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Abstract—Photoplethysmography (PPG) provides a non-
invasive technique for recording human vital signs. However,
PPG is normally collected via wearable devices that are prone
to suffer from artifacts. Signal corruption by artifacts will
negatively influence measurement accuracy. Regards to this, a
signal quality assessment (SQA) system is essential for obtaining
reliable measurement. Traditionally, the design flow of SQA
mainly relies on the expert’s subjective annotations. In this
work, we present an ECG-aided signal quality assessment system
for PPG. By utilizing the physiological connection between PPG
and ECG (electrocardiography), proposed SQA has a higher
ability to recognize low-quality signals. Finally, we verified our
system on the application of heart rate estimation. Compared
to the conventional methods, the proposed system has a better
rejection rate of high-error signals (0.816 v.s. 0.776), hence,
achieving a lower mean absolute error in the estimated heart
rate (1.699 bpm v.s. 1.901 bpm).

Index Terms—Photoplethysmography, Signal Quality, Heart
Rate Estimation.

I. INTRODUCTION

Photoplethysmogram (PPG) offers a non-invasive way in
the measurement of several human vital signs. Due to its
simplicity, it has been widely used in a variety of wearable
devices to acquire several vital signs, such as heart rate
and respiratory. However, the accuracy of extracting such
vital signs highly depends on the quality of the signal.
Noisy signals often produce false alarm, causing significant
performance degradation [1]. In the case of heart rate esti-
mation, plenty of noises can be generated due to wearing
habits and circumstances, and they will greatly influence
signal characteristics. Even though there are many existing
pre-processing algorithms for removing different types of
noise, it hardly recovers the signals with severe corruption.
So, it is essential to detect corrupted signals before applying
the heart rate estimation. Regards to this, a signal-quality
checking can be considered as an important initial stage
for reliable vital measurements.

Recently, several methods for the assessment of the signal
quality have been proposed. The existing PPG signal quality
assessment (SQA) algorithms can be categorized into two
common approaches, that is,
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Fig. 1: Concept of the ECG-aided PPG signal quality assessment system.

1) Rule-based SQA Algorithms
The main concept of rule-based SQA is to find sets of

fiducial features, which can be used to represent the signal
with good quality. For example, Selvaraj et al. [2] evaluated
statistical features, such as kurtosis and Shannon entropy,
measured from PPG signals to determine whether the
signals are within the acceptable statistical range. Further-
more, the authors of [3], [4] proposed hierarchical signal-
quality decision rules to exclude signals with low quality.
Rule-based designs might be lack of the adaptivity to the
signals under other scenarios since the general criteria of
signal-quality evaluation haven’t been found for all noisy
signals.

2) Machine-learning-based SQA Algorithms
Different from rule-based SQA algorithms, machine-

learning-based algorithms can generate a multivariate
threshold of signal quality in a data-driven way. For ex-
ample, Li et al. [5] proposed signal quality indices that are
calculated by the correlation coefficient of the signals and
the template, then used multi-layer perceptron (MLP) to
predict the acceptable probability of the signals. In addition
to these signal-quality metrics, there are other features
extracted from the frequency domain, time domain [6], and
non-linear domain [7]. Next, with the signal quality labeled
from experts, they can use some machine-learning algo-
rithms to automatically create the signal-quality criteria.
The main drawback of the work is that the signal quality
judgment is related to human subjective consciousness,
making the system difficult to reproduce, and the quality
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Fig. 2: Schematic diagram of PPG measurement process.

judged by experts is not necessarily linked with usability.
To solve the drawbacks mentioned above, an ECG-aided

PPG signal quality assessment (SQA) system is proposed.
The concept of the system is shown in Fig. 1. The main
contributions of this work are as follows:

1) Different from related works, our quality label is di-
rectly from the reference signal, ECG, based on the
physiological connection of ECG and PPG on the heart
rate.

2) Verified in the case of heart rate estimation, proposed
method has a better ability to detect low-quality signals
than conventional method (0.816 v.s. 0.776).

II. BACKGROUND

A. Photoplethysmography

Photoplethysmography (PPG) is an optical technique that
can be used to detect the blood volume changes in the
vessels with non-invasive methods. The commonly used
positions to measure PPG signals are fingertips and wrists.
When the light from the light-emitting diode reaches the
skin surfaces, the contraction and expansion of blood ves-
sels will absorb the transmissive or reflective light, which
leads to the attenuation of the light. The residue of the
light is measured by the photodetector. The example of
measured PPG waveforms is shown in Fig. 2. When measur-
ing PPG, some factors are causing unstable signal quality,
including:

1) Ambient light
2) Loss of contact
3) Motion

Corrupted signals may result in false alarm [1] or inac-
curate results of the vital measurement. To obtain accurate
vital measurement results, it is necessary to do the signal-
quality checking before extracting vital measurement.

B. Heart Rate Estimation

One of the most popular applications in wearable devices
is heart rate estimation. So, we consider to use heart rate
estimation as the application to illustrate our idea. Nor-
mally, for the efficient consideration of wearable devices,
spectral tracking is always employed [8]. As illustrated in
Fig. 3, spectral tracking relies on the previous estimation of
heart rate. However, severe corruption of the signal happens

Fig. 3: The framework of heart rate estimation with spectral tracking and signal
quality assessment.

Fig. 4: Illustrates inaccurate heart rate
estimation caused by wrong spectral

tracking.

Fig. 5: SQA can prevent estimation errors.
The grey region means corrupted

segments, which should be discarded.

sometimes and interrupts the tracking process, which is
shown in Fig. 4. Since spectral tracking heavily relies on
the previously estimated heart rate, we need to ensure the
tracking process has a good initial starting point. Zhang et
al. [8] used kurtosis of the PPG spectrum as an indicator of
noise corruption, it can be treated as a signal-quality check.
From this, we know the importance of SQA. By comparing
the accuracy of heart rate estimation in Fig. 4 and Fig. 5,
the results shown in Fig. 5 illustrate that SQA helps avoid
heart rate tracking errors when it detects signal corruption.
Overall, the mechanism with SQA helps in improving the
reliability of overall measurement.

C. Signal Quality

We have stated SQA plays an important role in obtaining
reliable measurements. A crucial point for designing SQA
is to find out the definition of signal quality. Although
many experts devoted themselves to figure the judgment
of informative signals, to the best of our knowledge, there
is still no explicit definition of signal quality.

1) Case study in Heart Rate Estimation
In this part, we will discuss the problems of the definition

of signal quality. Previously, people used to judge the signal
quality is by the morphology of the signals [5]–[7]. Even
though this intuitive method can have high accuracy in
discriminating the signal quality, some ambiguous signals
contradict with the human’s subjective consciousness. The
examples of ambiguous signals are shown in Fig. 6. In Fig.
6 (a), the signal that seems to be less affected by noise has
the wrong prediction for heart rate. On the contrary, in Fig.
6 (b), the signal with corruption can be measured correctly
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(a)

(b)

Fig. 6: Examples of ambiguous signals. (a)The ambiguous signal with acceptable
waveform and incorrectly estimated heart rate. (b)The ambiguous signal with

unacceptable waveform and correctly estimated heart rate.

by the algorithms. Based on these two examples, it can
be seen that human’s and machine’s judgments on signal
quality are inconsistent sometimes. Therefore, the labeling
approach according to the waveform is not an appropriate
and dependable way to classify the signal quality.

Regards to the problems of labeling, we use ECG to assist
the quality check of the signal. By this means, we can have a
better reference for the quality in the heart rate estimation
application.

III. DATASET AND ANNOTATION PROCESS

In this section, the dataset used to verify SQA algorithms
and the annotation process of the signal quality will be
explained below.

A. Data Collection

The dataset contains two-channel PPG signals and a
channel ECG signal in each subject (11 male and 1 fe-
male, ages from 22 to 25). PPG signals are recorded from
wrist-type PPG sensors with a green LED. ECG signals
are recorded from the chest using Procomp Infiniti. The
sampling rates of PPG and ECG are at 100 Hz and 256 Hz
respectively.

To generate some artifacts or corruption to the signals,
subjects are asked to type the same article during the
collection of wrist PPG. The experiment flow is shown
in Fig. 7. At the beginning of experiments, subjects are

Fig. 7: Experiment flow of the data collection.

(a)

(b)

Fig. 8: Overall framework of proposed ECG-aided PPG signal quality assessment
system. (a)Training stage. (b)Inference stage.

requested to be static in 2 minutes. Afterward, they type the
article for 1 minute. This process is repeated for 5 times,
the total length of the experiment is 15 minutes.

B. Quality Annotation

The purpose of our work is to evaluate whether the signal
quality is good enough for extracting the correct heart rate.
Hence, the quality annotation should be related to the
usability of signals in the case of heart rate estimation.
Considering ECG signals as the reference for heart rate
calculation, the quality annotation (Q) is listed below.

Q =
{

1, |HRPPG −HRECG | ≤ δ,
0, |HRPPG −HRECG | > δ.

(1)

We set a tolerance range of δ = 5 for the estimation
error between the heart rate calculated from ECG (HRECG )
and PPG (HRPPG ). If the error is within the tolerance, it
means that the signal can be successfully estimated by
the algorithm. Thus, the signal quality will be labeled as
high-quality signals. Otherwise, it will be recognized as low-
quality signals.

IV. PROPOSED ECG-AIDED PPG SIGNAL QUALITY

ASSESSMENT SYSTEM

A. Overview and Processing Flow

The processing flow of the proposed SQA system includes
data pre-processing, feature extraction, and classification.
It is shown in Fig. 8, including the training stage and the
inference stage.

The following description focuses on the details of the
training stage. During the pre-processing, PPG signals are
separated into non-overlapping 10-second segments, and a

Authorized licensed use limited to: National Taiwan University. Downloaded on November 04,2020 at 10:27:40 UTC from IEEE Xplore.  Restrictions apply. 



TABLE I: All candidate features

Feature Type Features

Statistics
Features

Median
Range

Standard Deviation
Kurtosis

Skewness
Entropy

Frequency
Domain
Features

PSD in {1Hz, 3Hz, 5Hz, 7Hz, LF, HF}
FREQSTD, LF/HF

Morphologiclal
Features

MF
MFSTD

PSD: Power Spectral Density; LF : PSD in 0.01Hz-3Hz;
HF : PSD in 1Hz-3Hz

bandpass filter (0.5-15Hz) is employed to remove the base-
line of the PPG. Next, feature extraction is performed on
processed PPG signals. We extract linear and morphological
features to help the evaluation of the signal quality. All
these extracted features are simple to compute, which are
shown in TABLE I. Then, these features are fed into Extreme
Gradient Boosting (XGBoost) to perform the signal-quality
classification (high quality v.s. low quality). The trained
model is called the SQA model. As for the inference stage,
testing data are verified by the SQA model. If the signals
are predicted as high-quality signals, they will be evaluated
by the heart rate estimation algorithm. Otherwise, they will
be discarded.

B. Feature Extraction

To achieve an efficient system, we use linear and mor-
phological features for signal quality evaluation, both of
which are low-complexity in the computation.

1) Linear Feature
Linear features include statistical features and frequency-

domain features. Statistical features include median, stan-
dard deviation (STD), kurtosis, skewness, and entropy. They
are commonly used to denote the statistical properties of
the signal in the time-domain. Frequency-domain features,
such as the standard deviation of the power spectrum and
the total power at specific frequency intervals, reflect the
power of the incoming signals. We can observe the fre-

Fig. 9: The effects of opening and closing on the signals.

quency components to acquire information about whether
the signal is affected by noise.

2) Morphological Feature
Morphological features represent the signal quality on

the basis of the structure of the waveform. The basic
morphological operations include erosion, dilation, opening
(erosion followed by dilation), and closing (dilation followed
by erosion). Recently, they are employed on physiological
signals to extract the morphology of the signals [9]. Phys-
iological signals can be viewed as a one-dimensional time
series. Morphological operations for one-dimensional series
x are defined as

Er osi on : Eg (x) = mi n
(
x

(
i + j

)− g
(

j
))

, (2)

Di l ati on : Dg (x) = max
(
x

(
i − j

)− g
(

j
))

, (3)

where g is the structuring element. Erosion Eg (x) and dila-
tion Dg (x) can be considered as the min and max operation
of the signals and the structuring element. Then, we can
calculate opening and closing with these two operations.

Openi ng :
(

f ◦ g
)= Dg

(
Eg (x)

)
, (4)

C l osi ng :
(

f • g
)= Eg

(
Dg (x)

)
. (5)

The effects of opening and closing operations are shown
in Fig. 9. Operations of opening and closing approximate
the lower and upper envelopes respectively. Next, the mor-
phological features, MF can be calculated by the average
area between opening and closing. MF SD represents the
standard deviation of the distances between opening and
closing. They can be described as

MF = Aver ag e Ar eaBet ween
(
Openi ng ,C l osi ng

)
, (6)

MF SD = St and ar dDevi ati on
(
C l osi ng −Openi ng

)
. (7)

Based on the morphology of signals, it can reflect the
regularity of the signal amplitude. PPG signals with less cor-
ruption usually have higher regularity in the morphology.

C. Classifier

We select Extreme Gradient Boosting (XGBoost) [10]
as our classification model to predict the signal quality.
XGBoost is a tree-based classifier for supervised learning
problems. The main concept of the XGBoost is Gradient
Boosting [11]. It is an ensemble technique that consists of
a collection of predictors to combine to become a stronger
model. We use training data xi to predict the model output
ŷi , the output of the model is expressed as

ŷi =
T∑

j=1
f j (xi ) , (8)

where f j is one of the predictors, T is the total number of
predictors, xi is the input features. During the training, the
objective function is optimized at each iteration of gradient
boosting, it is described as

ob j (ϑ) =
n∑

i=1
l
(
yi , ŷi

)+ T∑
j=1
Ω

(
f j

)
, (9)
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SQA algorithms F1-weighted Sensitivity Specificity Accuracy
[2] 0.768 0.835 0.578 0.767
[4] 0.858 0.840 0.842 0.840

w/o aided by ECG 0.841 0.828 0.853 0.835
Aided by ECG 0.867 0.859 0.874 0.863

TABLE II: Performance comparison of different SQA algorithms.

where ϑ is the parameters of the model. T is the total
number of predictors, yi and ŷi are the ground truth and
the prediction values respectively. l denotes the training loss
function, it indicates the performance of the training model.
Ω is the regularization term, and it controls the complexity
of the training model.

D. Training Mechanism

In the training stage of the proposed SQA algorithms,
the inputs of the signal-quality classifier are 16 features
and the label of the signal quality. To acquire a better
recognition of the signal quality, we exploit the reference
heart rate of ECG to assist the annotation of signal quality
instead of labeling the signal manually. Besides, with the
help of machine learning, SQA algorithms can automatically
generate rules to classify signal quality. For the setting of
machine learning, the logistic loss function is set for the
loss function of XGBoost. Also, we apply the grid search to
find the suitable parameters of XGBoost to have the best
performance on distinguishing signal quality.

V. EXPERIMENTAL RESULT

In this section, we analyze the classification performance
of different SQA algorithms and apply these algorithms in
the case of the heart rate estimation.

A. Signal Quality Assessment

The performances of SQA algorithms are evaluated by the
F1-score, accuracy, sensitivity (acceptance rate of low-error
signals), specificity (rejection rate of high-error signals),
and the area under the receiver operating characteristic
(ROC) curve. Here, F1-score is with a weighted version to
account for the problems of class imbalance. ROC curve
is a probability curve that explains the ability of a binary
classification model. The area under the ROC curve means
how good the model is for distinguishing given classes.
TABLE II lists the performance of the proposed method

Fig. 10: Comparison of ROC curve under different SQA algorithms.

and other algorithms on the classification between the low-
quality signals and high-quality signals. The comparison of
the area under curve is shown in Fig. 10. The method used
in [2] is a rule-based SQA algorithm using kurtosis and
Shannon entropy. The method in [4] is also a rule-based
SQA that focuses on the signal quality indices computed
from the pulse rate, peak-to-peak interval ratio, and the
template correlation.

To test the impact of signal annotation, we also discuss
two machine-learning-based SQA classifiers with signal
quality labeled by humans and ECG respectively. Since
we can’t get the expert-label of the related work, for a
fair comparison, we use proposed features and signal-
quality labels annotated by us manually to implement
the machine-learning SQA and compared that with the
proposed method with signal-quality labels annotated by
ECG. According to TABLE II, the SQA algorithm aided by
ECG has the best performance on all evaluation metrics
among four SQA algorithms. It also achieves the largest area
under the ROC curve of 0.919, better than that of SQA with
human annotation (0.894).

B. Performance in Heart Rate Estimation

The reference of the heart rate (HRr e f ) in each 10-
second window is calculated from ECG. To evaluate the
performance of different SQA algorithms used on heart rate
estimation, the measurement index is mean absolute error
(M AE) in the estimated heart rate. M AE is defined as

Subject 1 2 3 4 5 6 7 8 9 10 11 12 Average
Rejection Rates of High-Error Signals (Sensitivity of each SQA is fixed at 0.8)

[2] 0.640 0.762 0.536 0.765 0.611 0.762 0.455 0.458 0.222 0.467 0.400 0.250 0.527
[4] 0.960 0.809 0.821 0.765 1.000 0.809 0.772 0.667 0.667 0.800 0.667 0.850 0.798

w/o aided by ECG 1.000 0.881 0.893 0.765 1.000 0.857 0.682 0.458 0.556 0.933 0.533 0.750 0.776
Aided by ECG 0.800 0.833 0.893 0.794 1.000 0.905 0.727 0.500 0.778 0.867 0.800 0.900 0.816

MAE (BPM) without SQA
Original MAE 7.153 15.378 4.823 9.187 4.749 4.740 4.943 5.276 2.159 5.505 3.177 5.557 6.054

MAE (BPM) after employing SQA
[2] 4.139 5.465 3.377 4.746 2.762 2.060 3.923 3.535 2.055 4.740 2.497 5.503 3.734
[4] 0.685 3.000 1.557 3.078 0.463 1.859 1.862 2.466 1.108 1.874 1.535 1.772 1.771

w/o aided by ECG 1.485 1.949 1.267 4.266 0.504 1.030 1.728 4.515 1.316 1.340 1.248 2.164 1.901
Aided by ECG 2.031 2.373 1.255 3.521 0.490 0.998 1.772 2.912 0.970 1.427 1.304 1.331 1.699

TABLE III: Rejection rate (specificity) of high-error signals and mean absolute error under fixed sensitivity (0.8) on all 12 subjects’ recording.
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Fig. 11: Bland-Altman plot of ECG-aided SQA system.

M AE =
∑N

i=1

∣∣HRest (i )−HRr e f (i )
∣∣

N
, (10)

where HRest denotes the heart rate determined by PPG,
and N is the total number of high-quality signals predicted
by SQA. The Bland-Altman plot is used to examine the
estimation error between the heart rate calculated by PPG
and the corresponding ECG segments. The Bland-Altman
plot of SQA aided by ECG is shown in Fig. 11. We can find
that most of the high-error signals are predicted as low-
quality signals. The proposed SQA helps distinguish signal
quality in the case of heart rate estimation.

We also employ a leave-one-subject-out method to test
the generalization of different SQA algorithms. Based on
the fairness of different SQA performance, we use a unified
acceptance rate of low-error signals to analyze the perfor-
mance on different subjects. The results are demonstrated
in TABLE III. Each SQA algorithm is controlled under same
acceptance rate of low-error signals of 0.8 to analyze the
rejection rate of high-error signals and M AE . SQA aided
by ECG has the highest average rejection rate of high-error
signals of 0.816 and the lowest mean absolute error of 1.699
bpm. Therefore, SQA aided by ECG possesses a better ability
to detect high-error signals. The effect of the proposed
SQA on signal screening is shown in Fig. 12. Most of high-
error signals are screened out by the SQA. As a result, we
conclude that the proposed method is good to classify the
signal quality and can achieve the purpose of signal quality
assessment. It should be noted that the specificity under
different subjects in TABLE III is more or less the same
in the comparison of the SQA aided by ECG and the SQA
without aided by ECG. Evaluation indices of the specificity
is varied under each subject, it results from the individual
difference of the data.

VI. CONCLUSION

ECG-aided PPG signal quality assessment system is pro-
posed to evaluate the signal quality in the heart rate esti-
mation. Our method utilizes the physiological connection
of ECG and PPG to define the signal quality. According to

Fig. 12: The screening effect of SQA in the case of heart rate estimation. Grey
regions are the signal segments discarded by SQA.

the results of the proposed SQA and other conventional SQA
algorithms applied in heart rate estimation, the proposed
SQA system has the highest rejection rate of high-error
signals (0.816) and achieves the lowest mean absolute error
(1.699bpm) in the estimated heart rate. We conclude that
the ECG-aided PPG SQA system has a better ability to
identify the low-quality signals in the application of heart
rate estimation, and it does improve the reliability of the
heart rate estimation.
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