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Abstract

In business informatics, one of the research subjects is the analysis of data on processes in applied 
subject areas; here problems of qualitative analysis arise. Such problems arise, for example, in the 
qualitative study of log files of business processes, in the analysis and prediction of time series and 
other processes of a different nature. Quite often, to represent information about the processes under 
study, the methods of qualitative analysis use symbolic coding, which makes it possible to remove 
unnecessary detailing of numerical descriptions. The relevance of this study is due to the fact that 
when working with the raw data, researchers often face the presence of noise and distortions of 
the data, which significantly complicates the solution of the problems of qualitative analysis. When 
working with symbolic representations of the processes under study, which quite often have a periodic 
nature, we observe noise of deletion, insertion and replacement of symbols, which complicate the 
solution of the problem of revealing and analyzing the periodicity. This article deals with the problem 
of recovering periodic symbolic sequences obtained by coding from samples of continuous periodic 
functions and distorted by noise of insertion, replacement and deletion of symbols. Trigonometric 
functions are considered as a specific example of synthetic time series data. To encode trigonometric 
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Introduction

One of the subjects of scientific research 
in business informatics is the analy-
sis of data on processes recorded in 

applied subject areas [1]. The variety of emerg-
ing data analysis problems includes the tasks 
of qualitative analysis. They arise, for exam-
ple, during a qualitative study of the log files 
of business processes [1] and are associated, for 
example, with determining the correspondence 
of the log file to the process model [2]. One of 
the ways to present information about the pro-
cesses being studied in scientific research is to 
represent them in the form of time series. At 
the same time, a significant proportion of the 
tasks of qualitative analysis relates precisely to 
research in the field of time series, and is asso-
ciated both with the analysis of their periodic-
ity and, in general, with the problems of their 
complex analysis and forecasting [3–8]. Simi-
lar qualitative problems arise in the analysis of 
other processes of a different nature, repre-
sented by time series, for example, in environ-
mental monitoring and forecasting environ-
mental changes [9].

The observed values of the process under 
study, which are elements of the time series, 

functions, alphabets of various cardinalities are used. The article presents an experimental study of the 
dependence of the quality characteristics of the method of period and a periodically repeating fragment 
recovery, previously proposed by the authors and improved in this study. For alphabets of different 
cardinalities at fixed sampling intervals, the fraction of sequences with a satisfactorily reconstructed 
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are quite often exposed to random distortions 
caused by external factors. “The values com-
pared to the elements of the resulting series 
also contain measurement errors and, in the 
general case, are subject to random external 
influences. Further, such measurement errors 
and the results of external influences are inter-
preted as noise” [10].

Let us point out some publications from the 
field of business informatics and management 
in which one way or another the influence of 
noise on the results of forecasting time series 
is discussed and/or neutralized. The authors 
in [11–13] note that when creating models 
and predicting the production and consump-
tion of electricity, noise in the raw data affects 
the predictive power of models and the qual-
ity of forecasts. Stochastic forecasting of risks 
in business [14], including the risk of operating 
profit for firms, relies heavily on the assump-
tion of incomplete and noisy data. The authors 
of [15] point out that when studying the behav-
ior of bank clients by the method of clustering 
time series, errors and range of the raw data 
are taken into account. In [16], when assessing 
the efficiency of forecasting passenger air traf-
fic flows using multiple error indicators, in par-
ticular, it was shown that the noise in the raw 
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data affects the forecasting quality. The authors 
in [17] try to improve the quality of tourism 
demand forecasting using deep learning meth-
ods in conjunction with image processing of 
time series visualization, and thereby reduce 
the influence of errors in the raw data on the 
forecasting results.

Among other subject areas, we note, for 
example, microelectronics, where image blur-
ring caused by noise strongly affects the quality 
of prediction [18] and observations of the bio-
sphere. In [19], the authors note that biometric 
data (in a broad sense, a kind of data observa-
tions of the biosphere) often have observation 
gaps, outliers and breaks. For one more subject 
area – remote sensing of the Earth from space, 
we quote from [20]: “The use of time series of 
satellite data for monitoring the earth’s surface 
is associated with the problem of taking into 
account all sorts of interfering factors leading 
to partial loss or distortion of information on 
the dynamics of spectral-reflective character-
istics of objects of observation. Such factors 
include mist and cloudiness, which are opaque 
in the visible and near-infrared range, shadows 
from it, as well as measurement errors.”

In order to solve the problems of qualita-
tive analysis, time series data are subjected to 
symbolic coding, which allows us to remove 
unnecessary detailing of numerical descrip-
tions [21–23]. In this case, the description of 
the elements of the time series or steps of the 
business process is encoded with a word over 
a finite alphabet, which is the object of further 
research. Moreover, such coding is relevant for 
the qualitative analysis of big data. This is due 
to the fact that the high accuracy of numeri-
cal representations of time series elements 
leads not only to unjustifiably large amounts 
of information, but also laborious calculations 
that do not improve the quality of the results 
obtained [22, 23].

Obviously, when studying time series, work-
ing with noisy data causes significant difficul-

ties. This leads to the formulation of the prob-
lem of noise elimination. For noise reduction 
in numerical time series data, various smooth-
ing methods are used, such as moving average, 
exponential smoothing, etc. [10]. However, 
these methods are not applicable when dealing 
with noisy symbolic sequences.

In the aspect of symbolic coding, the arising 
errors, interpreted as noise, lead to the fact that 
insertion, deletion and replacement of sym-
bols occur in symbolic sequences. Therefore, 
for example, errors associated with the adjust-
ment of measuring instruments, inaccuracies 
in manual data entry and accidental mistakes 
or deliberate distortion of the values of individ-
ual indicators, lead to replacement noise [19]. 
Registration errors are a source of deletion and 
insertion noise, and these noises can also occur 
during data preparation. We also note that the 
methods for detecting periodicity used for 
numerical sequences are not applicable when 
working with symbolic representations [24].

The relevance of this study is due to the 
fact that noise reduces the efficiency of time 
series analysis. In this regard, the article dis-
cusses the problem of recovering periodic sym-
bolic sequences obtained by coding from sam-
ples of periodic functions and distorted by 
noise of insertion, replacement and deletion 
of symbols. Trigonometric functions are con-
sidered as a specific example of synthetic time 
series data. To encode trigonometric functions, 
alphabets of various cardinalities with different 
granularity of sampling intervals by model time 
are used.

The article presents an experimental study 
of the quality characteristics of the method of 
period and a periodically repeating fragment 
recovery, previously proposed by the authors in 
[25] and improved in this study. For alphabets 
of different cardinalities at fixed sampling inter-
vals according to the model time, the fraction 
of sequences with a satisfactorily reconstructed 
value of the period and the relative error in 
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determining the period are given. The qual-
ity of reconstruction of a periodically repeat-
ing fragment is measured by the edit distance 
from the reconstructed periodic sequence to 
the original sequence distorted by noise. 

1. Terminology  
and notation

Further, we will use the notation introduced 
by us in article [25], which describes a method 
for recovering a periodic symbolic sequence. 

Let  be the alphabet of cardinality .  
We will call a word of length n the symbolic 
sequence  = s

1
, s

2
, ..., s

n
 over a finite alpha-

bet , where s is an arbitrary symbol of ,  
and a subword or a fragment of the word  
is any sequence of symbols s

k
, s

k+1
, ..., s

l–1
, s

l 
,  

1  k  l  n.

We consider periodic symbolic sequences 
with period p. To avoid ambiguity in under-
standing, we will call the period p the length 
of a repeating subword (fragment), and call a 
part of a periodic sequence of length p a peri-
odically repeating fragment. Unless otherwise 
stated, a periodically repeating fragment is a 
fragment of length p that begins with the first 
symbol of the periodic word.

Let  be a periodic word containing  
m  8 repeating fragments of length p;  

 – a word over the same alphabet as  
, but with introduced noise;  – 

a periodic word obtained by analysing    
using the algorithm from [25] with the improve-
ments proposed in this article.

Note that the word   has the same 
length as  and serves as an approxima-
tion of the periodic word  .

2. Statement  
of the problem

Let there be some continuous-time peri-
odic process g(t) from time t

0
 to time t

0 
 + n t  

during which the value g (t
i 

), i = 1, n, is 
measured at regular intervals t. Partition-
ing the range of measured values of g(t) 
into  equal half-segments and encoding 
the values of g(t

i
) with symbols of alpha-

bet , we get the symbolic sequence  
 = s

1
, s

2
, ..., s

n
 over this alphabet. Note that 

some symbols of alphabet  may not be pre-
sent in the resulting symbolic sequence. We 
will assume that the period  of the observed 
function gis a multiple of the length of inter-
val r t between successive measurements, 
i. e. p = r t, where  is an integer, due to 
which, when encoding the periodic function 
g(t) on a segment of  periods, a periodic 
symbolic sequence is obtained, also contain-
ing  periods, while n = mp = mr t.

Now let us introduce random distortions 
into the measured values of the function 
g(t). We will consider the noises of insertion, 
replacement, and deletion. Insertion of a new 
value corresponds to some failure in meas-
urements, when an extraordinary measure-
ment occurred between the scheduled meas-
urements; deletion means the loss of a value 
when entering or transferring results of meas-
urements; and replacement is considered an 
incorrect measurement or deliberate distor-
tion of the data.

After introducing all the distortions, we get a 
noisy sequence, which we encode in the same 
alphabet  and consider the problem of reco-
vering a periodic symbolic sequence from a 
given noisy sequence.

In this article, we consider the symbolic 
sequences obtained by encoding values of a 
continuous periodic function (in particular, 

) in points with step t on a segment with 
a length of at least eight full periods (m  8) when 
they are distorted by different types of noise.

When coding a continuous function, an 
essential role is played by the choice of the 
cardinality of the alphabet. We encode each 
function under consideration with symbols of 
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alphabets of cardinality from 10 to 60 with a 
step of 10. Despite the fact that when encod-
ing by partitioning the range of values of the 
encoded function into equal half-segments, 
some symbols of the alphabet may not occur 
in an undistorted periodic symbolic sequence. 
Such symbols can be observed in the sequence 
obtained by encoding the distorted sequence of 
measured values of the function.

Statement of the problem: to study the influ-
ence of the cardinality of the alphabet, the type 
of function and the noise level on the qual-
ity of reconstruction of the periodic symbolic 
sequence obtained by coding the values of the 
periodic function under conditions of its dis-
tortion by the noise of insertion, replacement 
and deletion of values. 

3. Continuous periodic  
function encoding

Consider function  on the segment  
[ ], which contains 8 full periods of func-
tion . To construct a numerical sequence 
with period p, we partition the interval [ ]

into 8p equal half-segments of length  

and evaluate the value of function  in 
the middle of each half-segment, getting a 
sequence of  real numbers y

1
, y

2
, ..., y

8p
.

For the purpose of symbolic coding of the 
values obtained in the alphabet of cardi-
nality , we partition the range of sine val-
ues – segment [–1, 1] into  consecutive 
half-segments  of equal length; 
in this case, the number of half-segments 
is equal to the cardinality of the alphabet. 
We assign the semi-segments  to 
the symbols of the alphabet . Each num-
ber in the sequence y

1
, y

2
, ..., y

8p
 is encoded 

by the symbol corresponding to the half-
segment I

j 
, in which this number falls. 

As a result, we get the symbolic sequence  
. Note that some symbols of alphabet 

 may not appear in this sequence.

4. Method for determining  
the period from a periodic  

sequence with noise

To understand the proposed improvements 
to the method for constructing a periodically 
repeating fragment, we present a brief descrip-
tion of the method for determining the period 
[25, 26].

The method assumes counting the num-
ber of all subwords of length k = 10 in a noisy 
sequence = s

1
, s

2
, ..., s

n
. Subwords of length 

10 in  are taken with a shift by one symbol, 
i. e. the subwords s

1
, s

2
, ..., s

10
, s

2
, s

3
, ..., s

11
, etc, 

are considered. Those subwords that have met 
at least 3 times compose the set R. Each sub-
word from R is associated with a list of position 
numbers of symbols of the sequence , starting 
from which this subword is included in . So, 
in the sequence “abcabcdabcdeabcabcdabcde” 
the subword “abcabcdabc” is included starting 
from position numbers 1 and 13.

Further, for each subword of length k = 10, 
the differences between the numbers of con-
secutive occurrences are calculated, after 
which the set  is constructed from such dif-
ferences. Each element of this set is compared 
the number of times when such a difference 
in the numbers of consecutive occurrences of 
the first symbols of subwords of length 10 was 
observed. For example, in a word “abcabcdab-
cdeabcabcdabcde” the difference r = 13 – 1 = 12  
is observed 3 times (for the words “abcabcd-
abc”, “bcabcdabcd”, “cabcdabcde”). Due to 
the introduced noise, the differences not always 
equal the period or its multiples, but most of 
the differences take values close to the period 
or its multiple. In this regard, for each value of 
the difference, it is calculated how many times 
a difference close to it has occurred in . In our 
experiments, the proximity was defined as fall-
ing within the interval ±20%. The analysis of 
the obtained differences allows one to obtain 
an estimate of the period for an unknown 
strictly periodic sequence [25].
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5. Improved method  
for constructing a periodically  

repeating fragment

The solution that the algorithm from [25] 
delivers in terms of constructing a period-
ically repeating fragment is the subword 

 of the analyzed word ,  
minimizing (on the set of obtained variants of 
fragments) the edit distance from the symbolic 
sequence of length |  | constructed from 
this fragment to the sequence .

The construction of an approximating peri-
odically repeating fragment  in [25] is car-
ried out by splitting the distorted sequence into 
successive subwords of length  (the last sub-
word of length less than  was not taken into 
account) and choosing such one from them, in 
which the edit distance to one of the remaining 
subwords is minimal. If there are several such 
subwords, the first subword with the minimum 
edit distance to another subword is selected.

The method proposed by us and described 
below attempts to improve the  fragment in 
order to obtain a smaller value of the edit dis-
tance between the distorted and approximating 
periodic sequences. The proposed improve-
ment is achieved by using information about 
the previously determined frequencies of sub-
words of length k = 10 observed in .

First, based on the fragment , the word 
 is built, containing the fragment , writ-

ten four times in a row. Then each subword of 
the fragmen   of length k = 10 ((s

1
, s

2
, ..., s

10
; 

s
2
, s

3
, ..., s

11
 etc. ) is checked for occurrence in 

the word  at least 3 times, i.e. to belong 
to the set R. The first of the checked subwords  

 = s
t+1

, s
t+2

, ..., s
t+10

, belonging to the set R, 
becomes a start subword, the improved peri-
odic fragment will begin with it. If no such sub-
word was found, the periodic fragment remains 
unimproved.

After the subword  is found, the subwords  
from  are sequentially scanned with a shift 
by one character, i. e.  = st+h, st+h+1, ..., st+h+9

 ,  

h = 2, 3,  ..., membership check is performed 
of these subwords to the set R. If the subword 
belongs to R, then the corresponding subword 
of the word  remains unchanged, otherwise 
we start counting consecutive subwords (with a 
shift by one character) not included in R.

Since the length of  is 10, until there are 
10 consecutive subwords not included in R, 
the word  remains unchanged. If, after less 
than 10 consecutive  not included in R, the 
next  turned out to be included in R, then the 
counter of consecutive subwords not included 
in R is reset to zero. If in R there are no 10 
consecutive subwords  but the eleventh  is 
included in R, then the search for a subword R  
in R begins, such that the first m symbols of R  
coincide with the last m symbols of  — the 
last of the considered subwords in R, 3  m  9. 
The values of m are taken from 9 to 3, i. e. first 
we try to find R, in which the first 9 symbols 
coincide with the last 9 symbols , if such R  
is found, then in  replace the symbol fol-
lowing the last by the subword symbol , to 
the last symbol R.

If for m = 9 the subword R is not found, we 
continue with m = 8, and so on up to m = 3. Let 

R be found for some m from 3 to 9, then in  
we replace the symbol following the last symbol 
of the subword  by the (m + 1)-st symbol R. 
If no R was found for any m from 3 to 9, then 
the fragment  remains unimproved.

At some point, either 2  consecutive sub-
words  will be scanned and the fragment  
will never be encountered, or the next  sub-
word will match . In the first case, as an 
improved fragment  we take the first  sym-
bols of  starting from the first symbol  (i.e. 
from  cut out  and the following symbols 
in ,  symbols in total). In the second case, 

 consists of symbols of , starting from the 
first occurrence of  to the second , while 
checking the possibility that at the end of the 
periodic fragment due to insertion or deletion 
noise, one symbol is lost or added.
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the minimum edit distance to the beginning 
of the noisy sequence, i.e. its first * symbols, 
where * is the length of the improved periodic 
fragment.

If, as a result of improving a fragment, a sub-
word of length more than three is obtained, and 
the edit distance from the periodic sequence 
constructed by repeating the improved frag-
ment to the noisy one is less than in the case 

 before improvement, we use improved  as 
an approximation of the periodically repeating 
fragment, otherwise original.

6. Evaluation of the quality  
of the period recovery

The estimation of the accuracy of determin-
ing the period and the quality of reconstruction 
of a periodic fragment will be carried out sep-
arately. Let the period of the sequence before 
introducing distortions be p, and our algorithm 
determined that the period is . Then 
the precision  of determining the period is 
defined as

                                    (1)

For a periodic sequence obtained by encod-
ing a periodic function on eight periods, we get 
a series of 100 random noisy sequences. For 
each of them we determine the period and find 
the value , then we calculate the average value 
 and the median of the sample over 100 noisy 

sequences.

The quality of reconstruction of a peri-
odic fragment will be estimated by evaluat-
ing the ratio of the edit distance  
between the reconstructed and original peri-
odic symbolic sequences, to the length of the 
original periodic sequence [27]. Let’s denote 
this ratio :

                (2)

The check is done as follows. If after the next 
 included in R in  there were 9 consecutive 

subwords not included in R, after which a word 
from R was found and this word coincided with 

, then perhaps there was a noise of deletion. 
To check, in the set R, we look for R, in which 
the first m symbols coincide with the last m 
symbols of . If such a word R is found and its 
symbols starting from m + 2 coincide with the 
first symbols , then at the end of  we add 
the (m + 1)-st symbol of R.

In addition, if after the next  that is included 
in R, in  there were 9 consecutive subwords 
not included in R, after which a word from R 
was found and this word coincided with , it 
is possible that there was a noise of insertion, 
and we try to eliminate it like that. If the first 
symbol  matches the last symbol , then we 
do not include in  the last symbol before the 
second occurrence of  in .

In order to obtain a more accurate value of a 
period simultaneously with the search for the 
improved fragment , 2 , consecutive sub-
words  of the word , are searched, until on 
the next step among the  we meet the word .  
Then as the improved fragment we regard the 
subword of the improved , starting from the 
first occurrence of  to the second one, if the 
period is at least 3. If changes in  during the 
improvement process did not yield another ,  
then after the end of the improvement pro-
cess, we perform another scan of 2  consecu-
tive subwords  of the word  starting from the 
first occurrence of , and if there is a second 
occurrence of , then the improved fragment 
is the subword of the improved , starting 
from the first occurrence of  to the second. If 
the second occurrence of  is not found, then 

 consecutive symbols of improved , starting 
from the first occurrence of , are taken as the 
improved fragment.

If it is possible to improve a periodic frag-
ment, its cyclic shifts are considered, and the 
final fragment is taken as the shift, which has 
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With this approach, a good estimate will be 
given by the case when the period obtained by 
the algorithm is two to three times larger than 
the initial one, but at the same time the peri-
odic fragment is close to the original, repeated 
the required number of times.

In addition, the original and reconstructed 
sequences were compared with the noisy one; 
in this case, the first n symbols were taken from 
each periodic sequence for comparison, where 
n is the length of the noisy sequence.

7. Computational  
experiment scheme

In a computational experiment, a study was 
carried out of the method proposed in [25, 26] 
and improved in this article on the following 
functions:

 ♦ sin (t )on the segment [ ];

 ♦  on the segment [0 – 64];

 ♦  on the segment

 [0 – 128];

 ♦  on the segment

[0 – 128], where ...  stands for the integer 
part of the number.

Thus, for all functions, the segment of argu-
ment values containing eight full periods was 
considered. The functions were encoded in the 
alphabets  of cardinality  from 10 to 60 with 
a step of 10. The range of function values was 
partitioned into  intervals, with each interval 
I

j
  being encoded by the symbol s

j 
 of the alpha-

bet .

The values of the period p were chosen equal 
to 20, 30 and 50, while one period of the func-
tion was partitioned into p equal half-segments. 
Then for each half-segment t

i
 the value of the 

function in the middle of the half-segment was 

evaluated, and this value was used to determine 
the half-segment I

j 
 to which this value belongs, 

after which the symbol s
j 
, encoding the half-

segment I
j 
, was written to the i-th position 

of the coding word. Thus, periodic symbolic 
sequences were obtained in alphabets of cardi-
nality from 10 to 60.

Based on the periodic sequences thus con-
structed, random noisy sequences were obtained, 
100 sequences for each purely periodic one. The 
noise was introduced in accordance with our 
earlier proposed probabilistic noise model for 
periodic symbolic sequences [28].

In the first series of experiments, noise was 
introduced with a total level of 5%, with the 
levels of insertion, replacement, and deletion 
noise taking values from 1 to 5% with a step of 
1%, so that the sum of the noise levels is 5%. 
In the second series, noise was introduced 
uniformly distributed among the types, i. e. 
the level of insertion, replacement and dele-
tion noise was the same in a separate experi-
ment, taking values from 1 to 4% in 1% incre-
ments.

8. Results  
and discussion

The results of experimental studies for all 
four functions are shown in Figures 1–4 and 
in Tables 1 and 2. In Figures 1–4, we show the 
numerical sequences of the values of func-
tions on two periods containing 50 samples per 
period, with the coding alphabet cardinality 
of 20. In the figures, the numbers of the sam-
ples are plotted along the horizontal axis, and 
the numbers of the half-segments of the cod-
ing corresponding to the symbols of alphabet of 
cardinality 20 are shown along the vertical axis.

For all functions, as an example, one vari-
ant of noise injection is shown from the various 
variants investigated. Namely, a variant with 
a total noise level of 5%, consisting of a dele-
tion noise of 2% and an insertion noise of 3%. 
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In all the figures, the black dots correspond to 
the original periodic sequence obtained from 
the specified function, the gray dots are the 
noisy sequence of function values in samples, 
and the white ones with an outline are the peri-
odic sequence restored by the algorithm under 
study. The dotted line shows the sequence of 
points by count.
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Fig. 1. Two periods  
of the function ,  

total noise 5%, deletion noise 2%,  
insertion noise 3%, 50 samples per period,  

coding alphabet cardinality 20 symbols
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Fig. 2. Two periods of the function

,

total noise 5%, deletion noise 2%,  
insertion noise 3%, 50 samples per period,  

coding alphabet cardinality 20 symbols
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Fig. 4. Two periods of the function

,

total noise 5%, deletion noise 2%,  
insertion noise 3%, 50 samples per period,  

coding alphabet cardinality 20 symbols

The results of the study on evaluating the 
accuracy  of determining the period showed 
that for all functions the results obtained do not 
differ much from each other, i. e. the method 
under investigation is weakly sensitive to the 
form of a periodic function (at least for these 
four functions). Therefore, we present the 
results for only one function.
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Fig. 3. Two periods of the function 

,

total noise 5%, deletion noise 2%,  
insertion noise 3%, 50 samples per period,  

coding alphabet cardinality 20 symbols
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For better clarity, we give in Table 1 not the 
average value  averaged over 100 experiments by  
introducing random noise with a given level, 
but the fraction of sequences (out of 100 noisy 
ones) with a reconstructed period, the value of 

which differs by no more than 2% from the ini-
tial period.

The results of studies on the quality of recon-
struction of a periodically repeating frag-
ment by the improved algorithm are shown in  

Table 1.
Fraction of symbolic sequences with a recovered period,  

not more than 2% different from the original,

the function is 

Noise level, % Alphabet cardinality

deletion change insertion 10 20 30 40 50 60

0 0 5 25 26 33 24 26 31

0 1 4 25 16 22 26 24 26

0 2 3 98 97 94 95 96 93

0 3 2 99 100 98 99 99 100

0 4 1 100 98 100 100 100 100

0 5 0 100 100 100 100 100 100

1 0 4 94 93 94 90 95 96

1 1 3 100 99 96 100 97 97

1 2 2 99 100 99 100 98 97

1 3 1 99 97 97 97 98 99

1 4 0 94 96 97 96 97 95

2 0 3 99 96 99 99 96 97

2 1 2 98 97 99 100 99 98

2 2 1 99 100 99 97 100 97

2 3 0 97 98 97 98 98 98

3 0 2 100 100 98 97 99 100

3 1 1 98 97 98 96 98 98

3 2 0 85 94 91 91 87 90

4 0 1 88 85 88 83 90 88

4 1 0 22 34 28 26 35 31

5 0 0 8 9 7 7 17 12
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Table 2. 
Influence of the noise level and cardinality  

of the alphabet on the median 

Total 
noise %

Alphabet  
cardinality

Median of values    of different functions 

3%

10 0 0 0 0

20 0 0 0 0

30 0 0 0 0

40 0 0 0 0

50 0 0 0 0

6%

10 2 2 2 2

20 2 2 2 2

30 2 2 2 2

40 2 2 2 2

50 2 2 2 2

9%

10 4 4 4 4

20 6 4 4 4

30 4 4 4 4

40 4 4 5 4

50 4 4 5 4

12%

10 7 6 8 6

20 8 6 8 6

30 6 6 6 6

40 8 8 6 8

50 8 8 7 6

Table 2. The values of the median  
are given for all four functions under study 
with a noise of uniform structures. In this 
case, the same noise level of each type 
(insertion, deletion, replacement) was ran-
domly introduced into each of the 100 ini-

tial sequences. This level varied from 1 to 
4% with a step of 1%. The experiments were 
carried out for all cardinalities of the alpha-
bet – 10, 20, 30, 40 and 50 and all values of 
the period. Table 2 shows the results for a 
period value of p = 50.
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Based on the experimental data obtained, 
the improved method for reconstructing the 
period and periodically repeating fragment 
shows generally satisfactory results. The data 
in Tables 1 and 2 show that the method has 
weak sensitivity in terms of the cardinality of 
the coding alphabet and in the form of the 
function, both in determining the period and 
in recovering a periodically repeating frag-
ment.

When determining the period (see Table 1), 
the method is susceptible to the difference 
between the levels of insertion and deletion 
noise, since it is this difference that affects the 
distances between repeated subwords of length 
10 in a noisy sequence. Note that the pres-
ence of only 5% replacement noise leads to 
the best experimentally observed result. When 
determining a periodically repeating fragment 
with a noise of uniform structure, neither the 
form of the function, nor the cardinality of the 
alphabet has a noticeable effect on the results. 
The only influencing factor in this case is the 
overall noise level.

Conclusion

The use of models of symbolic cycles with 
noise makes it possible to solve problems of 
probabilistic forecasting of symbolic noisy 
sequences and allows you to develop effective 
methods for forecasting, reconstruction and 
approximation of data in the form of symbolic 
codes based on fragmentary, incomplete and 
distorted information.

This article proposes an improved method for 
solving the problem of recovering a periodic sym-
bolic sequence based on the original sequence 
obtained by introducing insertion, deletion and 
replacement noise into an unknown periodic 
sequence. The method is based on the study of 
frequency occurrence and distances between 
coinciding subwords of fixed length. Symbolic 
sequences in alphabets of different cardinality 
encoding noisy periodic functions are consid-

ered as synthetic data. In addition to describ-
ing the improved method for finding a periodi-
cally repeating fragment, the article contains the 
results of an experimental study of the depend-
ence of the quality characteristics of the method 
for restoring the period and periodically repeat-
ing fragment on the cardinality of the coding 
alphabet and noise levels of various types. The 
study was carried out for noisy symbolic codes 
of periodic functions, which are models of noisy 
(quasiperiodic) time series. This kind of input 
data often occurs in the problems of analysis and 
forecasting of time series in business informatics 
and management.

A computational experiment has shown 
that the quality of the method depends not 
only on the general noise level, but also on 
the ratio of the noise level. The proposed 
method has weak sensitivity in terms of the 
cardinality of the coding alphabet and in the 
form of a periodic function, both in deter-
mining the period and in recovering a peri-
odically repeating fragment. A study for 
noise with a uniform structure showed that 
the only factor affecting quality is the noise 
level, while neither the type of function, nor 
the cardinality of the alphabet has a notice-
able effect on the results.

The results obtained in the article make it 
possible to give recommendations on the pos-
sible application of the method when solv-
ing problems of analyzing symbolic codes of 
noisy periodic continuous functions in alpha-
bets of small cardinality, with a noise level not 
exceeding 10–12%. Such problems arise in 
the analysis of both dynamic processes and 
time series in business informatics and man-
agement, and in the analysis of business pro-
cesses in conditions of incomplete and frag-
mentary information. 
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