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Abstract. Autonomic nervous system (ANS) regulates many important systems
in the human body, such as blood pressure, heart rate, digestion, respiratory system
and many others. Dysfunction of the ANS is related to disorders in different
systems in the human body, and it can be recognizable in the ANS biosignals.
Digital signal processing (DSP) of the ANS biosignals provides information about
the functioning of the autonomic nervous system, which is very useful in everyday
clinical practice. There is a large variety of different methods for ANS signals
analysis, with different features extracted. Due to the increase in the collectible
amount of data, there is a growing demand for the automatization of the signal
analysis process, which could reduce human error, save time and improve the
quality and the accuracy of the calculated results.
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1 Introduction

The autonomic nervous system (ANS) regulates many important systems in the human
body, such as blood pressure, heart rate, digestion, respiratory system and many others.
These systems have in common that they are mostly independent of humanwill. Accord-
ing to its function, the ANS could be divided into the sympathetic nervous system (SNS)
and the parasympathetic nervous system (PNS). SNS is activated in situations where the
body needs to prepare for the possible threat, “fight or flight” situations.

In these situations, the main purpose is to optimize body functions for possible
danger, such as pupil dilatation and more light entering the eyes and an increase in blood
pressure and heart rate with bronchial dilatation leading to greater blood oxygenation.
As opposite, PNS is responsible for “rest and digest” situations, where the body needs to
recover and the only purpose is to optimize body functions for basic maintenance, such
as a decrease in blood pressure and heart rate which enables conservation of energy [1].

Dysfunction of the ANS is related to disorders in different systems in the human
body, and it can be recognizable in the ANS biosignals. Digital signal processing (DSP)
of the ANS biosignals provides information about the functioning of the ANS, which
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is very useful in everyday clinical practice. The purpose of this manuscript is to present
possible methods for the analysis of the ANS biosignals. In Sect. 2 ANS testing and
data acquisiton will be briefly described. Section 3 presents time and frequency domain
characteristics of the ANS biosignals and Sect. 4 presents additional methods of the
ANS biosignals analysis.

2 ANS Testing and Data Acquisition

The basis of the testing of the ANS is the response of different systems that are under
its influence (like heart rate and blood pressure) to different well-defined challenges.
Because of this, there is no unique test, and usually, a battery of different autonomic
tests, that combines different approaches, is used in clinical practice [2].

One of the most frequently examined parts of the ANS is the cardiovascular auto-
nomic nervous system, because it has easily recordable biosignals – heart rate (HR) and
blood pressure (BP). Basic cardiovascular biosignals are presented in Fig. 1.

Fig. 1. Presentation of the basic ANS biosignals, in the form of heart rate (HR) and blood pressure
(BP), a property of the University Hospital Center Zagreb

2.1 Types of ANS Testing

ANS recordings are usually performed in laboratory conditions, however, they can also
be performed bedside. A typical laboratory for ANS recordings is presented in Fig. 2.
Continuouslymonitoring of blood pressure and heart rate is performedwith pressure cuff
and ECG electrodes, with a patient in the supine position. Different measurement proce-
dures are usually performed: heart rate and blood pressure response toValsalvamaneuver
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– a measure of parasympathetic and sympathetic function; heart rate response to deep
breathing test – measure of parasympathetic function; and blood pressure response to
passive tilt or active standing – a measure of sympathetic function [3, 4]. Additionally, a
sudomotor function can be tested with the quantitative sudomotor axon reflex sweat test
(QSART) or with the sympathetic skin response (SSR), which presents the momentary
change of the electrical potential of the skin.

2.2 Duration of Recordings

Different clinical procedures require a different amount of information, and because of
this, recordings of different duration can be performed. Usually, recordings are divided
into short-term and long-term recordings. Short-term recordings usually have a duration
from 0.5 to 5 min and are related to specific conditions [5]. Long-term recordings are
usually defined as 24-h Holter recordings, performed with wearable sensors in subjects
freely moving under daily conditions. Different durations of recordings acquire different
interpretations, and additional information is necessary for detailed analysis. Some of
the variables important for long-term recordings interpretation are physical activity and
posture [6].

Fig. 2. Laboratory for autonomic nervous system testing, Department of Neurology, University
Hospital Center Zagreb

2.3 Characteristics of the Specific Types of Recordings

When recordings are performed in laboratory conditions, all variables can be well
controlled, such as patient’s activity and environmental conditions (temperature…).



Analysis of Autonomic Nervous System Biosignals 23

Analysis of the data can be performed in real time and possible difficulties, that could
influence the quality of recorded material, can be corrected in real time through active
cooperation with the patients. But, this type of examination is time consuming and it
enables recording only a limited number of patients with a limited amount of data.

Because of that, various possibilities are examined, to see how a bigger amount of the
ANS data could be collected. One of the examples is presented in the work of Komazawa
et al., where they collected information from more than 27 000 subjects [7]. With the
smartphone camera, that detects the pulse waveform from luminance changes of blood
flow on the tip of the finger, the information for HRV analysis were collected. The appli-
cation enables the collection of a large amount of data at any time, it acquires data about
the brightness of the skin and derives a pulse wave based on luminance change. Acquired
data is analyzed and the information about the sympathetic and parasympathetic activity
is presented on the user’s mobile phone.

When performing recordings in non-laboratory conditions (such as a mobile appli-
cation), it is more convenient to record a bigger number of patients and collect a large
amount of data. Also, recording in non-laboratory conditions could provide information
about the functioning of the ANS through daily activities. But there are also some disad-
vantages to this type of recordings. There is no active cooperation with the patients and
no control over recording environmental conditions. The quality of data depends on the
patient’s cooperability and responsibility, and only off-line analysis is available, with
no insight into the data quality during the recordings. Data acquisition is dependent on
the relationship between the sensor and the skin, and this relationship can vary through
daily activities. The smartphone and similar applications have a much lower sampling
rate than the laboratory devices (30 Hz vs 1000 Hz), and this also influences the quality
of the recorded signal [8].

The quality of the recorded signal can be improved with the measurement of the
quality information feedback for the participants, user can discard corrupted data and
repeat the measurement, but in most cases, this part of the application is not included
[9].

Differences in the collection of the data can provide different insights into the ANS
activity, and regarding the type of study design, different characteristics of the signal are
appropriate.

3 Time and Frequency Domain Characteristics

Recorded signals can be analyzed through different procedures. Basic cardiovascular
biosignals, heart rate and blood pressure, have different time and frequency domain
characteristics.

3.1 Heart Rate

The highest emphasis in everyday clinical practice is the analysis of the heart rate (HR).
The analysis is usually performed in the time domain in the form of heart rate variability
(HRV): standard deviation of RR interval (SDRR), a standard deviation of NN inter-
vals (SDNN), root mean square for standard deviation (RMSSD); and in the frequency
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domain in the form of spectral analysis: Power Spectral Density (PSD), low frequency
(LF, 0.04–0.15 Hz), high frequency (HF, 0.16–0.4 Hz) and LF/HF ratio [10]. There is a
large number of time-domain and frequency-domain measures, but the most important
question is which of these variables have clinical meaning, and according to that the
variables for analysis should be selected [11].

HR signals by their nature can be non-stationary and non-linear, and because of that,
the non-linear analysis is also useful in quantification of the structure and complexity of
the HR signals [12]. Different metrics, such as detrended fluctuation analysis (DFA), the
approximate entropy and correlation dimension, are variables of interest for this type of
analysis.

3.2 Blood Pressure

The other important ANS variable is blood pressure (BP). It can be analyzed in the time
domain in the form of systolic blood pressure (sBP), diastolic blood pressure (dBP),
pulse pressure (PP) or mean arterial pressure [13]. Also, analysis can be performed in
the frequency domain in the form of power spectral density (Fast Fourier Transform
– FFT), mean and total power, LF band (0.04 to 0.15 Hz), HF band (0.4 to 1.5 Hz) [14].

4 Additional Methods of ANS Signal Analysis

With the growth of the amount of data and different recording procedures, there is a
need for additional methods for DSP of ANS biosignals.

4.1 Heart Rate Variability (HRV)

One of the most commonly used methods is heart rate variability (HRV) analysis. The
method has well defined protocol and clear mathematical definitions [15]. The most
frequently used variable is SDNN (standard deviation of the normal-to-normal interval),
and it presents a marker of overall HRV with the contribution of both, sympathetic and
parasympathetic nervous system activity. The type of HRV analysis is dependent on
the duration of the recordings, which can be divided into short-term (5 min) and long
term (24 h) recordings [11]. Data for analysis can be collected with different recording
devices (hardwired/wireless photoplethysmography; ring, hand, or chest-based sensors)
and analysis can be performed on-line or on a server [16]. Longitudinal HRVmonitoring
is suitable for “big data” analysis and there are machine learning models for risk predic-
tion based on HRV [17]. The disadvantage of the method is that there are different types
of software for its analysis and there can be disagreement between different methods for
estimation of HRV [18].

4.2 Baroreflex Sensitivity Indices (BRS)

The baroreflex sensitivity (BRS) index is an important cardiovascular indicator that
allows the quantification and analysis of the body’s adaptability to hemodynamic changes
[19]. Newly introduced BRS indices are BRSa1, α-BRSa, β-BRSa and vagal index
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BRSv. BRS indices are calculated from the systolic blood pressure (sBP) curve dur-
ing the Valsalva maneuver [20, 21]. Indices are usually calculated manually, which is a
time-consuming process and dependent on the subjective assessment, which improved
the risk of human error. To reduce the subjective human error, reduce the necessary time
and improve the precision of the calculated indices, the semi-automated application for
calculation was introduced [22]. Semi-automated results showed a statistically signifi-
cant high association with manually calculated indices, and the results of the application
are presented in Fig. 3. Subjective assessment and the likelihood of human error are
considerably reduced by using semi-automated calculation, and the application is time
saving so it enables analysis of a large amount of data.

Fig. 3. Example of BRS indices calculation, sBP – systolic blood pressure, the property of
University Hospital Center Zagreb

4.3 Blood Pressure and Pulse Rate Variability

Similar to HRV, blood pressure (BP) variability can also be calculated and it varies
depending on the duration of BP recordings [23]. Very short-termBP variability presents
standard deviation or fluctuation of BP in various frequency bands, mostly recorded in
laboratory conditions. Short-term BPV is expressed in the form of standard deviation,
coefficient of variation (CoV), 24-h weighted SD, and average real variability (ARV),
mostly recorded through the 24 h ambulatory BP monitoring (ABPM). Long-term BPV
is related to ABPM over 48 h or home BP monitoring.

(HBPM) over several days or weeks, but it has questionable reliability due to the
long duration of the recordings.

Pulse rate variability (PRV) is calculated by pulse oximeter photoplethysmography
(PPG), a method that detects blood volume variations in the body tissue, and it provides
an estimation of the heart rate. PRV is calculated from the peak to peak time intervals of
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the PPG signal [24]. PRV could substitute HRV in some non-stationary situations with
the usage of wearable and portable medical devices, and because of its robust signal in
some situations, PRV has more practical value than HRV signal [25]. A disadvantage of
the method is that PRV shows considerable variations regarding the measurement sites
[26].

5 Conclusion

Autonomic nervous system testing can be performed in different conditions and there
is a large variety of different types of signal analysis, regarding the parameters of the
signals and type of signal acquisition. Due to the increase in the collectible amount of
data, there is a growing demand for the automatization of the signal analysis process,
which could reduce human error, save time and improve the quality and the accuracy of
the calculated results.
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