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Abstract. Traditional methodologies use electrocardiographic (ECG)
signals to develop automatic methods for onset and peak detection on
the arterial pulse wave. In the present work a Multilayer Perceptron
(MLP) neural network is used for classifying fiducial points on photo-
plethysmographic (PPG) signals. System was trained with a dataset of
temporal segments from signals located based on information about onset
and peak points. Different segments sizes and units in the neural network
were used for the classification, and optimal values were searched. Re-
sults of the classification reach 98.1% in worse of cases. This proposal
takes advantages from MLP neural networks for pattern classification.
Additionally, the use of ECG signal was avoided in the presented method-
ology, making the system robust, less expensive and portable in front of
this problem.

Keywords: Arterial Pulse Wave, Artificial Neural Networks, Multilayer
Perceptron, Onset Classification, Peak Classification.

1 Introduction

The photoplethysmography (PPG) signal has been used as a simple and low-cost
optical technique, which is used for measuring blood volume changes through
of the light intensity during the emission and reception on the skin surface.
Peripheral body sites such as fingers, ears, toes and forehead are used to obtain
these kind of signals, approaching blood volume and perfusion changes due to
the dissemination or absorption of the incident light, providing the dynamical
part of the signal [1,2].
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Applications of PPG signal treatment can be seen in commercial medical
equipment, where measures of oxygen saturation, blood pressure or heart rate
monitoring assess autonomic functions and contributes to peripheral vascular
diseases diagnosis. In this way, fiducial points detection on PPG signals is used
to obtain relevant information such as pulse transit time (PTT) and pulse wave
velocity (PWV), which evaluate vascular effects of aging, hypertension, stiffness
and atherosclerosis [3,4].

Onset and peak pulses detection is not a trivial task, due to natural con-
ditions as sensor positioning, skin features, breathing, baseline drift, perfusion
phenomena, visco-elastic and viscosity property of arteries, arterial stiffness and
reflected waves from peripheral sites, which can be easily involved in noise and
artifacts. As PPG signal typically has small amplitude, its incident and reflected
waveform can be affected for these kind of conditions [5].

Different methods have been developed for this detection task varying its com-
plexity. These can include adaptive threshold, computer-based filtering, feature
extraction, and derivative calculation [6,7]. Most of them are assisted by the
electrocardiographic (ECG) signal, which provides a cost increment of medical
equipment and difficult its clinical applications in the Health Primary System. In
[7], morphological similarity of adjacent pulse is used to enhance signal quality
and increase the accuracy of the onset pulses detection. A disadvantage of the
method is the inclusion of measures from time interval between R to R peak of
ECG signal. Additionally, it is applied principal components analysis over ad-
jacent peaks to enhance the onset detection. Information about diastolic point,
second derivative and tangent intersection, shows an enhanced accuracy and
precision [8]. The use of ECG signal problem, again represents a disadvantage
when is not possible obtain this kind of signals. Recently, in [9] a new method
is presented, based on filed collected photoplethysmograms. This method does
not use ECG signal and works through PPG signal filtering in different ways,
but digital filters introduce delays in the temporal signal, which can give wrong
information about onset localization in signal. Other function of that algorithm
is the detection of peak pulses in the PPG signal.

Neural networks has been used in cardiovascular problems detection, such
as QRS detection [10,11], clustering [12,13] and applications with PPG signals
[14,15]. Despite its advantages for pattern recognition, few studies have been
reported as alternative method for onset and peak pulses detection. An example
of this can be found in [16], where Self Organizing Maps (SOM) were employed
for the onset and peak detection and classification.

In this paper, it is presented a proposal based on pattern recognition, which
uses a Multilayer Perceptron (MLP) to learn the temporal information around
onset and peak pulses. Supervised training is implemented, where PPG signals
marked by expert observers are used. Onset and peak are designated into a
temporal windows used to train the neural network. For validation of the models,
the Leave One Out cross validation method is implemented, which is used when
the database is the limited size.
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2 Materials and Methods

Database is composed by signals from seven volunteers, who participated in the
experimental protocol and provide informed consent in accordance with insti-
tutional policy. Each subject remains in rest during five minutes in the supine
position. Previously to the test, personal and clinical data were collected of each
volunteer. Table 1 shows the age and vital signs of the subjects.

Table 1. Characteristics of Volunteers

Subject Sex Age(years) HR(bpm) SBP(mmHg) DBP(mmHg) Breath/min

1 M 19 72 102 68 20
2 M 20 60 98 60 16
3 M 22 80 125 80 17
4 M 20 84 112 72 18
5 F 18 80 110 64 16
6 F 18 88 108 58 22
7 F 18 72 108 68 19

Mean + SD 19.3 + 1.50 76.57 + 9.36 109 + 8.54 67.14 + 7.47 18.28 + 2.21

HR: Heart rate
SBP: Systolic blood pressure
DBP: Diastolic blood pressure
SD: Standard deviation

Acquisition was performed by an experimental station, which collected phys-
iological signals of each person. This station simultaneously acquires electrocar-
diography (ECG) and photoplethysmographic (PPG) signals through an ECG
channel with bandwidth between 0.15 to 150 Hz and two PPG channels with
bandwidth from 0.5 to 16 Hz. Simultaneous ECG and PPG signals were sam-
pled with 1000 Hz and manually marked by trained observers from Center of
Medical Biophysics. This task was developed using functions in Matlab software
(Mathworks Inc., Natick, MA), which provide additional capabilities such as,
add, move and remove the fiducial points of ECG and PPG signals (Fig. 1).
These points correspond to peaks values of QRS complex and, onsets and peaks
of PPG signal. This information is useful for testing the proposed method.

2.1 Neural Networks Training

Neural networks have the ability of learning complex nonlinear patterns, based
on input-output relationships, adjusting a set of free parameters known as synap-
tic weights. The most common type of networks employed in classification tasks
are the Multilayer Perceptrons (MLPs), which have only feed forward connec-
tions and are trained in a supervised way [17].

In the present work, MLPs are employed to learn patterns in temporal seg-
ments around onset and peak fiducial points on PPG signal. This work is based
on the annotations of the expert observers, which marked the onset and peak
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Fig. 1. PPG signal acquisition and annotation system

points. These fiducial points are located in the middle of segment, and then is
extracted the temporal segment (Figure 2). The segment size is a topic of study
in the present study, then windows with values of 21, 41, 61, 81 and 101 mil-
liseconds were used and observed its relation with the behaviour of the network.

Smaller sizes were not considered because are shorter windows to pattern
representation and can be confused with noise segments. In PPG signals, distance
between onset and peak is less than 100 milliseconds, due to its nature [18,19].
For this reason, an upper period of time was not considered. Windows with
the same size of the onset and peak pattern were extracted to create a third
class called noise, these segments were taken from samples before and after of
the onset and peak windows. This makes that the noise represents segments of
signal without activity involved in other classes.

MLP architecture consists of an input, a hidden layer and a output layer.
Number of nodes in the input is given by the segment size; number of units in the
hidden layer was heuristically studied, trying 5, 10, 15 and 20 units. In the output
layer were used three units, each one identifies each pattern. More layers are not
used because two layers are enough for a typical problem of classification [17].

Each segment is normalized before being presented to the network, maintain-
ing its values in the interval from 0 to 1. This contributes to avoid the saturation
of the values in the synaptic weights, which are initialized in a random manner.
Hyperbolic tangent functions are used in each unit as activation functions. In
this way, the units in the output have the value of one when the input belongs
to this class, and -1 when does not belong. Training for MLP is developed in
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a supervised manner, where patterns and its labels are necessary. The resilient
backpropagation algorithm was used for the training of the network, due to its
fast and stable convergence [20]. Training set must represent the statistics of the
data, and its construction is important for a good training, because the network
must generalize its performance to new inputs.

In the present study, the database has a limited size, making difficult the di-
vision of the data for training and validation. Alternatives as bootstrapping and
cross validation methods can be useful in these cases. An example of this kind of
methods is the Leave One Out (LOO) method, where the performance of pattern
classification models can be evaluated based on LOO error. The applied method
consists in training the network with all data, leaving only an observation out. In
the present case, six of seven signals were used in the training, each of them with
345 onset and 345 peak points. When training was finished, the validation is cal-
culated using just with the signal not included in the training, also with 345 onset
and peak points. Finally, there is many models as observations of database. For
this reason the method is employed with databases with limited observations.

Fig. 2. Onset, peak and noise patterns and MLP Neural Network

The LOO error is a statistical estimator of the behaviour when a learning
algorithm is used, and it is very useful for model selection because is slightly
biased, despite its empirical error. Also, when the algorithm is stable, LOO
error is low [21,22]. The LOO error can be calculated by using:

ELOO(fD) =
1

m

m∑

i=1

�(f i, zi) (1)
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where m is the number of samples in the D set, composed by the zi elements,
and it is built the learning algorithm, f i is the function obtained after training.

These methods have been used in applications where models of regression or
structures in time series are required. Also, there have been in areas such as
digital signal processing, obtaining good results [23,24].

3 Results and Discussion

As mentioned, windows with 21, 41, 61, 81 and 101 milliseconds were used to
represent the patterns of the fiducial points and networks with 5, 10, 15 and 20
units in the hidden layer were trained. The results are presented in the Table 2,
where the error was calculated based on expression (1). The results represent the
performance of the MLP method for classification, obtaining seven networks due
to the validation methodology, where for each window size and number of units
was trained one network. Average performance of the technique was computed
using the result of each of these networks.

The results show that models with few units in the hidden layer are preferred,
because when the number of units grows up the network is more specialized,
decreasing the performance. Results for networks with 21, 41 and 61 milliseconds
manifest this behavior, where the best results were given when the network just
has five units in the hidden layer.

Window size used for the pattern representation is relevant for the obtained
models. When sizes of 81 and 101 milliseconds are used, the results reach the
maximum possible, showing that neural networks can learn the patterns ex-
tracted from PPG signal. It is important to note that large networks are avoid,
because the computational cost is higher and its training can be more special-
ized. In this way, the best model to develop the pattern classification is a network
with five units in the hidden layer and 61 nodes in the input.

Table 2. Results for Classification

Window Units in the hidden layer
size (ms) 5 10 15 20

21 98.10 ± 1.31 97.79 ± 1.41 97.78 ± 1.46 97.94 ± 1.45
41 99.92 ± 0.14 99.87 ± 0.27 99.90 ± 0.15 99.89 ± 0.19
61 100 ± 0 99.96 ± 0.06 99.96 ± 0.06 99.96 ± 0.06
81 100 ± 0 100 ± 0 100 ± 0 100 ± 0
101 100 ± 0 100 ± 0 100 ± 0 100 ± 0

These results compared with the used method in [16], where a Self Organizing
Map (SOM) was implemented to do the classification, are quite close in terms
of accuracy. There, accuracy values reach 97.93% using a map of 36 x 10 units
in lattice, a Gaussian function as neighborhood function and 2000 iterations.
The noise class for the SOM case was not defined, detecting just onset and peak
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segments. Those results can be compared with accuracy of 100% in this work,
but validation for the SOM case was developed in a hold out manner.

In addition, it is important to say that the present study does not use the ECG
signal for detection, which is a considerable difference due to the smaller amount
of information that contains just the PPG signal. This is taken as advantage
when the resources are restricted to develop a detection.

4 Conclusions

A proposal for onset and peak pattern classification has been presented, based
on MLP networks. Capabilities of this kind of neural networks are exploited
to learn onset and peak patterns on PPG signals, using a temporal window as
input.

Parameters as the number of units in the hidden layer and the segment size
used in the network input were studied. Results show that the best performance
can be reach using 61 milliseconds in the temporal window and a neural network
with five units in the hidden layer, when the accuracy is 100%.

The results show that the MLP neural network can be used to develop a
detector using a sliding temporal window on PPG signals, taking advantage of
capabilities from MLP as pattern classifier. The presented work can be com-
plemented in this way, avoiding the use of ECG signal for the detection. Some
additional studies can improve the method and obtain better results.
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