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Abstract. The methods of pattern recognition in time series based on moving
approximation (MAP) transform and MAP image of patterns are proposed. We
discuss main properties of MAP transform, introduce a concept of a MAP
image of time series and distance between time series patterns based on this
concept which were used for recognition of small patterns in noisy time series.
To illustrate the application of this technique to recognition of perception based
patterns given by sequence of slopes, an example of recognition of water
production patterns in petroleum wells used in expert system for diagnosis of
water production problems is considered.
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1 Introduction

Time series contain important information about measured parameters of systems
changing in time. Such systems can be found in meteorology, economics, finance,
geophysics, industry, and telecommunications. Time-series analysis is an important
research area in these domains and more accurate analysis tools are consistently
sought. Conventional techniques of time series analysis are based on statistical
modeling, Fourier and wavelet transforms [4-6], [8], [12-14], [16], [17]. Techniques
developed for noise suppression, data filtering and pattern recognition often suppose
that time series describe some signal propagation or oscillating processes, contain
large patterns, small noise, or noise with known statistical parameters. Many of these
conditions are not fulfilled for time series describing economic or industrial systems
[7], [9], [10]. In these application domains (i) time series are already obtained as a
result of averaging of some parameter during given time intervals; (ii) they do not
represent some oscillating processes; (iii) recognition of small patterns is important
for decision making; and (iv) small patterns in time series can exist in presence of a
noise. Moreover, in decision making procedures related with time series analysis in
these domains, a trend or a tendency in a change of a parameter during some time
interval usually becomes an important characteristic and the powerful signal
processing techniques can not be applied.
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The formal technique for analysis of such “local trends” was introduced in [1], [2].
The basis of this technique is an analysis of slopes of linear approximations of time
series in a sliding window. This technique consists of two parts: i) moving
approximation (MAP) transform calculates slopes in sliding window of a given size;
and ii) a “local trend” association measure calculates a similarity between time series
or time series patterns. This technique was applied in [1], [2] for analysis of
associations between time series and representation of these associations as an
association network of time series. The paper [3] considered the method of
application of this technique to time series forecasting. In this paper we discuss the
methods of application of MAP transform and local trend association measures to the
recognition of time series patterns.

The rest of the paper is organized as follows. In the next section, we consider the
basic notions of MAP transform and local trend associations. In section 3, we propose
novel methods of coding of time series patterns by local trends and a pattern
recognition procedure for extraction of given patterns from time series. Several
measures of local trend association between time series patterns (E-distance, J-
distance and EJ-distance) are introduced and compared on examples of time series
pattern recognition in the presence of noise. Finally we discuss an application of this
approach to the recognition of water production patterns in petroleum wells which are
important for diagnosis of water production problems in petroleum industry. In
Conclusions we discuss the main results presented in the paper and possible
application and extension of the proposed technique.

2 Basic Notions of MAP Transform and Local Trend Associations

A time series (y,7) is a sequence {(y,t)}, iel = (1,..., n), such that ¢, < ¢;,, forall i=
1,.., n-1, where y; and #; are real numbers called time series values and time points,
respectively. A time series (y,f) will be denoted also as y. A window W, of a length k
> 1 is a sequence of indexes W;= (i, i+1,..., i+k-1), ie {1,..., n-k+1}. The sequence
Y, = (¥i>Yit1>--Yitk—1) of the corresponding values of time series y is called a

partial time series induced by window W, A sequence J = (W), W,,..., W,;,) of all
windows of size &, (1 < k < n), is called a moving (or sliding) window. Such mowing
window is used, for example, in statistics in moving average procedure for smoothing
time series when the value in the middle of the window is replaced by the mean of
values from this window.

Suppose J is a moving window of size k and yw. = (i, Yit1se Vigk-1) 5 €

(1,2,..., n-k+1), are corresponding partial time series in time points (¢, t;,1,..., tizr1)- A
linear function f;= a;t+b; with parameters {a,b;} minimizing the criterion

O(fisyw;) = i+§l(ﬁ(fj) -y P = i%_,l(aifj +bi=y;f M
j=i j=i

is called a moving (least squares) approximation of yy; The solution of (1) is well
known and optimal values of parameters a; b; can de calculated as follows:



912 I. Batyrshin and L. Sheremetov

i+k—1 — J—
2 (i =t)(y;—yi)
Jj=i - -
a; = ikl . blzyl—altl, (2)
Z (t; - 1)?
j=
— ] i+k- — ] it+k-
where t; = — Z yi=— Z
k j=z k=i
Definition 1. A transformation MAP(y,t)= a, where a = (aj, ..., a,44+1) 1S a sequence

of slope values obtained as a result of moving approximations of time series (y,z) in
moving window of size k is called a moving approximation (MAP) transform of time
series y. The slope values aj, ..., a,.,; are called local trends.

Elements a;, (i = 1,..., n-k+1) from MAP(y,t) will be denoted as MAP(y,1).

In many applications time points #, ..., t, are increasing with a constant step / such
that #;,, - t;=h for all i = 1,..., n-1. In such cases, in MAP transform the set of time
points t= (#, ..., t,) can be replaced by the set of indexes I = (1,..., n) as follows:
MAP; (y,t) = (1/h)MAP; (y,I) and the formula (2) for local trends can be simplified as
follows [2].

Theorem 1. Suppose time points #, ..., t, are increasing with a constant step 4 then
the values of MAP transform MAP; (y,t) can be calculated as follows:

k-1
6% 2j—k+Dyj;
a; =12 ie(12,..., nk+1). 3)

hk(k% 1)

Formula (3) gives a simple method to calculate MAP transform for time series with
a fixed step. Further, for such time series we will replace time points by indexes /=
(1,..., n) and in (3) the value & =1 will be used. We will denote time series also as y =
1,-..,y,) and will use a notation MAP,(y) for ke{2,...,n-1}.

As a measure of similarity between time series one can use measures of similarity
between their MAP transforms.

Definition 2. Suppose y = (y1,...,yn), X = (x1,..., X;,,) are two time series and MAP,(y) =
(aypy ..y Qyw), MAPy (x)= (ay, ..., ), (k€(2,..,n-1}, m= n- k+1), are their MAP
transforms. The following function is called a measure of local trend associations:

>
a .. a .
yi “Yxi
i=1 4)
m m
2 2
Z ayi ' Zl axj
J:

i=l1

cossy(y,x)=

Suppose p,q,1,s, (p,r# 0) are real values and (y,?) is a time series. Denote py+q =
(Py1+q, ..., py.+q) and rt+s = (rty+s, ..., rt,+s). A transformation L(y,2) = (py+gq, rt+s)
is called a linear transformation of time series (y,7).
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Theorem 2. Suppose L, and L, are two linear transformations of time series (y,) and
(x,t) given by the sets of parameters (p,q,71,51) and (pa,qa, 12, 52), respectively, where
P1, P2, 11, 1 #0, then

coss(Li(v,1), Ly(x,0)) = sign(p,)-sign(r))-sign(p,)-sign(r,)-cossf(y, 1), (x,1)). (5)

From this Theorem it follows a very nice invariance property of local trend
association measure under various types of normalization of time series. For the lack
of space, we leave the proving of the Theorems 1 and 2 out of the scope of this paper.

Analysis of associations between time series is based on the analysis of
associations between them for different window size. The sequence of association
values AV(y,x)= (cossy(y,x),..., coss,(y,x)) for all sizes of window is called an
association function [2]. A specific measure of association between time series is
defined by the subset of window sizes J c {2,...,n} as a maximum or average of all
associations cossi(y,x), keJ. Examples of application of this association measure to
the classification of time series are considered in [2]. In Section 3 it will be introduced
a J-MAP image of time series pattern defined by a subset of window sizes J.

3 MAP Image and J-MAP Distance in Time Series Pattern
Recognition

Suppose y = (1, ..., yn) 1S a time series with a constant time step. Our goal is to
propose a method to find a pattern p = (py,..., p,,) in time series y. This problem is
trivial if the pattern p coincides with some subsequence x = (y;, Yis1,-.-»Vizm-1) Of ¥ such
that y;= p1, Yir1 = P2,--+» Yism1 = Pm- In real applications, such trivial cases usually do
not take place and the problem is to find a subsequence in y which is most similar to
the goal pattern. A simple algorithm to find such pattern is following: to move a
window W; of size m along time series and calculate a distance between goal pattern
and partial time series Y, = (¥isYit1s-Yizm—1) 1nduced by this window. The

partial time series minimizing this distance can be chosen as a found pattern. As a
commonly used distance one can use Euclidean distance between time series patterns:

dg(x,p) =\/él(yi+k—1 -m)? (6)

Before searching patterns in time series one can apply some methods of data
smoothing, data filtering or noise suppression, but in the presence of large errors such
procedures developed mainly for signal processing can essentially deform time series
which do not describe some wave propagation or oscillating process but, instead,
describe a change of some time dependent economical, financial or industrial
parameter. Fig. 1 gives an example of such time series distorted by different types of
errors.

Here we propose a novel method of pattern recognition in time series based on
MAP transformation of patterns. MAP transform smoothes data in a sliding window.
For this reason we can suppose that it is less sensitive to errors in data than original
data.
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Fig. 1. Example of a synthetic time series (on the top of figure) taking values between 1 and 10
and noisy time series obtained from it by adding the following errors: 01, 03, 05, 08 denote
time series with errors uniformly distributed in the intervals [0,1], [0,3], [0,5], [0,8],
respectively; Oln, 03n, 05n, 08n denote time series with standard normal distribution errors
multiplied by 1, 3, 5, 8, respectively.

Definition 3. A MAP image of pattern p = (py,..., p,) is a sequence MAPI(p)=
(MAP,(p),..., MAP,(p)) of MAP-transforms of p for all possible window sizes.
Suppose J is a subset of indexes {2,..., m}. A J-MAP image of p is a sequence of
MAP-transforms of p for all possible window sizes from J.

Fig. 2 shows an example of moving approximations of a pattern for different
window sizes. The MAP transforms corresponding to these moving approximations
contain the following sets of slope values of approximating lines: MAP,(p) = (1, 3, 5,
-1, -3), MAP;(p) = (2, 4, 2, -2), MAP,(p) = (3, 2.6, 0.2), MAPs(p) = (2.4, 1.2),
MAP¢(p) = 1.4571. The corresponding MAP image of p will be represented by a
sequence: ((1, 3, 5, -1, -3), (2, 4, 2, -2), (3, 2.6, 0.2), (2.4, 1.2), (1.4571)). For J =
{3, 4} aJ-MAP image of p will be equal to: ((2, 4, 2, -2), (3, 2.6, 0.2)).

Instead of a distance (6) between goal pattern p and partial time series x = yy; in
sliding window we propose to calculate a distance between J-MAP images of goal
pattern p and partial time series x = yy;. This distance, called J-MAP distance, will be
defined as follows:
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Fig. 2. Moving approximations of a pattern (given on the top of the figure) for all possible
window sizes

B 1 m—k+1 . 3 . 2
dj(x,p)= keZJ \/m i+l El (MAP,; (x)— MAP,;(p))” . (7)

As a distance measure combining both Euclidean distance and J-MAP distance we
propose the following distance, which will be called EJ-MAP distance:

1
dgj(x,p)=d;(x, p)+ﬁdE(x’ D). (8)

It is clear that instead of Euclidean distance one can use a normalized distance:

1 m
dng(x, p) Z\/mkz_:l(ka—l —Pk)2 . 9

In this case (8) will be presented as follows:
dgy(x,p)=d;(x,p)+dyp(x,p). (10)

Experiments show that results of pattern recognition based on these distances can
be different. Fig. 3 depicts an example of recognition of time series patterns in time
series with noise. Fig. 3a shows search patterns in original time series and Fig. 3b
depicts results of recognition of these patterns in time series distorted by noise.

Table 1 contains the results of comparison of considered three distance measures in
their ability to recognize time series patterns in time series distorted by random errors.
From time series shown on top of Fig. 1 were generated 300 random time series for
each type of error described in the caption of Fig. 1. The distances for two sets of
indexes J = {3,4,5,6} and J= {4,5,6} were applied. The results obtained for J =
{3,4,5,6} are slightly better than for J = {4,5,6}. As one can see from Table 1, the J-
MAP distance is more suitable for recognition of patterns in the presence of large
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original time series
20F T =1

Fig. 3. a) Goal patterns (shown by circles “0”) in original time series depicted also on top of
Fig. 1; b) Two goal patterns in time series distorted by random errors are shown by circles (0).
Patterns found by J-distance, E-distance and EJ-distance are shown by diamonds (¢), squares
(7)) and triangles (V) respectively

uniformly distributed errors and Euclidean distance has some advantage in
recognition of patterns with normally distributed errors. EJ-MAP distance can be used
as a compromise between these two distances when the type of error is unknown.

4 Recognition of Water Production Patterns in Petroleum Wells

The proposed methods of time series pattern representation and recognition were
realized as modules of the Percept-Miner toolbox [15]. They were also used in
SMART-Agua, an expert system for diagnosis of water production problems in
petroleum wells.

In petroleum industry it is convenient to describe a water production patterns in
petroleum wells by slopes. MAP transform and local trend associations based on
MAP give a natural method for analysis of such patterns. As an example of the
application of the proposed technique we consider the case of the recognition of the
four water entrance patterns important for diagnosis of water production problems.
The real data are analyzed against four typical patterns describing “quick increase”
and “slow increase” of water production related to the certain problems of excessive
water production (Fig. 4). A methodology for interpreting the behavior of
waterflooding is applied in order to analyze the behavior of the water oil ratio vs. time
curve in various time domains (for example, following the breakthrough).

Since expert patterns were given by sequences of slopes, J-MAP distance was
applied for search patterns in time series closest to the goal patterns. A screenshot
(Fig. 4) shows found patterns most similar to given ones. The first column shows goal
patterns defined by expert. The second column shows found patterns in time series
most similar to the goal patterns. The columns 3 and 4 give numerical values of
slopes in goal patterns and in found patterns. Depending on the importance of the
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particular time interval for the expert, he can select the most appropriate pattern based
on the similarity measure. This tool was developed as a support for knowledge
engineer in describing his perceptions about water production patterns important both
for diagnosis and for testing the expert rules considering such patterns.

Table 1. Percentage of correct recognition of patterns for different types of errors

Type of error E-distance EJ-distance J-distance J=
08 36 58 67 4,5,6
08 32 61 70 3,456
05 83 92 90 4,5,6
05 75 91 95 3,4,5,6
03 100 100 99 4,5,6
03 100 100 100 3,456
08n 17 16 16 4,5,6
08n 19 14 13 3,456
05n 28 24 21 4,5,6
05n 27 23 22 3,4,5,6
03n 64 62 55 4,5,6
03n 74 71 62 3,456
Oln 100 100 96 4,5,6
Oln 100 100 100 3,4,5,6
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Fig. 4. Moving approximations of four patterns for all possible window sizes

5 Discussion and Conclusions

Human decision making in different application domains like economics, finance, or
industry is often based on analysis of time series data bases. The main reasons for
exploring a pattern recognition tools for time-series analysis are [17]: i) pattern
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recognition methods are more flexible than other available tools in signal processing,
statistics and neural networks and offer the user the ability to optimize their design for
the best results; ii) results using such tools are easy to explain to the users as opposed
to neural networks whose behavior is often difficult to rationalize; and iii) pattern
recognition methodologies already offer a range of existing techniques that are well
suited for time-series analysis. Pattern recognition methods offer different services for
time-series analysis including its recognition, classification and prediction, e.g. speech
classification, source separation or forecasting.

Such analysis usually contains description of time series patterns important for
decision making. Two tasks arise from searching for such patterns in time series.
First, time series data can be noisy and can contain large errors. Many of conditions
supposed by techniques developed in time series data mining, signal processing and
time series analysis for noise suppression, data filtering and pattern recognition are
not satisfied in time series describing economic or industrial time series. Moreover,
the goal patterns can be small and known methods of smoothing of time series can
delete them. New methods of recognition of such patterns in noisy time series are
proposed in this paper. Section 3 introduces the new concepts of MAP-image and J-
MAP distance which give possibility to recognize small patterns in time series in the
presence of large evenly distributed errors. For noisy time series J-MAP image acts as
a filter. This novel technique is based on analysis of slopes of moving approximations
of time series in a sliding window. It can be used also for recognition of patterns in
time series given by sequences of slopes. It is a natural way to describe time series
patterns important for decision making in several application areas. As an example, in
Section 4 the use of this technique for recognition of water production patterns in
petroleum wells given by sequences of slopes is discussed.

Several directions of future research can considered: 1) combination of proposed
methods with traditional time series analysis technique like smoothing and filtering;
2) development of special methods based on the proposed technique for recognition
of specific complex patterns in real time series; 3) extension of the proposed
technique to solution of perception based time series data mining tasks where
linguistically described patterns are used in decision making procedures.
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