
acknowledge that the presented algorithm may
encounter challenges in identifying some modeled
artifacts. We focused the detection algorithm
development on the artifacts with larger under-curve
areas with a more pronounced effect on PRx and other
secondary calculations and signal processing. In
rectangular artifacts, the problem can be attributed to
outliers in the frequency spectrum that may hinder the
accurate detection of these artifacts. Furthermore, our
algorithm was primarily designed and tested in
controlled settings using modeled artifacts on ABP
waveforms within a tight MAP range of 90 + 5 mmHg
and in the absence of arrhythmias. The subsequent
crucial phase has to involve further testing and refining
the algorithm using real clinical data, particularly when
faced with varied pathophysiological conditions.

Moreover, the algorithm is intended for artifact
detection but does not solve the problem of
management of the artifact-containing waveform. On
the other hand, in many cases, the clinician does not
need a substitute for an artifact-polluted physiological
parameter, whereas they need to know that the
presented value itself or as an input for a secondary
parameter calculation is burdened with inaccuracy.

The algorithm development and testing have been
limited to four modeled artifacts so far, and for
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example, large complex artifacts were not included in
the analysis. However, this approach has been used in
other studies as well, besides other reasons due to a lack
of gold standard for artifact annotation and frequent
interindividual ~ disagreement among annotators
[20, 21]. Li et al. [5] also modeled artifacts of different
shapes in Matlab software and used them to evaluate
their artifact detection tool. Rinehart et al. [14]
developed their algorithm on induced artifacts of low
and high positions of pressure transducer and damped
signal; other artifacts like arterial line flushes and
motor-evoked potential monitoring were filtered out.
Subsequent evaluation of the detection of real-life
artifacts is an essential next step. Future development
should focus on refining the algorithm to better handle
complex artifacts and integrating it into signal
recording software, with the ultimate goal of
embedding it into bedside monitors for real-time
clinical use.

Conclusion

This study successfully demonstrates the potential of
a short-time Fourier transform-based algorithm in
enhancing the detection of artifacts in arterial blood
pressure signals. Although this algorithm shows
promise in identifying ABP artifacts, its training has
been limited to simulated data. The high sensitivity and
specificity observed for clinically significant
rectangular and sawtooth artifacts highlight the
algorithm's potential to improve the accuracy of
secondary calculations, such as PRx, in neurocritical
care. Continued development and testing in diverse
clinical conditions will be crucial to fully realize the
algorithm's potential in real-time clinical monitoring.
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Fig. S1: An example of a modeled saw tooth artifact with duration of 15 s and 50% amplitude rise inserted into an
undisturbed ABP signal. A) ABP signal with inserted artifact; B) Artifact frequency analysis; C) Detection of the artifact
as an algorithm output.
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as an algorithm output.
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Table S1: Comparison of the algorithm's sensitivity and specificity (%) depending on the modeled artifact's duration.
The results are an average for all amplitudes of the given type of artifact.

Rectangle

Saw tooth

Baseline drift

4s

30s

15s

Sensitivity 99.53

Sensitivity 93.37

Sensitivity 7.05

Specificity 99.45 Specificity 99.39 Specificity 99.42
15s 45s 30s

Sensitivity 86.70 Sensitivity 94.28 Sensitivity 6.35
Specificity 99.42 Specificity 99.29 Specificity 99.34
30s 90s 60s

Sensitivity 91.73
Specificity 99.35

Sensitivity 96.84
Specificity 98.74

Sensitivity 4.48
Specificity 99.16

60s

120s

Sensitivity 95.46
Specificity 99.15

Sensitivity 2.18
Specificity 97.21

Table S2: Comparison of sensitivity and specificity (%) of the algorithm depending on the amplitude rise of the modeled
artifact. The results are an average for all durations of the given type of artifact.

Rectangle Saw tooth Baseline drift
25% 30% 15%
Sensitivity 87.31 Sensitivity 94.03 Sensitivity 0.89

Specificity 99.35

Specificity 99.14

Specificity 98.78

50%

60%

30%

Sensitivity 94.31
Specificity 99.35

Sensitivity 95.62
Specificity 99.14

Sensitivity 9.14
Specificity 98.79

75%

Sensitivity 95.39
Specificity 99.38

100%

Sensitivity 96.40
Specificity 99.29
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