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Abstract. The method of recognition of shape association patterns with direct 
and inverse relationships is proposed. This method is based on a new time se-
ries shape association measure based on Up and Down trend associations. The 
application of this technique to analysis of associations between well produc-
tion data in petroleum reservoirs is discussed.  
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1 Introduction 

Last years it grows the interest in development of time series data mining models and 
methods [8-15]. One of the important components of time series data mining methods 
is a measure of time series similarity or association that can be used for clustering 
time series, searching similar time series and time series patterns [1,2,8,9,13]. Many 
such measures have been introduced and studied [1-3,8,10,14,15,]. In [4] it was pro-
posed to use axiomatic approach to analysis of classes of time series shape similarity 
and shape association measures. The set of axioms introduced in [4] defines two 
classes of such measures: 1) the class of shape similarity measures that can be used 
for measuring possible direct relationships between time series or time series patterns, 
and 2) the class of shape association measures that can measure both direct and in-
verse relationships between them. Most of the known time series similarity measures 
cannot measure inverse relationships between time series and belong only to the class 
of similarity measures. But there are many economical, financial, industrial, ecologi-
cal systems that contain changing in time elements or characteristics such that an 
increase in the values of the one of them happens together with a decrease in the val-
ues of another one: prices and sales, the sales volumes of competitive companies, the 
wind velocity and air pollution concentration etc.  In [4] it was pointed out that corre-
lation coefficient and trend association measure based on moving approximation 
transform [3] satisfy axioms of shape association measures and can be used for mea-
suring possible direct and inverse relationships between time series and time series 
patterns.  

In presented work a new measure of time series shape associations is introduced that 
can be used for recognition of time series shape association patterns both with direct 
and inverse possible relationships. This measure uses only qualitative information 
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about increasing (Up) and decreasing (Down) time series values. This measure uses 
only the slope sign but not the slope value. In many applications it is more reliable 
information about the change of time series values. Moreover, in comparing dynamics 
of two time series often only qualitative (Up and Down) information about the change 
of time series values can be valid if the possible associations between time series  
are non-direct and may be caused by some hidden factor or by group of unknown  
factors.  

The paper is organized as follows. The classes of time series shape similarity and 
shape association measures are considered in Sections 2. In Section 3 a new time 
series shape association measure is introduced.  In Section 4 the method of recogni-
tion of Up and Down shape association patterns is proposed. In Section 5 an example 
of application of this method in petroleum industry is discussed. The last section con-
tains conclusions. 

2 Shape Similarity Measures 

A time series of length n, (n>1), is a sequence of a real values y = (y1,…,yn) given at time 
points t= (1, …,n). Denote Tn the set of all time series of length n. Suppose p,q (p ≠ 0)  
are real values. Denote py+q = (py1+q, …,pyn+q). 

Definition 1[4]. A time series shape similarity measure is a function S:Tn×Tn→[0,1] 
satisfying the following axioms: 

 
P1. S(x,y) = S(y,x),     (simmetry), 
P2. S(y,y) = 1,     (reflexivity), 
P3. S(y+q,x) = S(y,x), for any q ≥ 0,    (translation invariance). 
 

A shape similarity measure satisfying the axiom: 

P4. S(py,x) = S(y,x), if p > 0,     (scale invariance), 

is called a scale invariant shape similarity measure.  

Definition 2 [4]. A time series shape association measure is a function  
S:Tn×Tn→ [-1,1] satisfying axioms P1-P4 and  

P5. S(-x,y)  = -S(x,y),      (inverse relationship). 

Consider examples of time series shape similarity and shape association measures [4].  
Suppose D is a distance measure defined on Tn and Fk(y)=(Fk(y1),… Fk(yn)), k=1,2, is 
one of the following time series normalization functions defined for all i=1,2,…,n as 
follows: 
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Define a function S:Tn×Tn→[0,1] as follows: 
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where M is a constant such that M ≥ D(F(x),F(y)) for all x,y in Tn. It can be shown [4] 
that SD,F is a shape similarity measure if F = F1 and  S is a scale invariant shape simi-
larity measure if F = F2. 

The correlation coefficient [7] gives an example of time series shape association 
measure satisfying axioms P1-P5. 

Another example of time series shape association measure gives the trend associa-
tion measure based on moving approximation transform [3]. Consider time series 
from Tn. A window Wi  of size k∈{2,…,n} is defined as a sequence of indexes Wi= 
(i,i+1,…,i+k-1), i∈{1,…, n-k+1}. A sequence Jk = (W1, W2,…, Wn-k+1) of all windows 
of size k is called a sliding window of size k. Note that if k = n then Jn= (W1) and we 
have only one window containing all indexes (1,2,…,n). Suppose y is a time series in 
Tn and Jk is a sliding window of size k, k∈{2,…,n}. Denote 

),...,,( 11 −++= kiiiiW yyyy  the values of y in time points (i,i+1,…,i+k-1) defined by 

window Wi= (i,i+1,…,i+k-1). Linear functions fi = ait+bi, (i=1,…,n-k+1), with pa-
rameters {ai,bi} minimizing the criterion  
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are called moving (least squares) approximations of yWi. A sequence MAPk(y)= (a1, …, 
an-k+1) of slope values of moving approximations of time series y in a sliding window 
of size k is called a moving approximation (MAP) transform  of time series y. The 
slope values ai are called local trends. The values of MAP transform MAPk(y), 
k∈{2,…,n}, can be calculated as follows [3]: 
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Suppose y = (y1,…,yn), x = (x1,…,xn) are two time series and MAPk(y)= (ay1, …, aym), 
MAPk (x)= (ax1, …, axm), (k∈{2,…,n-1}, m= n- k+1), are their MAP transforms. The 
following function is called a measure of trend associations: 

 cossk(y,x)= 
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It can be shown [4] that a measure of trend associations is a time series shape associa-
tion measure, i.e. satisfies axioms P1-P5. 
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3 Up and Down Trend Associations 

Define Up and Down trend association measure as follows. In MAP transform and in 
measure of trend associations we replace trend values ai by their sign values  

 Ai =sign(ai). (3) 

These values will be called Up and Down trends, or for short UD-trends, and MAP 
transform for given time series y will be replaced by a sequence of UD-trends: 

 UDTk(y) = (Ay1, …,Aym). (4) 

From (1) we obtain: 
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and (2) will be replaced by  

 SUDk(y,x)= 
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Note that in (3)-(6) all Ai take the values from the set {-1,0,1}. 

Proposition 1. Up and Down trend association measure (6) for any k∈{2,…,n} is a 
shape association measure, i.e. satisfies axioms P1-P5. 

Below we will consider the simplest case when k=2. In this case SUD2 will be de-
noted as SUD, slope values (5) will be calculated as follows: 

 Ai = sign(yi+1-yi), (7) 

and Up and Down trend sequence (4) will have the following form: 

 UDT(y) = (Ay1, …,Ay(n-1)). (8) 

Suppose g is a strictly increasing monotonic function on the set of real numbers, i.e. 
from u < v it follows g(u) <g(v). Define a strictly monotonic transformation G on the 
set of time series Tn as follows: 

 G(y) = (g(y1),…, g(yn)). 

Proposition 2. A time series shape association measure S=SUD is invariant under 
strictly monotonic transformations, i.e. satisfies the property: 

 P6. S(G(y),x) = S(y,x),     if G is a strictly monotonic transformation. 
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Consider synthetic example of two time series x and y given in Table 1 and presented 
in Fig. 1. It is clear that these time series have inverse relationship because when one 
time series values increase the values of another one decrease and vice versa. Up and 
Down trend association measure can find inverse relationship between these time 
series: SUD= -1, as we expected. It should be noted that correlation coefficient [7] 
satisfies axioms P1-P5 but cannot detect inverse relationships between these time 
series because correlation between these time series equals 0. 

Table 1. Example of two synthetic time series 

I 1 2 3 4 5 6 7 8 9 10 
x 15 17 20 19 16 10 5 0 7 11 
y 20 12 1 2 4 5 6 7 4 2 

 

 

Fig. 1. Example of two synthetic time series 

4 Up and Down Time Series Shape Association Patterns 

Define for any time series x,y in Tn a time series shape association string as element-
wise multiplication of UD-trends UDT(y) = (Ay1, …, Ay(n-1)) and UDT(x) = (Ax1, …, 
Ax(n-1)) obtained for window size k=2: 

 sas(x,y) = UDT(x)·UDT(y) = (Ay1Ax1, …, Ay(n-1)Ax(n-1))=(Cxy1,…,Cxy(n-1)), (9) 

where Cxyi=AyiAxi for all i = 1,…,n-1. Note that Cxyi = 1 if Ayi and Axi have the same 
sign, i.e. Ayi= Axi =1 or Ayi= Axi =-1. In such cases we will say that Ayi and Axi have 
positive association. We have Cxyi = -1 if Ayi and Axi have opposite signs. In this case 
we will say that Ayi and Axi have negative association. For completeness we can intro-
duce 0-association if Ayi=0 or Axi = 0. Depending on applications 0-associations can 
be considered as “positive” or as “negative” associations.  
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Definition 3. Positively (negatively, 0-) associated patterns in time series x and y are 
sequences (xk,…,xk+m) and (yk,…,yk+m), (k,m ≥ 1 and k+m ≤ n) defined by the maximal 
sequences of UD-trends in UDT(x) and UDT(y) that have positive (negative, 0-) asso-
ciations. For such sequences a number m+1 is called a length of the pattern. 

From definition of positively associated patterns it follows that Cxyi=AyiAxi>0 for 
all i in {k,…,k+m-1} and Cxyi= AyiAxi≤ 0, if i= k-1 or i=k+m. Inverse relations we have 
for negatively associated patterns. Any two time series from Tn can be represented as 
sequences of positively, negatively and 0- associated patterns with different length. In 
extreme case these time series can consist of one pattern. In applications it is usually 
have sense to find sufficiently large associated patterns in time series with the length 
greater than some heuristically defined number. 

An algorithm of recognition of positively, negatively and 0- associated patterns fol-
lows from their definition. For given time series x and y  calculate UD-trend se-
quences by (7) and (8), then calculate shape association string sas (x,y) by (9) and find 
in this string all maximal substrings containing 1, all maximal substrings containing -
1 and all maximal substrings containing 0. 

5 Example of Recognition of Associated Patterns in Wells 
Production Data 

The method of recognition of positively and negatively associated patterns in time 
series data bases described in previous section was implemented in VMD-Petro® (see 
[5]), a visualization and data mining tool for analysis of oilfield data. VMD-Petro® 

helps to petroleum engineers and researchers in analysis of reservoir dynamics based 
on history data and in monitoring of different oilfield parameters changing in time. 
The main goal of analysis of reservoir dynamics is to propose the methods and treat-
ments that will increase or maintain on some level the oil recovery. The available 
information about reservoir dynamics is usually given by various measurements made 
in reservoir wells. The volume and the quality of this information depend on tradi-
tions, technological level of exploitation and measurements used in current field, on 
complexity of reservoir, on its productivity etc. The most available information about 
dynamics of reservoir is monthly oil, water and gas production data. In some fields it 
is used daily monitoring of gas injection volumes in injection wells or daily measure-
ments (chromatography) of gas components in producing wells. Pressure measure-
ments in wells can be done several times in month or only several times in year. The 
same situation takes place usually with water analysis and other types of data. High 
productive fields can be better equipped and have more data. As usually for many old 
oilfields it is available less data for the first years of exploitation than for the last 
years. Except of the problem of availability of data describing reservoir dynamics  
there is a problem of a quality of data. Usually they contain errors arisen in the 
process of measurement, rewriting and digitalization of data. Another problem is that 
often production data of wells are obtained as a result of measurement of production 
volume in a battery of production wells and further splitting of the measured value 
between wells joined in the battery. Such procedure of calculation of well production 
data usually contains their own errors. 
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Fig. 2. Negatively associated (bold, left) and positively associated (bold, right) patterns of two 
time series of oil production in wells A and B 

 

Fig. 3. Negatively associated (bold, left) and positively associated (bold, right) patterns of two 
time series of oil production in wells B and C 
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For the reasons described above the validity of data available for analysis does not 
high and qualitative Up and Down trend information about dynamics of wells produc-
tion is more valid than quantitative information about values of production. VMD-
Petro® has several modules for analysis and processing time series of oil, water and 
gas production. The data mining module gives possibility to find positively and nega-
tively associated patterns in pairs of time series. The presence of such patterns in 
neighboring wells can be used for generation hypothesis about possible interference 
between them or about existing of some common mechanism depending, for example, 
on reservoir gas or water pressure, that influences on such association between wells 
production data. Figures 2 and 3 present a screen shots of VMD-Petro data mining 
module that shows large negatively associated (bold, left) and positively associated 
(bold, right) pairs of patterns of oil production data in different wells of some oilfield 
of Mexico. The presence of such patterns gives possibility to generate hypothesis 
about possible interference between wells. For example, negatively associated 
patterns between wells B and A and between B and C during the first months of 
exploatation of well B can give reasons for generation of hypothesis about possible 
interference between well B and his neighboring wells A and C. 

6 Conclusions 

In this paper a new approach to analysis of direct and inverse associations between 
time series and time series patterns is proposed. This approach uses a qualitative Up 
and Down trend information about time series dynamics that in many applications is 
more valid than information about time series values. The proposed methods of rec-
ognition of positively and negatively associated patterns in time series have been 
implemented in VMD-Petro®, a visualization and data mining software tool for analy-
sis of oilfield data, developed in Mexican Petroleum Institute. The proposed method 
can be applied also in analysis of associations between time series in various applica-
tion areas: in economics, finance, ecology etc. 
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