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Abstract. Ordered data sets such as time series are found in almost all areas of human activi-
ty from cardiograms and to cyberattacks. Classification of time series is one of the most dif-
ficult tasks in data mining. In the article, a new method of time series classification based on 
the construction of recurrence plots is considered. The time series is transformed into a ma-
trix, which characterizes the recurrence of the time series states, and the matrix is presented 
as a black-and-white image. Further, the convolutional neural network is used to classify the 
image. The application of the method is demonstrated by examples of simulated time series. 
A comparative analysis of the classification of noisy time series is carried out. The depen-
dences of the classification accuracy on the noise level of time series are obtained. The re-
sults showed that the considered method has a high enough classification accuracy at high 
noise levels. 
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1 Introduction 

Most of the processes occurring in the human body, nature, society, science and technology are complex, 
partly or completely random and have non-linear relationship. In practice, processes are presented in the 
form of corresponding time series, the properties of which make it possible to judge the properties of the 
generating process. The task of time series classification is one of the most difficult tasks of data mining. 
There are a number of approaches to the classification of time series, most of which are based on the cal-
culation of various metrics between time series [1-5]. 

In the last few years, a number of studies have appeared in which the method of recurrent plots is used 
to classify time series. The recurrence analysis is based on such a property of the process as state repeata-
bility, i.e. recurrence. In this case the recurrent properties of a time series are represented in the form of 
geometric structures and allow you to visualize the dynamics of the series. Methods of recurrence analy-
sis were originally proposed in [6]. 

Over the past years, the recurrence plot method has been widely used for analyzing stochastic time se-
ries of various nature [7-11]. With the development of machine learning, recurrence characteristics calcu-
lated from time series began to be used as features for classification tasks [12-14]. 

Another approach to the application of recurrence methods for classification is the time series recogni-
tion directly from the images of recurrence plots. Since the best tools for recognition and classification of 
images are deep neural networks, a number of researchers use them to classify recurrence plots [4,15]. 

However, since such studies are fairly new, there has still not been enough attention paid to to classify 
noisy time series. The purpose of the presented work is to conduct a comparative classification of noisy 
time series based on the visualization of recurrence plots. 

2 Method of recurrence plots 

In recent decades, the traditional methods for studying time series has been significantly replenished 
with the methods of the theory of nonlinear dynamics and chaos. In this case, the time series is considered 
as the evolution trajectory of some nonlinear system. The main point of application of nonlinear dynamics 
methods to the analysis of the dynamic system trajectory is what the system attractor, containing all the 
information about the dynamics and properties of the system, can be restored by only time realization 
[16,17]. 

Recurrence analysis is one of such nonlinear dynamics methods used for time series and it is a tool for 
detecting not obvious dependencies in the dissipative dynamics. A recurrence analysis investigates the m-
dimensional trajectory of a pseudo-phase space constructed by time realization. The well-known Packard-
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Tackens procedure [16] for constructing a pseudo-phase space from only realization allows one to restore 
the attractor of a dynamic system: 

( ) [ ( ), ( ),..., ( )],F t x t x t x t m     

where ( )F t  is m-dimensional pseudo-phase space, ( )x t  is time realization,   is delay time.  

In turn, the recurrence plot is a projection of m-dimensional pseudo-phase space onto a plane. Let the 
point ix  corresponds to the phase trajectory ( )x t  that describes the dynamical system in m-dimensional 

space at the time moment t i  for 1,...,i N   then the recurrence plot RP is an array of points where a 

nonzero element with coordinates ( , )i j  corresponds to the case when the distance between jx  and ix  less 

 : 

, ( || ||), , , , 1,... ,m
i j i j i JRP x x x x R i j N       

where   is the neighborhood size of the point ix , i jx x  is distance between points, ( )  is Heaviside 

function. 
An important step in the construction of the recurrence plot is the choice of the distance metric. The 

most popular is Euclidean metric, where the shape of the neighborhood is a circle of radius   and the 
maximum norm, where the shape of the neighborhood is a square with a side  . In many cases, the 
choice of norm is not fundamental, but for each specific task it makes sense to experiment. The obvious 
fact is that for homogeneous series, the Euclidean norm will be suitable, and in the case of heterogeneous, 
sharply changing series, the maximum norm for which the neighborhood has a large area is more appro-
priate. 

In this work, when constructing recurrence plots, we used a one-dimensional phase space 1m  , which 
allows us to significantly reduce the constructing time and the Euclidean metric. 

3 Convolutional neural network  

Convolutional neural network (CNN) is a special architecture of artificial neural networks, aimed at effi-
cient pattern recognition [18,19]. It is a prototype of the visual cortex. The visual cortex has the so-called 
simple cells that respond to straight lines at different angles, and complex cells, the reaction of which is 
associated with the activation of a specific set of simple cells. For example, some neurons are activated 
when they perceive vertical border, and some are horizontal or diagonal. All these neurons together form 
a visual perception. The idea that specialized components solve specific problems (like cells of the visual 
cortex that look for specific characteristics) is used in machine learning.  

Thus, the idea of convolutional neural networks is to alternate convolutional layers and sub-sampling 
layers. The network structure is unidirectional (without feedbacks), fundamentally multilayer. For train-
ing, standard methods are used, most often the back propagation method of error. The function of activa-
tion of neurons can be different, according to the task.The architecture of the network got its name be-
cause of the convolution operation, the essence of which is that each image fragment is multiplied by the 
matrix (core) of the convolution element by element, and the result is summed and written to the same 
position in the output image. 

The network works as follows. An image passes through a series of convolutional, nonlinear layers, un-
ion layers, and fully connected layers, and output is generated. The conclusion may be the class or proba-
bility of the classes that best describe the image. 

The first layer in the CNN is always convolutional. It is a set of feature cards (these are ordinary ma-
trices), each card has a synaptic core (scanning core or filter). The size of all cards of a particular convo-
lutional layer is the same. 

The core is a filter or window that slides over the entire area of the previous map and finds certain 
signs of objects. For example, if the network was trained on faces, then one of the cores during the learn-
ing process would give the greatest signal in the area of the eye, mouth, eyebrow or nose, the other core 
could reveal other signs. The size of the core is usually taken in the range from 3x3 to 7x7. If the size of 
the nucleus is small, then it will not be able to highlight any signs; if it is too large, the number of connec-
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tions between neurons increases. Also, the kernel size is chosen so that the size of the convolutional layer 
cards is even, this allows you to not lose information when reducing the dimension in the subsample 
layer, described below. 

When a picture passes through one convolutional layer, the output of the first layer becomes the input 
value of the 2nd layer. After applying a set of filters after the first layer, filters that represent higher level 
properties will be activated. The types of these properties can be half rings (a combination of a straight 
border with a bend) or squares (a combination of several straight edges). The more convolutional layers 
an image goes through and the further it moves across the network, the more complex the characteristics 
are displayed in the feature maps. 

After convolutional layers, a pooling layer follows. It is also referred to as a downsampling layer. In 
this category, there are also several layer options, with maxpooling being the most popular. This basically 
takes a filter (normally of size 2x2) and a stride of the same length. It then applies it to the input volume 
and outputs the maximum number in every subregion that the filter convolves around.The last type of 
layer is the layer of an ordinary multilayer perceptron. The purpose of the layer is classification, it models 
a complex nonlinear function, optimizing which improves the quality of recognition.The output layer is 
connected to all neurons of the previous layer. The number of neurons corresponds to the number of rec-
ognized classes. 

Now we are ready to describe the overall architecture of our CNN. As depicted in Fig.1, the net con-
tains eight layers with weights; the first five are convolutional and the remaining three are fully-
connected. 

The output of the last fully-connected layer is fed to a 2-way softmax which produces a distribution 
over the 2 class labels.The neurons in the fully-connected layers are connected to all neurons in the pre-
vious layer. Max-pooling layers, follow second and fourth convolutional layer. The ReLU non-linearity is 
applied to the output of every convolutional and fully-connected layer. 

The first convolutional layer filters the 256×256×1 input image with 8 kernels of size 5×5. The second 
convolutional layer takes as input the output of the first convolutional layer and filters it with 16 kernels 
of size 4 × 4. The third convolutional layer has 32 kernels of size 3 × 3  connected to the outputs of the 
second convolutional layer. The fourth convolutional layer has 64 kernels of size 3 × 3. The fully-
connected layers have 1024 neurons each. For training the network was used Adam is an adaptive learn-
ing rate optimization algorithm. 

 

Fig. 1. Architecture of our convolutional neural network 

4 Description of the experiment and results 

As input time series in the work, we selected sinusoid time realizations with different periods of oscilla-
tion and different degrees of noise. Such series are typical models of real processes. We can present the 
time realization as the sum of a sinusoid component and a noise one: (t) (t) z(t)X Y  ,where Y(t) is time 

series, z(t) – additive noise. As a value characterizing the ratio of signal to noise, the coefficient Snr  was 
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used [Y(t)] / [z(t)]Snr S S , where S is standard deviation. By changing the coefficient Snr  we specify a 

different degree of noise in the time series. 
To carry out the classification, the input time series were split into two classes. The first class consisted 

of sinusoids, for which the frequencies varied in the range 2f fR  , for the second class the frequency 

range was 2f fR . The frequency choice to the sine wave from the ranges 1f fR  and 2f fR was car-

ried out randomly. The values 1f  , 2f , fR , and 1 2Fdist f f   varied during the experiment. 

Fig. 2 shows plots of noisy sinusoids with different frequencies and different noise degree. In this case, 
the length of the time series is 256 values. At the top of the Fig. 2, sinusoids from the lower frequencies 
class with parameter Snr  values = 1, 0.7 and 0.4 are presented. The bottom of Fig. 2 shows examples of 

sine waves from the second class with the same values Snr . 

 

 

 

Fig. 2. Noisy sinusoids of both classes with Snr  = 1, 0.7 and 0.4 

Fig. 3 shows the recurrence plots corresponding to the time series of both classes. On the left recurrence 
plots for time series without noise are shown, and on the right ones with noise at Snr  = 1 are presented. 
When classifying, the training sample consisted of 200 time series of two classes (100 for one class and 
100 for another), each of length 256 values. The test sample also included 200 time series. Such values 
were chosen in order to get the experimental conditions closer to typical real datasets. 
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Fig. 3.Recurrence plots of time series without noise and with noise  

 
Previously, recurrence plots of each time serie were obtained for input to the neural network. Thus, we 

have moved from time series to images that a neural network should recognize.A numerical experiment 
was conducted for different values of the parameters 1f , 2f , fR  , Fdist and Snr . Reseach have shown 

that without noise, the classes are distinguishable with an accuracy of 100% even when frequency ranges 
had a common boundary at the value 0Fdist  . 

The main attention during the experiment was paid to increasing the noise level of the time series, i.e. 
reduction ratio Snr . The classification results showed very good accuracy at noise level 0.6Snr  . It 
should be noted that when decreasing Snr , the training time of the neural network (the number of epochs) 
increased from about 10 to 30. It is easily explained by the complexity of recognition at low values Snr .  

Fig. 4 presents a part of the test of recurrence plot sample that were fed to the input of the classifier 
with noise level Snr =0.7. This sample is already classified by the neural network. At the top there are 
recurrence plots from the class with lower frequencies, and at the bottom there are ones  from the second 
class. 

 

Fig. 4.Classified recurrence plots of time series of both classes at Snr =0.7 



6 

Table 1 presents the classification accuracy and the number of epochs depending on the noise level Snr . 
It is worth noting that with an increase in size of the training sample to 400 values, the classification accu-
racy at ratio =0.4 Snr increases to 0.811. 

Table 1.Classification accuracy and number of epochs  

Noise 
level Snr  

Accuracy Numberofepochs 

1 0.992 10 
0.7 0.967 14 
0.6 0.945 17 
0.5 0.778 24 
0.4 0.66 29 

5 Conclusion 

In the work, a method for classifying time series based on the construction of recurrence plots using the 
simple architecture of a convolutional neural network have been investigated. A comparative analysis of 
the classification of noisy time series was carried out. The dependences of the classification accuracy on 
the noise level were obtained. The results showed that the considered method has a fairly high classifica-
tion accuracy even with a large degree of noise.The results of the work can be used for the classification 
of time series of stochastic type by machine learning methods. In our future research we intend to concen-
trate on classifying real time series from known datasets. 
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