DE GRUYTER

Current Directions in Biomedical Engineering 2020;6(3): 20203131

Jonas Massmann*, Timo Tigges, and Reinhold Orglmeister

Continuous signal quality estimation for
robust heart rate extraction from
photoplethysmographic signals
https://doi.org/10.1515/cdbme-2020-3131

Abstract: This study presents a novel method for estimating the signal quality of photoplethysmographic (PPG) signals. For this purpose a robust classifier is implemented and
evaluated by using finger- and inear-PPG. A new procedure is
proposed, which uses feature reduction to determine the Mahalanobis distance of the PPG-pulses to a statistical reference
model and thus facilitates a robust heart rate extraction. The
evaluation of the algorithm is based on a classical binary classification using a manually annotated gold standard. For the
finger-PPG a sensitivity of 86 ± 15 % and a specificity of
94 ± 13 % was achieved. Additionally, a novel classification
method which is based on a continuous signal quality index is
used. Pulse rate estimation errors greater than 5 BPM can be
detected with a sensitivity of 91 ± 13 % and a specificity of
91 ± 15 %. Also, a functional correlation between the signal
quality index and the standard deviation of the pulse rate error
is shown. The proposed classifier can be used for improving
the heart rate extration in pulse rate variability analysis or in
the area of mobile monitoring for battery saving.
Keywords: signal quality index, artifacts, pulse oximetry,
photoplethysmography, heart rate

1 Introduction
Pulse oximetry is an inexpensive, optical measuring method,
which has already become established as a standard procedure
for non-invasive measurement of arterial oxygen saturation in
1987 [5]. Besides, other vital parameters such as blood pressure, pulse rate or respiration rate can be continuously determined with photoplethysmography (PPG). With its portable
and cost-effective application, pulse oximetry is an important
component in monitoring of critically ill patients. Also, the
general interest in portable monitoring systems for the vital
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parameters has been rising for several years [1]. Due to the
mobile application, however, it is highly susceptible to motion
artifacts that make the signal unusable.
Therefore, an important aspect is the detection and interpretation of interferences in the signal. In the literature, numerous publications have appeared in recent decades on the
detection of artifacts, which already detect disturbances with
adequate accuracy. Nevertheless, motion artifacts in the PPG
are still a major challenge and no gold standard for detection
has yet been established.
It is noticeable that nearly all the analyzed publications
are based on a hand-annotated gold standard. There is no uniform annotation of the pulses and the assessment of the signal quality is very individual. It is not clearly defined when
the quality of the measurement is no longer sufficient and the
pulse is not suitable for further analysis. For example, in [1]
two independent annotators for the quality assessment of pulse
waves could only achieve an average agreement of 66.04 % of
all observations (kappa coefficient of 𝜅 = 0.48).
In this paper the following three questions are analyzed
and discussed:
– How can motion artifacts in the PPG be better detected
using a beat-to-beat algorithm?
– Which morphological features are suitable as a continuous signal quality index (SQI) for the quality assessment
of pulse waves?
– Can morphological features be used to determine a certainty for an estimated pulse rate?

2 Methods
2.1 Algorithm
To estimate the pulse wave quality a robust classifier is implemented and evaluated. A new procedure is proposed, which
uses feature reduction to determine the Mahalanobis distance
(MD) of the PPG-pulses to a statistical reference model.
Prior to the actual pulse analysis, the raw signal 𝑦𝑟𝑎𝑤 (𝑛)
is preprocessed and the individual pulses must be segmented.
In the preprocessing a 4th order Butterworth lowpass filter
with a cut-off frequency of 20 Hz and second filter stage
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mental statistical reference is formed during the initialization
phase and updated during the further process. For the validation of the pulse quality, the distance 𝐷 between the parameter
vector 𝑃𝑖 and the reference distribution 𝑀 is calculated with
𝐷 = ||𝑀 − 𝑃𝑖 ||. This can be solved using the MD with
√︁
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Fig. 1: Superordinate signal path. The schematic procedure of the
beat-to-beat pulse analysis is highlighted in grey.

with a 4th order Butterworth high pass filter and a cut-off frequency of 0.5 Hz is used. To adjust the sampling frequencies
of the PPG to the ECG, a spline interpolation is used, which is
aligned with the sampling points of the ECG signal. The algorithm presented by Zong et. al. was used to detect the diastoles
in finger- and inear-PPG [9], which were used for the pulse
segmentation. After an initialization phase, quality estimation
is performed beat-to-beat for each separated pulse. The signal
flow is shown in figure 1 on the left side.
In pulse analysis, each pulse is normalized, modeled and
evaluated separately. This beat-to-beat pulse analysis is shown
in the flowchart in figure 1 on the right side. For normalization, the DC signal component is removed, by setting the value
of the first diastole to zero. Since start and end value are not
necessarily the same, a linear correction is applied. Furthermore, the pulse waves are normalized to the systolic point
and thus have a uniform height of one. Finally, the length of
each pulse is normalized, using the method for compression
of ECG signals by Wei et al. [2], which is also suitable for
PPG-signals [4]. A fixed length of 512 samples showed the
best results.
In the feature reduction, each normalized pulse is reduced
to a set of parameters 𝑃𝑖 , which are representing the signal
morphology as accurately as possible. In the present study,
three different types of signal modeling techniques are tested.
The first analysed model is based on various morphological
parameters. The second tested model is based on the system
response, and the last model is using a curve-fitting procedure
to remodel the pulse wave. All modeling functions are returning the vector 𝑃𝑖 , which is used for determining the quality
index.
In the multivariate distribution 𝑀 the parameter values 𝑃𝑖
of 𝑁 artifact-free pulses are stored. This constitutes the fundamental truth with which further pulses are rated. The funda-

−1
(𝑃𝑖 − 𝜇𝑀 )𝑇 𝛴𝑀
(𝑃𝑖 − 𝜇𝑀 ),

(1)
whereby 𝜇𝑀 ,𝑖 is the empirical mean and 𝛴𝑀 ,𝑖 is the covariance matrix of 𝑀 during analysis of the 𝑖-th pulse wave. The
MD has the major advantage that it is scale-invariant, unitless
and takes the correlation of the parameters into account.
To achieve an adaptive classification which can adapt to
signal changes and is patient independent, artifact-free pulse
waves are learned during the process. If the MD of a new pulse
is less than or equal to a learning threshold 𝐷 ≤ 𝑣 , its parameter vector 𝑃𝑖 is added to the basic statistical truth 𝑀 . Due to
performance reasons only the updated mean value and the covariance matrix is saved. Apart from the initialization phase,
these can be calculated iteratively, which makes real-time implementation easier. Based on an initialization value, the 𝑖-th
arithmetic mean value can be calculated elementwise with
𝜇𝑀 ,𝑖 (𝑘) = 𝜇𝑀 ,𝑖−1 (𝑘)

𝑃𝑖 (𝑘) − 𝜇𝑀 ,𝑖−1 (𝑘)
[8].
𝑁

(2)

The iterative estimation of the covariance matrix results in
𝛴𝑀 =

𝑁
1 ∑︁
(𝑃𝑖 − 𝜇𝑀 )(𝑃𝑖 − 𝜇𝑀 )𝑇 [3].
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The MD results in the SQI. To achieve a bounded measure, the calculated distances D are considered in the space of
the cumulated 𝜒2 -distribution function 𝐹𝜒 given by
(︀
)︀
SQI = 100 · 1 − 𝐹𝜒 (𝐷(𝑃𝑖 , 𝜇𝑀 ,𝑖 , 𝛴𝑀 ,𝑖 ) | 𝑀 ) .
(4)
1 − 𝐹𝜒 indicates the complement of the cumulative 𝜒2 distri-

bution function. The degree of freedom is given by the number
of modeling parameters 𝑀 , according to the feature vector 𝑃𝑖
length. Consequently, the SQI ranges over a limited range of
values between 0 and 1, which simplifies later interpretation.

2.2 Data foundation
The data of a transmissive finger- and a reflective inear-PPG
measurement of 30 healthy patients are used, resulting in an
analysis of 160175 pulse waves. Due to the slightly different
morphological properties, the finger- and inear-PPG signal are
evaluated separately to see where the algorithm performs best.
For validation, an additional ECG-signal was used, which was
recorded simultaneously. The ECG was recorded with a sampling frequency of 500 Hz, whereas the PPG signals with a
sampling frequency of 250 Hz. For further information about
the data acquisition please refer to [7, 6].

in BPM

Fig. 3: Exemplary extract of
ROC-curves over different pulse
rate error bounds ℰ𝜃 . The red
dots mark the optimal Youden
index.

2.3 Evaluation methods
The evaluation of the algorithm is conducted in three steps.
First of all, a binary classification for the identification of
strong artifacts in the PPG is conducted, which is evaluated
using a manually annotated gold standard. The binary classification is rated by sensitivity and specificity. The optimization
is based on the receiver operating characteristic curve and the
area under the curve is used to determine the optimal threshold. In the first place, the different models are analyzed separately and the optimal model parameters are determined. Secondly, the optimal threshold for each model is searched by
using the Youden index. With having the optimal threshold
for each model, a comparison of the three models is done in
the last step. This evaluation is performed separately for the
finger-PPG and the inear-PPG.
In the second step of the evaluation the classification is
based on a continuous signal quality index and is optimized
and evaluated with respect to the estimation error of the pulse
rate. The classification problem is reduced to a binary problem, using a variable error bound. Therefore, a ROC-analysis
is done with multiple error bounds ℰ𝜃 , shown in figure 3. This
leads to a set of Area Under Curve (AUC) values (see figure
2), which can be summed up to a performance value and used
as an optimization parameter. The actual optimization process
is equivalent to the binary classification with a manually annotated gold standard, comprising a parameter finding of each
model with an AUC optimization, a threshold optimization for
every single model and a model comparison.
Finally, the classification is evaluated using a continuous
SQI. For this purpose, the MD is considered as quantiles in
the space of the 𝜒2 -distribution function. It is assumed that
the previously determined model of binary classification with
a variable error bound is also best suited for the determination
of a continuous SQI. Another optimization process is therefore

3 Results
For the binary classification based on hand-annotated pulses
the polynomial model with an order of five showed the best results. This leads to a sensitivity of 86±15 % and a specificity of
94 ± 13 % for the dataset of the finger-PPG. The results of the
inear-PPG fall slightly below the finger-PPG with a sensitivity
of 77 ± 15 % and a specificity of 76 ± 20 %. By removing the
negative classified pulses in the finger-PPG the pulse error rate
can be improved from 1.24 ± 7.87 BPM to 0.71 ± 5.49 BPM.
The same holds true for the inear-PPG, with an improvement
from 3.56 ± 16.41 BPM to 2.93 ± 15.46 BPM.
For the binary classification based on a variable pulse rate
error threshold, the feature-based model using a combination
of the first derivative, the pulse length and the skewness, performs the best. A fixed threshold for error bounds is found.
The classification results for both measurements are shown in
figure 4. Thereby pulse rate errors in the finger-PPG greater
than 5 BPM can be detected with a sensitivity of 91 ± 13 %
and a specificity of 91 ± 15 %. Pulse rate errors less than
4 BPM are almost undetectable. The data set of the inear-PPG
results in slightly better classification rates with a sensitivity
of 91 ± 5 % and a specificity of 93 ± 16 % for pulse error
rates above 6 BPM. In the last evaluation, which is based on
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Fig. 2: Exemplary representation of AUC through a set of
error bounds ℰ𝜃 .
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not pursued. By observing the SQI with respect to the absolute pulse error, an exponential correlation can be presumed.
Therefore, the moving standard deviation of the standard error is calculated using a bootstrapping method. The averaged
values of the standard deviations per window interval are then
fitted using an exponential function. This is used for pulse rate
correction, with respect to a fixed pulse rate error threshold.
The estimated standard deviation is used to set this threshold.
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Fig. 4: Sensitivity SE and specificity SP of the classification, calculated over all error borders using a fixed threshold. The classification result of the finger PPG and the inner ear PPG is shown in
red. In grey the respective 95 % confidence intervals.
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Fig. 5: Curve fitting of the MD in 𝜒2 -space with respect to the
standard deviation.

This can be used for a correction of the pulse rate estimation, based on a variable error bound. In figure 6, a correction
of pulse rate errors less then 5 BPM is done. This leads to a reduction of the pulse rate estimation error from 1.24±7.87 BPM
to 0.44 ± 1.39 BPM for the finger-PPG and 3.56 ± 16.41 BPM
to 0.46 ± 2.09 BPM for the inear-PPG.
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4 Conclusion & Outlook
The presented algorithm enables a robust detection of signal
artifacts in PPG-signals with very good results. Compared to
other algorithms, the novel algorithm shows particularly good
classification results. The SQI can improve autonomous PPG
analysis without ECG. Especially in the area of pulse rate variability analysis it can be a great benefit to have a signal quality information. Additionally, it can be used for battery saving
methods in the area of mobile monitoring.
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a continuous SQI, a direct functional correlation between the
SQI and the standard deviation of the pulse rate error is shown.
By using the moving standard deviation with a window size of
10 %, the bootstrap method reaches a 95 % confidence interval of ± 1.91 BPM. The exponential fitting takes place with a
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