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Recurrence plots visualize spatial and also in the case of time series 
temporal correlations ins ide sequences of data, the technique allows the identi-
fication of hidden data relationships (periodicity, non-stationarity, recurrence, 
randomness) inside a sequence. The comparison between recurrence patterns in 
order to identify common structures is difficult because the lack of similarity 
quantification tools in the availab le and most popular software for recurrence 
plots analysis such as VRA (Visual Recurrence Analys is), RQA (Recurrence 
Quantification Analysis) and CRP (Cross Recurrence Plots). In this work a 
software tool for analysis of structural s imilarity patterns between recurrence 
plots is proposed, this tool named RecurrenceVs, allows the comparison and 
quantification of the degree of structural s imilarity between recurrence p lots 
generated from different sequences of data. The results shows that this tool is 
useful for the classification of data sequences by similarity families based on 
the recurrence patterns, where these patterns preserve the information about the 
structure and dynamics of data sequences.  

Recurrence Patterns, Spatial and Temporal Correlation, Structural 
Similarity.

The extraction of common structural features in sets of time series and sequences of 
data is an important task in the identification of patterns of interest for example: in the 
analysis of time series dynamics [1], the identification of motifs in genomics se-
quences [2], the construction of queries for sequence extraction in databases [3]. Si-
milarity in data sequences can be measure with different metrics such as Euclidean 
distance [4], Dynamic Time Warping [5], Similarity Histograms [6], etc. such meas-
ures operates directly over the data sequences. For other side, analysis of the dynam-
ics of sequences of data, understood as the relationships between the different data in-
side a sequence, can be done with different techniques such as: Autocorrelation [7], 
Wavelet Analysis [8], Recurrence Quantification Analysis [9], etc. In particular, the 
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Recurrence Quantification Analysis is based on the generation of a data representation 
named recurrence plots, these plots shows patterns of hidden relationships between 
data  such as non-stationary behavior, periodicities, and randomness; the patterns gen-
erated with these plots can be used to compare sequences of data at a new level of in-
formation. There are not quantitative tools for comparison of recurrence patterns, 
software such as VRA, RQA and CRP lacks this functionality [10, 11, 12], this is the 
main motivation for the development and proposal in this work of a software tool for 
quantitative comparison and analysis of similarity between recurrence patterns. Sec-
tion two, explains the theoretical basis of the recurrence plots as well as some con-
cepts of similarity. Section three, describes the technical aspects of the RecurrenceVs 
software tool. In Section fourth, the experimental results of the evaluation of the soft-
ware tool are presented. Finally in section five, the discussion of this work is pre-
sented. 

Recurrence plots are graphical representation of a sequence of data, which allows the 
detection of hidden dynamical patterns and nonlinearities inside the data. These plots 
allow the visualization of recurrent patterns, non-stationary patterns, and structural 
changes. The recurrence plot is part of a technique known as Recurrence Analysis that 
was developed by Eckman et al. in 1987 [9]. 

Conceptual schema of reconstruction of a multidimensional system based on a observa-
ble (time series).

The theoretical foundation of the construction of recurrence plots is based on two 
theorems proposed by H. Whitney and F. Takens [13, 14], in these foundational 
works they establish that is possible to recreate a topological equivalent of the original 

2   Recurrence Plots

Fig. 1.
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behavior from a multidimensional system by means of a sequence of data from an ob-
servable of such system [14], the Fig.1 illustrates this idea.

In the general case of the reconstruction of a system with embedding dimension 
and a delay each datum is a vector composed by consecutive data elements 
from the sequence.

)(),...,3(),2(),1()( . ( )

A recurrence plot is generated by comparison of each datum in a sequence with itself 
and with the rest of data. The comparison between, for example, data and is 
made with a metric such as Euclidean distance. 

. ( )

This allows building a correlation matrix of spatial and temporal nature (as is the 
case of time series).
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Each element in matrix is associated with the Euclidean distance between a 
datum in position and a datum in position inside a sequence, if a datum o subsets of 
data are recurrent this behavior will be detected by means of sets of equal distances. 
Also, each distance is associated with a value from a discretized gray tone scale, in 
this way an image of the recurrence plot pattern is generated. The resultant pattern is 
symmetric due to the redundancy in the calculation of the distances .

Comparing the patterns generated for the recurrence plots can be useful in order to 
identify sequences of data with similar data behavior or dynamics, this similarity must 
be quantified in order to have an objective comparison of the recurrence plots. 

The design of the software tool has two important aspects: user interface design and 
algorithm design. In the first case, the user interface must be easy of use and to be 
windows driven, the software must allow the execution of a series of multiple expe-
riments and it must be easy to save the results in incremental way. The user interface 
features were motivated by the analysis of different software tools for recurrence plot 
analysis (VRA, RQA, CRP), in Table 1, a comparative feature analysis between these 
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software tools is showed and in Fig. 2 a screenshot of the RecurrenceVs interface  is 
presented. 

Comparison of features between different tools.

Comparison of Features for Recurrence Analys is Software

Software User Inteface
Similarity Analysis 

Function
Multip le Experiments in one 

Run

RQA DOS Command 
Line No Yes, in Batch Mode

VRA GUI No No

CRP MatLab Com-
mand Line No Needs Programming

RecurrenceVs GUI Yes Yes, in User Sesion

Screenshot of the software interface and its elements.

The design of the algorithms was divided in three stages: first the load and prepara-
tion of the data, second the construction and comparison of the recurrence plots and 
third the visualization and storage of the results. In the first stage, an important aspect 
if the normalization of the data sequences to be compared, the data sequences can 

Table 1.

Fig. 2.

Save results of 
multiple comparisons

Clean data

Save recurrence plots

Save differences 
vector

Sequence A

Sequence B

Recurrence 
Plot A

Recurrence 
Plot B

Differences 
  vector

Input
parameters

Categorization

A Software Tool for the Analysis of Similarity in Recurrence Patterns    112



have different length, and data range (the data types used are: integer and real), in or-
der to generate comparable recurrence plots they are normalized to a default length of 
1000 data by sampling each sequence, but this parameter of length can be adjusted if 
shorter time series are used in the similarity analysis. The normalization in range is 
done by scaling the values in order to have a range of values between 0 to 1, the Fig. 3 
shows a diagram of this stage. 

Stage one, preprocessing.

The construction of the recurrence plots is done with the algorithm described in 
Section two, the comparison between the recurrence plots is done by comparing the 
corresponding element [ , , ] of the matrix of distances for each of the two recur-
rence plots, then for each position the difference between the corresponding dis-
tances for both recurrence plots is calculated, a difference of distances is con-

sidered as a match between both recurrence plots if it has a value below a similarity 
threshold , this input parameter is setup by the user before the beginning of the anal-
ysis, the threshold allows to establish different degrees of similarity between the re-
currence plots,  the values of the differences between the distances are discretized 
as 1 for those bellow the threshold and 0 above the threshold and storage in a distance 
vector, a counting of the number of minimum differences is done, in order to deter-
mine the percentage of minimum distances between the compared recurrence plots, a 
set of  five similarity percentages are established by the user, and depending on the 
corresponding percentage reached by the counting process a similarity degree be-
tween the recurrence plots is determined. The Fig. 4 shows the steps of this second 
stage. 
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Fig. 4.

Fig. 5.

Stage two, recurrence plot comparison.

Finally, in the third stage the visualization of the recurrence plots and their results 
are showed, the recurrence plots are visualized using a gray scale that corresponds 
with the distance between their points, the white color represents the minimum dis-
tance and the black color corresponds to the maximum distance present in the plot, 
each graphic of a recurrence plots is generated with a sampling of their corresponding 
distance set in order to facilitate its visualization, this is due to the enormous quantity 
of data generated, for example for a sequence of 1000 data a matrix of 106 points is 
generated. In this stage, the option to save the recurrence plots and the results of their 
comparison is activated, multiple comparison experiments can be done in one run for 
example: comparing a specific recurrence plot against a set of different recurrence 
plots can be saved by incremental storage of each new experiment, in the Fig. 5 is 
showed the steps of this last stage. 

Stage three, visualization of the results.
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4   Evaluation: Performance and Usability

Fig. 6.

The software tool was evaluated with a set of synthetic data sequences previously 
classified by their similarity degree by means of the direct comparison of the se-
quences using the technique of Derivative Dynamic Time Warping (DDTW) [15, 16]. 
Examples of different comparisons are showed in the screenshots of Fig. 6 and Fig. 7; 
in these examples a recurrence plot from a sequence tagged DS11 is compared with 
the corresponding recurrence plots for the sequences DS12 and DS42; in the previous 
classification DDTW reported in [15, 16], the similarity of these sequences groups 
DS11 and DS12 in the same class 5 and the sequence DS42 belongs to class 1. The 
results with RecurrenceVs show a correspondence with the aforementioned results.

Screenshot of the similarity analys is for the recurrence plots of two synthetic data se-
quences DS11 and DS12, their similarity corresponds to category 1 (95% of similarity).
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Fig. 7.

Fig. 8.

Screenshot of the similarity analys is for the recurrence plots of two synthetic data se-
quences DS11 and DS42, their similarity corresponds to category 3 (84.6% of similarity).

In Fig. 8 is show, the behavior of the similarity percentage for the similarity analy-
sis made with the RecurrenceVs tool, for the sequence DS12 that belongs to the class 
5 in the DDTW classification [15, 16].

Behavior of the similarity percentage between the recurrence plots for the data sequence 
DS12 and the rest of the sequences from the experimental set.

The sensibility of the input parameters is illustrated in Table 2, it shows the effect 
that changes in the similarity threshold have on the categorization of the recurrence St
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plots, in this example for the sequences DS11 and DS12, the sensibility is greater for 
a value of = 0.1, this corresponds with a requirement of almost identical recurrent 
plots, for values of between 0.3 and 0.4 the sensibility is reduced and no change in 
the categorization is observed.

Sensibility of input parameters, categorization of the compared recurrence plots for 
the DS11 and DS12 similar data sequences.

Sensibility of input parameters

Comparison of two similar sequences

Similarity 
threshold

Assigned 
category

Percentage of 
similarity

Threshold of simi-
larity percentage

0.1 6 57.28% below 60%

0.2 3 86.55% 80%
0.3 1 97.17% 95%
0.4 1 99.59% 95%
0.1 5 57.28% 50%
0.2 2 86.55% 80%
0.3 1 97.17% 90%
0.4 1 99.59% 90%

A software tool for the analysis of similarity between recurrence patterns was devel-
oped, this tool identified as RecurrenceVs includes a user-friendly interface in order 
to develop a series of experiments for the study of similarity between sets of recur-
rence plots where these represents different dynamical behaviors from sequences of 
data. The evaluation of the software tool with the set of time series from [15, 16]
shows that it is capable of discriminate between similar and non similar sequences 
based on their recurrence representations and generate classifications based on the re-
currence patterns. The parameterization of the similarity by means of a threshold and 
a similarity percentage is useful because it allows the analysis of similarity between 
recurrence patterns where their differences are not sharp. This analysis tool can be a 
complement to the existing recurrence analysis tools (VRA, RQA, CRP) where dif-
ferent properties such as percent of recurrence, percent of determinism, Shannon en-
tropy, etc. can be calculated for each recurrence plot and in this way correlate the sim-
ilar recurrence patterns with such properties.

St
St

Table 2.

5   Discussion
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