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Abstract—Peak detection is a facile wing of signal processing.  
Conventional peak detection algorithms detect peaks when the 
entire signal is made available to them. In contrast, we propose a 
method that is based on recognizing the fundamental shapes of a 
signal, and the overall method intuitive in nature. Towards this, we 
use a feedforward neural network that is trained using the online 
sequential learning algorithm which provides better convergence 
performance relative to the back propagation algorithm. Moreover, 
the training avoids complex pre-processing tasks and feature 
extraction.  Most importantly, the entire signal is not required for 
the algorithm to detect the peaks. 

Keywords—Peak detection; artificial neural networks; online 
sequential learning 

I. INTRODUCTION 
Peak detection is an antiquated problem, where ample 

research has been carried out and innumerable techniques have 
been developed. It is a quotidian requirement in scientific data 
processing. Peak detection finds itself applicable in a wide 
variety of domains. For example, in [1], it has been shown that 
peak detection is integral in determination of diseases and 
malfunctioning of the heart. Peak detection is applied to image 
data reduction (quantization) [2]. There is a profusion of 
algorithms that has been developed for peak detection.  

 Peak detection can be carried out by conventional window 
threshold technique [3-4]. Other interesting approaches include 
the use of wavelet transforms [5], Hilbert transforms [6], 
nonlinear filtering [7], Kalman filtering [8], and Hidden 
Markov Models (HMM) [9]. Machine learning techniques like 
K-Means clustering [10], fuzzy C-Means clustering [11], 
higher-order statistics [12], automatic multiscale-based peak 
detection (AMPD) algorithm [13], and Artificial Neural 
networks [14-15] have also been used with some remarkable 
results. The above-mentioned techniques are intuitively 
cumbersome as it involves a lot of pre-processing and feature 
extraction. The major prerequisite for the techniques presented 
above is the presence of the entire signal at the time of 
detection. We present an algorithm, which avoids these 
requirements. 

In the context of peak detection using artificial neural 
networks (ANN), there is very little work reported using semi-
supervised and unsupervised learning (e.g., [14] and [15]). 
Supervised learning is predominant in this literature. Since it 
involves a lot pre-processing and feature extraction, it makes 
the algorithm dependent on the availability of the entire signal 
and is not best suited for application in which the signals are 
acquired sequentially.  

All the techniques mentioned above consider offline 
training of the acquired data. To the best knowledge of the 
authors, there appears to be no work reported that explores 
online sequential learning. From a practical viewpoint, online 
learning is better suited for real-time applications. Moreover, 
offline techniques rely on the features that are extracted from 
the signals in the dataset. Intuitively, this process is 
computationally expensive and time consuming. 

The back propagation algorithm (BPA) is an algorithm that 
can be considered for sequential learning. However, it is well 
known that BPA requires a rather long time to train the 
network. Further, it is quite likely that learning stops as it gets 
trapped in a local minimum. Huang and his co-workers 
proposed the Extreme Learning Machines (ELMs) that 
overcome these drawbacks [16]. Such machines are feed-
forward neural networks (FFNNs) with a single hidden layer. 
The synaptic weights corresponding to the input layer is made 
independent of the environment by keeping it fixed, and the 
synaptic weights of the output layer is determined as a solution 
to a least-squares problem. Evidently, the training time is much 
faster than BPA as the requirement for iterations is completely 
eliminated.  

The authors in [17] proposed a sequential version of ELM 
and called it the online sequential extreme learning machine 
(OSELM). This algorithm requires the inversion of a matrix 
that is related to the data. However, it has been the experience 
in [18] that OSELM can perform rather poorly as this matrix is 
often singular or nearly singular. Another sequential variant 
called the online sequential learning algorithm (OSLA) was 
used in [19], and observed to perform quite satisfactorily in the 
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context of system identification and control.  

Sinusoids are the most commonly occurring signal in 
nature. Performing peak detection on such a signal helps setting 
the stage for peak detection in other complex signals. To begin 
with, on-line peak detection is first tried on sinusoidal signals. 
A sum of sinusoids signal composed of several frequency 
components is depicted in Fig. 1. As evident from the figure, 
such signals have many peaks and detection of such peaks has 
been a problem of interest. In this paper, we present an 
algorithm to find peaks in signals that are sinusoidal in nature 
using an artificial neural network trained sequentially using 
OSLA. 

The goal of this paper is two-fold: First, to propose an 
algorithm that would provide comparable detection accuracy in 
the context of peak detection. The second objective is to use 
OSLA in the context of pattern classification in order to 
substantiate the claim that the entire signal is not really 
necessary to detect peaks in the given signal. The algorithm 
does not require feature extraction and allows sequential 
learning. The methodology is explained in Section II and the 
learning algorithm in Section III. The results using an available 
dataset are presented in section IV. 

II. METHODOLGY 
The database is synthesized by generating different shapes 

from sinusoidal signals that contain several frequency 
components. The peak detection algorithm initially addresses a 
basic shape detection or shape classification problem. Once the 
required shape is obtained, the algorithm proceeds to detect the 
peaks. Consider a sinusoidal signal that is varying from 0 to 2π, 
the algorithm distinguishes the signal into 4 fundamental 
shapes.  These 4 basic shapes are depicted in Fig. 2. A sliding 
window of length L is incorporated in order to split the signal 
into the above-mentioned shapes. This window length L 
depends on the system under consideration. The window is 
again divided into two equal parts of length equal to L/2 and 
the effective slopes of the two windows are analyzed to 
differentiate the shapes. If both halves of the window are found 
to have an effective rising gradient, the shape is said to be 
under class 1. If the effective slope of the first half of the 
window has a rising gradient and the other has a falling 
gradient i.e. the window, as a whole resembles a hat function, 
the shape is said to be under class 2.  If the effective slopes of 
both halves are found to have a decreasing gradient, the shape 
is said to be under class 3. Finally, if the effective slope of the 
first half of the window has a decreasing gradient and the 
second half has a rising gradient i.e. the window as a whole 
resembles an inverted hat function, then the shape is said to be 
under class 4. To generate the above-mentioned database, we 
extract the shapes from different signals that are of the form, 
 

� � � ��� ����� � ��� ����� ��� ��� �����  

Signals of the form as represented in the above equation 
consist of sum of sinusoids with different frequency 
components, varied over a certain range are considered for 
creating the database. Such signals are passed through the 
sliding window and different shapes are extracted and 
bifurcated into their respective classes as explained before. The 
length of the sliding window depends on the sampling 
frequency. Thus, the length of the sliding window fixes the 
number of samples making up an element in the database. 
 

 
 

Fig. 1. A signal as a sum of sinusoids with different frequency components 
 

 
Fig. 2. Basic shapes considered for training the ANN for shape detection. 

 
A database of different shapes and their corresponding class 

labels are created using 10 signals represented by (1), where 
each signal is made up of 7 frequency components (n = 7). The 
frequency is varied from 1 through 31 Hz. Such various 
datasets can be created for peak detection where the number of 
samples in each is varied. 
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The objective of this paper is to propose an algorithm, 
which detects peaks in the signal without the need of having the 
entire signal beforehand. The algorithm detects the peak as and 
when the signal is acquired sequentially. In order to give a 
more pragmatic approach, the training signals are sent into 
neural network in a random fashion. Once the network is 
entirely trained and the weights are updated, the network is 
tested in a fashion that is similar to the signal received by a 
system in real time. The entire signal is sent into the network 
sequentially through the sliding window that is now capable of 
understanding the shape of the chunk of the signal contained in 
it.  

The raw signal is directly sent into the ANN sequentially 
through a sliding window of length L. For instance, in our 
algorithm we considered a window of length 251, which is 
dependent on the number of samples in the signal; i.e., it 
depends on the sampling frequency of the signal. The network 
contains an input layer, an output layer and only one hidden 
layer. The network is trained using OSLA where the weights 
corresponding to the first layer (i.e.,���) are randomized, and 
only the output weights (i.e.,���) are determined from a set of 
simultaneous linear equations.  

Any example belonging to class 2 is of importance due to 
the existence of a peak. Thus, when the ANN classifies a 
window as class 2, we proceed to find the peak in that chunk of 
the signal. To find the peak in the window, a very fundamental 
approach is followed. The window is said to contain a peak 
when its centre has the maximum amplitude. This ensures that 
the peak is detected only once and thus eliminating the 
detection of the same peak as the window slides sequentially 
one-by-one. 

III. ONLINE SEQUENTIAL LEARNING ALGORITHM 
Consider an FFNN with a single hidden layer. The input 

layer has ��� nodes, the hidden layer has ��� neurons and the 
output layer has ��� neurons. Such a network is denoted 
������������

. Whilst the hidden layer has a nonlinear activation 
function, the output layer is linear. For an FFNN ������������

, 
the matrix of synaptic weights that connects the inputs nodes to 
the hidden layer is denoted ���, and the matrix of synaptic 
weights that connects the hidden layer to the output layer is 
denoted ���. Clearly,  �����

��� ����  and �����
��� ���� , 

where the bias is also taken into account. The activation 
function of the hidden layer is � � � ���������� and the 
output layer is a linear layer with unity gain. We denote the 
input to the network at instant � as �� and the outputs of the 
hidden and output layer respectively denoted ���� and ����. The 
desired output at instant � is denoted ����. Clearly, ��� � ���� ,  
���� � ��

� and ���� ,  ���� � ��
��.  

In online sequential learning algorithm, the weight matrix �� 
is randomly initialized and the weight matrix �� is initialized 
as a zero matrix. Subsequently, only the weight matrix �� is 
updated in accordance with the following equations:  

���� � ��� � �
��������������

� ��

� � ������
� ��������

 (1) 

������ � ����� � �������
������������������

� ���� (2) 

These recursions are initialized as follows: 

�� � �
�

�
�� (3) 

���� � �� (4) 
for some sufficiently small λ. When used for system 
identification and control, SELA improves the transient 
performance when compared to the conventional back 
propagation algorithm [18], [19].  

It may be noted that the recursions of OSLA arises when the 
Tikhonov-Phillips functional 

� � � ���� ��� � �� ��  (5) 
is minimized. Here,  

���� � ���� ���� � ����  (6) 

���� � ����� (7) 

���� �
���� ���� � ����  (8) 

where, the training data is denoted ��� �� ��������
� , and  

���� � � ���������   

  ���� �
�

��
������������� �

�

����
  

The functional has two terms, one connected with the 
approximation error and the second connected with the weight 
matrix. The parameter��� allows trade-off between these two 
objectives. This parameter is called the regularization 
parameter. It may be noted that a least-squares solution is 
sought and hence is the global minimum. Accordingly, OSLA 
converges to the global minimum. Further, since only the 
output weight matrix is adapted, the convergence is faster. It 
appears that the algorithm update equations (1) and (2) are 
similar to OSELM which is the sequential version of the 
extreme learning machine. We emphasise that the initializations 
in OSELM is quite different from (3) and (4). This difference 
leads to marked improvement in the performance of the 
algorithm.  

IV. RESULTS 
The shape defining signals used in this paper are from the 

database mentioned earlier. We first described the training of 
the network using these components. It may be recalled that the 
signals used to synthesize the components of the database are 
made up of 7 sinusoidal frequency components in which the 
frequency ranges between 1 through 31 Hz. We use a network 
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with an input layer with 251 nodes, a hidden layer with 400 
nodes and an output layer with 4 nodes represented by 
����������. The accuracy achieved for shape detection by OSLA 
is 96.7%.  

The confusion matrix of shape detection is shown in Fig. 3. 
The database consists of 3990 elements and belong to the 4 
classes (C1 C2 C3 and C4) mentioned earlier. Of these, 877 (i.e., 
22%) are correctly classified as C1, 1071 (i.e., 26.8%) are 
correctly classified as C2, and so on. From the off-diagonal 
components it can be seen that 10 components are wrongly 
classified as C2 and 8 as C4, which belongs to C1. Similarly, 27 
elements are wrongly as C1 and 20 elements are classified as 
C3, which actually belong to C2. Also, 11 elements are 
classified as C2 and 8 as C4, which belongs to C3. Lastly, 14 are 
wrongly classified as C1 and 22 as C3, which belong to C4. 
Each column therefore provides this information about a 
particular class. Accordingly, the last row gives the percentage 
of classification – correct and incorrect – for each class.  

Finally, out of 918 elements classified as C1, 877 (i.e., 
95.5% of 918) are correct and 41 (i.e., 4.5% of 918) are 
incorrect. Similarly, out of 1092 elements classified as C2 1071 
(i.e., 98.1% of 1092) are correctly classified and 21 (i.e., 1.9% 
of 1092) are incorrectly classified. The last column of the 
confusion matrix provides this information. Finally it can be 
seen that the overall correctness of the shape detection is 97% 
and incorrect classification is 3%. 

Using the trained network with a configuration that gave 
the above-mentioned results, peaks were found for test signals 
that are sum of sinusoids and also for ECG signals of two 
different subjects.  The test was run for 100 different sinusoid 
signals whose frequency components were randomly generated 
in each run. The accuracy is calculated as the number of peaks 
found by the proposed algorithm compared with that found by 
the MATLAB built-in function findpeaks. The network 
achieved an accuracy of 98.32%, accuracy that is averaged over 
100 trial runs. 

A comparison of peak detection performed by the proposed 
algorithm and that performed by the conventional algorithm 
used in findpeaks is depicted in Fig. 4. Fig. 4a depicts the peaks 
found by this function and Fig. 4b depicts the peaks detected by 
the proposed peak detection algorithm.   

To substantiate the potential of the algorithm, it was also 
experimented on the ECG signals of human beings. ECG 
signals are quite complicated when compared to a sinusoidal 
signal. The variations in the former signal can be quite drastic 
when compared to the latter signal. The proposed algorithm 
was able to detect peaks in the ECG signals as well though it 
was not trained to do so. Similar comparison studies of peak 
detection for ECG signals are depicted in Fig. 5 and Fig. 6. In 
these figures the results of the function findpeaks as well as the 

proposed technique are shown. ECG signals from two different 
subjects are considered in these figures. It can be observed from 
Fig. 6 that our method is able to pick the peaks despite the 
presence of a very high frequency component.  

 
 

 
 

Fig.3. Confusion matrix for shape detection 
 
 

Thus, in general, the algorithm proves that the peaks of any 
signal of sinusoidal nature can be detected without having to 
perform any sort of pre-processing or feature extraction. Since 
the algorithm detects the shape of the signal to find peaks only 
the sampling frequency of the signal has to be taken into 
consideration. 
 
Comments: (a) The two important factors that affect the 
performance of the algorithm are as follows: (i) the frequency 
range of the system under consideration and (ii) the highest 
frequency component in the signal (i.e., the sampling frequency 
of the system). The length of the chosen window is affected by 
these factors and hence has to be chosen carefully. (b)  It has 
also been observed that increasing the number of frequency 
components within the given frequency range does not affect 
the algorithm. 
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Fig. 4. Comparison study of peak detection methods for sum of sinusoids: (a) 
Peaks found by the function findpeaks. (b) Peaks found by the proposed 
technique.  
 
 

 
 

Fig. 5. Comparison study of peak detection methods for a ECG signal form 
Subject 1: (a) Peaks found by the function findpeaks. (b) Peaks found by the 
proposed technique. 
 

V. CONCLUSIONS 
A method for detecting peaks is proposed on this paper. This 
requires a feedforward neural network to be trained to classify 
segments of the signal into four fundamental shapes. The 
network is trained with the online sequential algorithm that 
avoids complex pre-processing and feature extraction. 
Accordingly, the whole process is intuitively appealing. The 

novelty is in the capability to detect peaks using merely 
sequential processing of data, and hence amenable for real-time 
implementations. Moreover, a network that has been trained on 
the four fundamental shapes of a sinusoidal is able to detect the 
peaks in more complex signals such as the electrocardiogram. 
  
 

 
 

Fig. 6. Comparison study of peak detection methods for a ECG signal form 
Subject 2: (a) Peaks found by the function findpeaks. (b) Peaks found by the 
proposed technique. 
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