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VŠB – Technical University of Ostrava
Faculty of Electrical Engineering and Computer Science



Summary of Doctoral Thesis
Adapting Case-Based Reasoning for Processing Natural Phenomena Data

Author: Ing. Tomáš Kocyan
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1 Introduction

Mathematical modelling, simulation and artificial intelligence have become
an integrated part of our lives in the past decades. We are accompanied by
their results and practical applications during our routine activities every
day without often realizing it. Services, such as weather forecast, medi-
cal diagnostic methods or intelligent control of intersection traffic lights,
are commonly taken as granted nowadays. These methods have become
absolutely necessary in the area of disaster management, where they help
save human lives in decision support systems [7]. Together with increasing
computer performance and construction of so-called supercomputers, they
represent invaluable tool for disaster management staff members. Thanks
to this tool and what-if analyses [5], which take place in near-real time,
the members are capable of making important decisions about the rescue
teams’ activities and thus eliminate imminent risks, or at least minimize
their consequences.

In the Czech Republic, these systems have proven successful also in
flood predictions, which have become a burning issue of recent times, and
which have repeatedly caused losses of human lives and property. The key
feature of these systems is the selected analytic modelling software (such
as HEC-HMS, MIKE SHE, HBV etc.), which serves for simulating the
rainfall-runoff process (i.e. transforming the fallen precipitations into the
runoff in the corresponding outlet). Less demanding alternative to these
analytical tools is represented by so-called machine learning driven models,
such as Case-Based Reasoning or Artificial Neural Networks. Unlike the
analytical models, these do not aim to precise mathematical description of
natural phenomenon behaviour, but on the basis of historical ’experience’
try to deduce the dependence of output variables on the input ones. In the
rainfall-runoff process domain it is thus a study of dependence of the runoff
in the corresponding outlet on fallen precipitations in the river catchment.
To ensure the proper functionality of these models, it is necessary, based on
their types, either to design a robust mechanism for quick data retrieval, or
to create a meaningful training set of characteristic patterns appearing in
the input data. Especially with the Case-Based Reasoning methodology, the
ability to recognize similar past situations reflects success and applicability
of the whole system.

Unfortunately, reliable extraction of characteristic patterns in data orig-
inating from natural phenomena measurement brings along certain compli-
cations. For one thing, these data are often accompanied by measurement
errors and failures, but the main problem is the very character of the data
source, that is nature. Unlike any machine generating its output at precise
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rate and clearly defined levels, the nature almost never repeats the same
occurrence in the very same way again. In the context of continuous mea-
surement of a certain quantity, this means that the measured curve hardly
ever has the same course. It will vary in amplitude, shape and width of indi-
vidual peaks. This practically excludes using standard methods of patterns
retrieval, comparison of two occurrences, indexing, etc.

This doctoral thesis is loosely based on my own diploma thesis called
Decision support system for minimizing natural risks. Its objective was to
design and implement a general framework for decision support in disaster
situations using the Case-Based Reasoning methodology. However, during
the subsequent effort to apply it on the rainfall-runoff process, there was
a problem with data processing, which are subject to the above-mentioned
data distortion.

1.1 Thesis Goals

The objective of this thesis is to adapt the Case-Based Reasoning method-
ology for processing natural phenomena data. This adaptation mainly in-
volves the proposal of a robust mechanism for retrieving characteristic pat-
terns from a data collection, which are crucial for this methodology. Em-
phasis will be placed on scenarios, in which these historical data could be
expressed by means of time series. Although the design will be laid out in
an abstract way, so that it could be subsequently implemented into multiple
domains, this thesis demonstrates its use on the rainfall-runoff model data.
The implemented design will thus have to process not only time series issues
as such, but it will also have to take into account considerable distortion
of the processed data, which is quite common when it comes to natural
variables measurement. Specific objectives of this thesis are:

1. To devise a methodology for meaningful segmentation of time series
consisting of measured natural phenomena data.

2. To devise a suitable method for determining similarity between two
measured sequences which is applicable in existing clustering methods
and with configurable degree of benevolence.

3. To devise a method for searching a representative of a group of mea-
sured sequences with respect to characteristics of the sequences.

4. To verify the devised methodology by an experiment, including ex-
traction of characteristic patterns from a measured river discharge
volume database.
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2 Case-Based Reasoning

The Case-Based Reasoning (CBR) methodology [9] belongs to the family of
artificial intelligence techniques which tries to come close to the principles
of human reasoning. Its development was strongly influenced by research
in cognitive sciences, especially by the work of Roger Schank. His team
studied the significance of memory for contextual understanding [10]. The
whole beginnings of CBR were devoted to an attempt to understand the
way how people remember information and how they employ it for decision
making. This fact helped create the classic definition of CBR [9]:

”A case-based reasoner solves new problems by adapting solu-
tions that were used to solve old problems.”

Unlike other methods of artificial intelligence, the CBR is based on a
memory model based on the principles of human reasoning. In this model,
the starting point for the solution of new situations is memories of the
similar events in the past.

As the title suggests, so-called case is the basis of this methodology
(a situation in the past, memories) which is stored in the database (Case-
Base) together with other cases. Each of these cases usually comprises of
two parts, namely of a problem and its solution. The problem is generally
understood as a description of the state of a currently observed situation,
while the solution represents a (observed or derived) solution to the problem.

This approach was first formalized by Aamodt and Plaza [1], who ex-
pressed the whole idea as a sequence of four basic steps (Retrieve, Reuse,
Revise, and Retain), which is known to the CBR community as Four REs
(see Figure 1). The objective of the individual steps was broadly defined as
follows:

1. Retrieve the most similar cases to the current one from the past.

2. Reuse their solutions to solve the new problem.

3. Revise, if necessary, the proposed solution so that it corresponds to
the reality.

4. Retain the new problem together with its solution to the database.

Nevertheless, as it is correctly noted in [12], the CBR cycle does de-
scribe what must be done but it says nothing about how it should be done.
Therefore, the CBR methodology cannot be considered as a typical artificial
intelligence method. This apparent incompleteness of basic philosophy also
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Figure 1: Case-Based Reasoning Cycle

became its strongest point. Even though the CBR describes the four basic
steps, the way how they are treated lies purely in the hands of the person
who applies the methodology.

As already mentioned in Section 1, this thesis is loosely based on findings
of my own diploma thesis [6]. Its objective was to analyse and apply the
above-presented CBR methodology to decision support system in disaster
situations. The system showed satisfactory results for cases, which were
specified by simple data structures. With ever increasing demands on this
system emerged an unpleasant fact, that the basic idea of the CBR, or
rather its typical implementation, is not able to capture a context, in which
a case is present, in the data. The cases were represented by a set of values
measured at one discrete moment and it was thus not clear, what values they
acquired earlier, or at least what short-term trend they show. Solution lies
in describing of each case not by one such snapshot, but by entire series of
snapshots that represent the values of individual variables at discrete times.
By appropriate interpolation of values acquired by individual parameters at
these discrete times, a desired snapshot of individual quantities behaviour
and at least approximate idea of their current context can be obtained.
However, this extension brings along also several unpleasant qualities, for
example, increased demand on storage and retrieval of cases, more difficult
prediction and others. The very need for this adaptation was an impulse for
making this dissertation which deals with a part of the extension. Before
the proposal will be described in detail in Chapter 4, the findings from the
issue of time series analysis, which are necessary to achieve this goal, will
be presented in the following Chapter 3.
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3 Time Series Analysis

Processing and analysing time series data is a very important task in many
domains because this data format is used wherever it is needed to describe
a progress of some variable in time. The aim of this chapter is only to
introduce algorithms used further in Chapter 4. Extended findings from
the state of the art in time series processing can be found in the full version
of the thesis.

3.1 Time Series Comparison

The basic building block of many algorithms, such as clustering, is a capa-
bility to compare two time series objectively, i.e. to be able to express nu-
merically and appropriately their similarity and dissimilarity. A non-trivial
task occurs while comparing or searching signals with different length, which
are not strictly defined and have various distortions in time and amplitude.
Therefore, comparison of such sequences is significantly difficult, and almost
excluded while using standard functions for similarity (distance) computa-
tion defined earlier. Examples of such signals are presented in Figure 2(a).
A problem of standard functions for similarity (distance) computation con-
sists in sequential comparison of the opposite elements in the both sequences
(comparison of elements with the identical indices).

Dynamic Time Warping (DTW) is a technique for finding the optimal
matching of two warped sequences using pre-defined rules [8]. Essentially,
it is a nonlinear mapping of particular elements to match them in the most
appropriate way. The output of such DTW mapping of sequences from
Figure 2(a) can be seen in Figure 2(b). Since the proposed approach (in
Chapter 4) is mostly based on this algorithm, it will be described in more
detail for better understanding.

(a) Standard Metrics Comparison (b) DTW Comparison

Figure 2: Example of Comparisons

The main goal of DTW method is a comparison of two time depen-
dent sequences x and y, where x = (x1, x2, . . . , xn) of length n ∈ N and
y = (y1, y2, . . . , ym) of length m ∈ N, and to find an optimal mapping of
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their elements. To compare partial elements of sequences xi, yj ∈ R, it is
necessary to define a local cost measure c : R× R→ R≥0, where c is small
if x and y is similar to each other, and otherwise it is large.

Computation of the local cost measure for each pair of elements of se-
quences x and y results in a construction of the cost matrix C ∈ Rn×m

defined by C(i, j) = c(xi, yj) (see Figure 3(a)).

(a) Cost Matrix (b) Cost Matrix with Found Warping Path

Figure 3: Cost Matrices for Sample Sequences

Then the goal is to find an alignment between x and y with a minimal
overall cost. Such optimal alignment leads through the black valleys of
the cost matrix C, trying to avoid the white areas with a high cost. Such
alignment is demonstrated in Figure 3(b).

Basically, the alignment (called warping path) p = (p1, . . . , pq) is a se-
quence of q pairs (warping path points) pk = (pkx, pky) ∈ {1, . . . , n} ×
{1, . . . ,m}. Each of such pairs (i, j) indicates an alignment between the ith
element of the sequence x and jth element of the sequence y. Moreover, the
found warping path has to satisfy the following three conditions:

1. Boundary condition: p1 = (1, 1) and pq = (n,m).

2. Monotonicity condition: p1x ≤ p2x ≤ . . . ≤ pqx, p1y ≤ p2y ≤ . . . ≤ pqy.

3. Step condition: pk+1 − pk ∈ {(1, 0), (0, 1), (1, 1)}, k ∈ {1, . . . , q − 1}.

The total cost cp(x, y) of the found warping path p between sequences
x and y is then defined as a sum of partial local costs c:

cp(x, y) =

q∑
k=1

c(xpkx, ypky). (1)
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As an optimal warping path p∗ between x and y, the warping path having
minimal total cost among the set P of all possible warping paths is selected:

p∗ = argmin
p∈P

{cp(x, y)}. (2)

Retrieval of optimal path p∗ by evaluating all possible warping paths
between sequences x and y leads to an exponential computational com-
plexity. Fortunately, there exists a better way with a O(n ·m) complexity
based on dynamic programming. For this purpose, we have to define a
function subSeq : Fn × N × N → Fm, where F is a feature space and
m ≤ n, that creates a new subsequence from a given sequence that is de-
fined as subSeq(x, a, b) = (xa, xa+1, . . . , xb), where a ≤ b. In the rest of
the thesis, we will use a shortened notation of this function specified as
xa:b = subSeq(x, a, b). For searching the definite optimal warping path, an
accumulated cost matrix D ∈ Rn×m can be utilized. The partial elements
of this matrix are defined as:

D(r, s) = DTW (x1:r, y1:s). (3)

This can be easily computed in following way:

D(r, 1) =
∑r

k=1 c(xk, y1) for r ∈ {1, . . . , n},
D(1, s) =

∑s
k=1 c(x1, yk) for s ∈ {1, . . . ,m},

D(r, s) = min

 D(n− 1,m− 1),
D(n− 1,m),
D(n,m− 1)

+ c(xr, ys)

for r ∈ {2, . . . , n} and s ∈ {2, . . . ,m}.

(4)

Computed accumulated cost matrix for a cost matrix from Figure 3(a)
can be seen in Figure 4(a). It is evident that the accumulation highlights
only a single black valley.

The optimal path p∗ = (p1, . . . , pq) is then computed in a reverse order
starting with pq = (n,m) and finishing in a p1 = (1, 1). The rest of the
points are defined recursively as in Equation 5. An example of such found
warping path can be seen in Figure 4(b).

pk−1 =


(1, pky−1) if pkx = 1
(pkx−1, 1) if pky = 1

argmin(i,j)

D(i, j) | (i, j) ∈

 (pkx−1, pky−1),
(pkx−1, pky),
(pkx, pky−1)


 otherwise

(5)
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(a) Accumulated Cost Matrix (b) Accumulated Cost Matrix with Found
Warping Path

Figure 4: Accumulated Cost Matrices for Sample Sequences

The final DTW cost can be understood as a quantified efford for align-
ment two sequences (see Equation 6).

DTW (x, y) =

q∑
k=1

C(xpkx, ypky) = D(n,m) (6)

Subsequence DTW

In some cases, it is not necessary to compare or align the whole sequences.
A usual goal is to find an optimal alignment of a sample (a relatively short
time series) within the signal database (a very long time series). It is very
usual in situations, in which one dispones with a signal database a wants
to find the best occurrence(s) of a sample (query). Using the slight modifi-
cation, the DTW disposes with an ability to search such queries in a much
longer sequence. The basic idea is not to penalize the omission in the align-
ment between x and y that appears at the beginning and at the end of
the sequence y. Suppose we have two sequences x = (x1, x2, . . . , xn) of the
length n ∈ N and y = (y1, y2, . . . , ym) of the much larger length m ∈ N. The
goal is to find a subsequence ya:b = (ya, ya+1, . . . , yb) where 1 ≤ a ≤ b ≤ m
that minimizes the DTW cost to x over the all possible subsequences of
y. The modification involves the changed approach in the computation of
the first row and column of accumulated cost matrix. Not penalizing the
omissions at the beginning and at the end of the sequence y means not
accumulating the values in the first column of the accumulated cost matrix,
formally:

D(1, s) = c(x1, ys) for s ∈ {1, . . . ,m}. (7)
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The remaining values of this matrix are computed in a standard manner
as it was described earlier. Then, the warping path connecting the right
and left side of the matrix is searched. The searching of the subsequence
ya:b begins in a point:

(n, b) = argmin
i∈{1,2,...,m}

{D(n, i)}. (8)

and then it is computed in the same way as in classical DTW until
the warping path touches the left side of a matrix in a point (1, a), where
a ∈ {1, . . . , b}. If the optimal subsequence warping path is defined as p∗ =
(p1, . . . , pq), the p1 = (1, a) and the pq = (n, b). By selecting the next
greatest value in the last column and searching the warping path from this
point again, other paths can be found. An example of such searching the
best subsequence alignment can be seen in Figure 5. Both constructed
matrices including the found warping path are then shown in Figure 6.

Figure 5: Found DTW Subsequence

Figure 6: Cost Matrix and Accumulated Cost Matrix for Searching Subse-
quence
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3.2 Segmenting Time Series

The methods mentioned earlier in Chapter 3 work with sequences for which
it is assumed that they describe only a certain ’reasonably long’ section
of reality. Yet in real applications, continuous measurement of variables is
usually performed. The division into shorter logical sections is obvious in
some domains. A time period which is expected in the given domain is
usually the key to the segmentation. But there are also areas without this
simple division, as they lack an exact mechanism which would initiate such
regular intervals. The examples are measurements of rainfall intensity or
river water flow. The point is that these phenomena are variable and totally
independent of the current hour, day, or week or the fact whether or not it
is a public holiday.

The Voting Expert Algorithm (VE) is a domain-independent unsu-
pervised algorithm for segmenting categorical time series into meaningful
episodes. It is based on the simple hypothesis that natural breaks in a
sequence are usually accompanied by two statistical indicators [4]: low
internal entropy of episode and high boundary entropy between episodes.
It was first presented by Cohen and Adams in [3]. Since this introduction,
the algorithm has been extended and improved in many ways. However,
the main idea is always the same and the algorithm consists of following
three main steps:

1. Build an nGram trie from the input.

2. Pass a sliding window of length n over the input and let experts vote.

3. Look for local maxima of votes and cut the time series at this position.

For the whole input, an nGram trie of the specified depth is built. Then,
both frequency and boundary entropy are standardized at the same depth in
order to compare how unusual these frequencies and entropies are, relative
to other ngrams of the same length. Voting process is done by passing a
sliding window of length n over the input while the experts vote. Each of
the experts has its own point of view on current context (current content of
the sliding window) and votes for the best location for the split. The first
Entropy expert votes for locations with the highest boundary entropy, the
second Frequency expert votes for locations with a minimal sum of internal
split entropy. By this way, the votes are counted for each location in the
input and each of such locations can obtain up to 2 ·n votes. An example of
sliding window is presented in Figure 7. Finally, the time series is segmented.
The cuts are performed in locations, where the number of votes exceeds the
selected threshold.
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Figure 7: Example of Sliding Window and Voting Experts

4 Proposed Approach

The proposed approach aims to suggest a methodology for extraction of the
characteristic patterns from measured natural phenomena data. As it has
been already mentioned, its extraction from the measurement of natural
phenomena causes complications in the form of inaccuracies. The entire
process of extraction of the characteristic patterns is divided into the fol-
lowing three phases:

1. A meaningful segmentation of a time series into shorter sequences.

2. A cluster analysis of the sequences and their inclusion into groups of
mutually similar sequences.

3. Derivation of the sequences representing individual clusters.

Each of these phases requires a specialised approach because of the char-
acteristics of natural phenomena data. In the following sections, the phases
will be described in meticulous detail together with algorithms to be used
in order to reach them. These algorithms include modifications of existing
algorithms as well as newly introduced procedures which have been created
for this purpose.

4.1 Proposal of Segmentation Process

The proposed solution tries to utilize the ability of the VE to make highly
precise cuts in the distorted data. The main idea is to segment a time
series roughly by means of the VE and then refine it. Rough segmentation
with the help of VE is carried out by double-sided application. Only highly
precise, but no complete cuts are gained in this way. The principle of further
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refinement is very simple. If there are high precision cuts in the input (such
as cuts A, B, C and D in Figure 8) and if the shorter sequence (bounded
by cuts C and D) is a subsequence of the longer one (bounded by cuts A
and B), we can deduce new cuts E and F by projecting the boundaries of
common subsequence to the longer sequence. This projecting of boundaries
creates another layer of votes in the same way as it is done in standard VE
experts. The proposed approach can be actually seen as an addition of a
new expert to the basic VE algorithm. The whole process of the proposed
segmentation is described in detail in Algorithm 4.1.

Figure 8: Refinement of Sequences

Figure 9: Granting of Internal Votes

Depending on the applied domain, it is necessary to decide how to exe-
cute the steps of an algorithm effectively, or how to determine its parameters
adequately. To be more precise, the following questions must be answered:

1. How to choose a method for finding common subsequence in step 2(c)i
of Algorithm 4.3.

2. How to define the local threshold tloc in step 2d of Algorithm 4.3.

3. How to terminate sensibly the segmentation process in step 10 of
Algorithm 4.1.

4. How to limit the fragmentation of sequences into unnecessarily short
sequences in step 2(c)i of Algorithm 4.3.
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Algorithm 4.1 Proposed Algorithm For Segmenting Time Series
Input: Time series x of length n.
Output: Time series x segmented into the meaningful sequences.

1. Initialization: u a is level of refinement; u = 0. v(u) is votes granted

in uth level of refinement, v(u) = (v
(u)
1 , . . . , v

(u)
n−1),∀i ∈ {1, . . . , n− 1} :

v
(u)
i ∈ {0, 1}. S(u) is a set of sequences after uth level of refinement.
t is a threshold for segmenting time series.

2. Get highly precise votes v(0) in the time series x using Algorithm 4.2.

3. Find places in the time series v(0), where the number of votes is non-

zero, i.e. the set of indices C(0) = {i | v(0)i > 0}.

4. Perform segmentation of the time series x into q = |C(0)|+1 sequences

in indices C(0) = (c
(0)
1 , . . . , c

(0)
q−1). The result is the set of sequences

S(0) = (s
(0)
1 , . . . , s

(0)
q ), where:

s
(0)
i =


subSeq(x, 0, c

(0)
1 ) if i = 1

subSeq(x, c
(0)
q−1 + 1, n) if i = q

subSeq(x, c
(0)
i−1 + 1, c

(0)
i ) otherwise.

5. u := u + 1.

6. Get votes v(u) from the sequences S(u−1) by means of Algorithm 4.3.

7. Count votes of all experts to v = (v1, . . . , n− 1),∀i ∈ {1, . . . , n− 1} :

vi =
∑u

j=0 v
(j)
i .

8. Find the places in the time series of votes v, where the number of
votes is bigger than the selected threshold t. That means to find the

set of indices C(u) = {i | v(u)i > t}.

9. Perform segmentation of the time series x into q = |C(u)| + 1 se-
quences at places determined in the step 8. The result is the set

S(u) = (s
(u)
1 , . . . , s

(u)
q ), where:

s
(u)
i =


subSeq(x, 0, c

(u)
1 ) if i = 1,

subSeq(x, c
(u)
q−1 + 1, n) if i = q,

subSeq(x, c
(u)
i−1 + 1, c

(u)
i ) otherwise.

10. The result of the algorithm is the segmentation S(u); if necessary, the
segmentation is further refined by a repetition from the step 5.
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Algorithm 4.2 Obtaining of highly precise votes by Voting Experts
Input: Time series x of length n.
Output: Time series v of precise votes.

1. Apply the Voting Experts algorithm on the input time series but do
not carry out the segmentation, i.e. build an nGram Trie and let the
experts vote. The result is granted votes vF = (vF1 , . . . , v

F
n−1).

2. Reverse the time series (i.e. reverse the order of its elements) and
apply the algorithm Voting Experts again in the same way as in the
step 1. Then reverse the resulting votes once again. Thus, the votes
vR = (vR1 , . . . , v

R
n−1) are formed.

3. Add up all votes from all experts in the first and the second step and
thus get votes vS = (v1, . . . , vn−1),∀i ∈ {1, . . . , n− 1} : vSi = vFi + vRi .

4. Define the threshold t99 for segmenting time series as 99%-percentile
from the vS. This high threshold will secure high accuracy (at the
expense of completeness).

5. Deduce highly precise votes v = (v1, . . . , vn−1) from the votes which
were added together in the third step as follows:

∀i ∈ {1, . . . , n− 1} : vi =

{
1 if vSi > t99,
0 otherwise.

4.2 Processing Categorical Data

Typical verification procedure for the performance of the Voting expert
algorithm is searching words within continuous text. In this text, spaces
and punctuations (dots, dashes, new lines etc.) are removed and the goal
of the algorithm is to put spaces back into correct places. Because the
correct placement of spaces in the original text is known, it is very easy to
quantify the algorithm’s accuracy. To objectively compare the accuracy of
suggested improvement with the basic method, experiments were performed
on the same type of data, specifically on Jaroslav Hasek’s novel named Good
Soldier Svejk. It is worth of noting that the aim of this experiment is not
to outdo the original algorithm VE in the field of work with text, or rather
categorical data. The effort is to verify whether the proposed idea can work
with real data in practice.

17



Algorithm 4.3 Voting by means of a set of sequences
Input: The length of the resulting time series of votes n. The set of
pairs S = {(p, s) ∈ N× Rm}, where s is the sequence resulting from
segmentation of the time series and i is the index of the beginning of this
sequence in the time series.
Output: Time series v ∈ Nn of granted votes.

1. Initialization:

• The resulting time series of votes v ∈ Nn,∀i ∈ {1, . . . , n} : vi = 0.

2. For each pair of sequences (p, sL) ∈ S:

(a) Define an array of internal votes

r ∈ N|sL|−1,∀i ∈ {1, . . . , |sL| − 1} : ri = 0.

(b) Find a set of all shorter sequences
SS = {sS ∈ S,where |sS| < |sL|}.

(c) Carry out voting for each sequence sS ∈ SS as follows (see Fig-
ure 9):

i. For sequences sL and sS, find the longest common subse-
quences represented by the set of pairs Q = {(a, b) ∈ N2},
where the pair (a, b) stand for indices of the beginning and
the end of the common subsequence in the sequence sL.

ii. For each of the pair (a, b) ∈ Q, carry out incrementation in
the field of the internal votes ra−1 := ra−1 + 1, rb := rb + 1.

(d) Select indices in the internal array of votes which exceed the local
threshold tloc, i.e.: C = {c | rc > tloc}.

(e) Carry out incrementation of votes vp+c := vp+c + 1 for all c ∈ C.

3. Output of the algorithm is time series of votes v.

Test results is shown in Figure 10. It is evident that the modified al-
gorithm slightly decreases precision P but considerably increases recall R
(up to 17.5%). Observed F -measure has an average improvement about
+5.5%. These results imply that the procedure introduced in the Algo-
rithm 4.1 works with categorial data, and in some respects even surpasses
the original Voting Experts proposition.
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Figure 10: Percentual Improvement for Various Input Lengths

4.3 Processing Quantitative Data

When processing quantitative data, the adaptation of the Algorithm 4.1 is
slightly more difficult. Due to the initial segmentation by VE, it is necessary
to transform the input quantitative time series into the categorical one.

Once this segmentation is made, it is necessary to find a mechanism
which would be able to search for common subsequences of two sequences
and which would be applicable to natural phenomena data. In Section 3.1
of the full version of the thesis, several methods for searching the longest
common sequence in categorical data were mentioned. Even though this
methods can be directly used on categorized data for initial segmentation,
they usually bring unnecessary inaccuracies to the process. They are caused
by the degradation of real number fineness to an isolated category. We
tried to avoid such loss of information while processing the real data, so we
proposed a new algorithm for searching the longest common subsequence
in distorted data. To deal with a possible distortion, we decided to modify
the Dynamic Time Warping algorithm introduced in Section 3.1.

Despite the fact that the DTW has its own modification for searching
subsequences, it works perfectly only in case of searching an exact pattern
in a signal database. However, in real situations, exact patterns are not
available because they are surrounded by additional values (see Figure 11).
Unfortunately, the basic DTW is not able to handle these situations and it
fails or returns only a single occurrence of the pattern. To deal with this
type of situations, our own DTW modification was created.
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Figure 11: Basic DTW Subsequence Inaccuracies

4.4 Searching the Subsequences in Distored Data

Proposed solution for searching the common subsequences in distored data
tries to eliminate weaknesses of previously mentioned approach and allows
searching common time-warped subsequences respecting predefined condi-
tions. The goal is to find all common subsequences as long as possible
respecting the following three constrains (numeric thresholds):

• maximal total cost tt,

• maximal average cost ta,

• maximal single element cost te.

Functionality of the algorithm will be demonstrated on two sequences in
the Figure 12. Illustratively, each of these sequences consists of three same
subsequences, but in the different order.

Figure 12: Sample Sequences

The biggest difference between the classical and subsequence DTW is
in the philosophy of searching the warping path. In simple terms, the al-
gorithm does not search the warping path from the upper right corner to
the bottom left one (as in the case of classical DTW in Figure 13(a)) and
also it does not connect the opposite sides of a matrix (as in the case of
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subsequence DTW in Figure 13(b)). The main idea is to find warping paths
as long as possible from any element to another one, parallel to a diagonal,
as it is outlined in Figure 13(c). Moreover, the constructed warping path
has to respect adjusted constraints.

(a) Classical DTW Matrix (b) Subsequence DTW (c) Proposed DTW Subsequence

Figure 13: Philosophy of Searching the Warping Path

Visualized cost matrix in Figure 14(a) suggests the optimal way for
searching the warping paths. There are two important tasks to solve: Where
exactly is the best to start the searching of the warping paths and how
to adapt the computation of the accumulated cost matrix for searching
common subsequences.

(a) Visualized Cost Matrix for Sample Sequences (b) Visualized Cost Matrix Containing Minima

Figure 14: Cost Matrices for Sample Sequences
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Determining the starting points.

Unlike the DTW or Subsequence DTW, there is no clearly defined point (or
set of points) where to start searching the warping path. In this case, it is
necessary to pick one or more matrix elements that are interesting in some
manner. Test showed that local minima can be utilized as potential path
starts. As the local minima are considered such elements of the matrix,
whose values are less or equal than the value of surrounding values (expect
those in diagonal way). Figure 14(b) shows that minima (red dots), found
by this way for sequences from Figure 12, exactly highlight the center of
the dark areas and suggest the meaningful points.

Computation of accumulated matrix.

Once the potential paths’ beginnings are found, searching the common sub-
sequences may start. However, a standard accumulated matrix cannot be
used, because the values are accumulated from the bottom left corner. Be-
cause of that, also constructed warping paths are ’attracted’ to the bottom
left corner. It is mostly evident on the left and bottom side of the matrix
in Figure 15(a), where the color goes light instead of getting dark.

To solve this situation, the set of minima M can be utilized again. We
supplemented the computation of original Subsequence DTW accumulated
cost matrix by zeroing the items located in minima (see Equation 9). This
zeroing causes resets of accumulation in minima points and changing the
direction of warping path to the closest minimum. This effect is mostly
evident in Figure 15(b) on the right middle side.

(a) Accumulated Cost Matrix Containing Minima (b) Accumulated Cost Matrix with Zeroed Minima

Figure 15: Accumulated Cost Matrices for Sample Sequences
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D(r, s) =


0 if (r, s) ∈M

min

 D(n− 1,m− 1),
D(n− 1,m),
D(n,m− 1)

+ c(xr, ys) otherwise,

for r ∈ {2, . . . , n} and ∈ {2, . . . ,m}

(9)

Searching Subsequent Warping Path

Searching the common subsequence warping path is performed in the same
way as in classical DTW. The only difference is in selecting the local minima
as starting points, as it was defined above. An example of such found
common subsequences for the sequences from Figure 12 can be found in
Figure 16.

Figure 16: Found Common Subsequences
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Flexible Global Constraints

In Section 3.1, three conditions for constructing the warping were defined.
However, test showed that it can be insufficient in the practical applica-
tions. The problem is in possible uncontrolled high number of warpings,
i.e. alignment of a single element to a high number of opposite elements.
In this manner, dissimilar sequences can get low DTW Cost and they can
be evaluated as similar. This situation is demonstrated on sequences in
Figure 17 and appropriate cost matrix in Figure 18.

Figure 17: Mapping of Dissimilar Sequences

Figure 18: Cost Matrix of Dissimilar Sequences

This can be easily fixed by definition of a global constraint region R ⊆
{m × n}. This region then determines elements of a cost matrix, which
can be used for searching the warping path. In original paper about DTW
[8], there are two global constraints for warping path mentioned - Itakura
parallelogram (Figure 19(a)) and Sakoe-Chiba band (Figure 19(b)).

The Itakura parallelogram seems to be inappropriate for our purposes,
because it was designed to limit warpings at the start and end of classical
DTW warping path, where the first and last warping points are exactly
known. Fortunately, the Saoke-Chiba band looks more preferable. The
warping path respecting this band for sequences from Figure 17 is visible
in Figure 20.
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(a) Itakura Parallelogram (b) Sakoe-Chiba band

Figure 19: DTW Global Constraint Regions

(a) Band Size = 2 (b) Band Size = 3 (c) Band Size = 4

Figure 20: Examples of Applied Saoke-Chiba Bands

However, one may ask what width of band to choose. The width essen-
tially defines the maximal number of warpings in a found sequence. For this
reason, it is almost impossible to define a universal number applicable both
on shorter and longer sequences. It is evident that allowing five warpings
on a path comparing sequences of the length ten or hundred has absolutely
different meaning. In this example, the results look satisfactorily, but this
belt was also designed for searching the warping path through the whole
sequences. This inaccuracy is evident in the following example:

Lets have two identical sequences x and y, but one of them is stretched
into the double length (i.e. x = (x1, x2, . . . , xn), y = (y1, y2, . . . , y2n),
∀i ∈ {1, . . . , 2 · n} : yi = xi/2). The matrix will stretch in one dimension
and the line of minima will slightly bend (see Figure 21(a)). It causes some
warpings, but it is still acceptable. Using the standard Sakoe-Chiba band,
the warping path cannot follow the minima trajectory and have to continue
in straight direction, as shown in Figure 21(b).

More elegant solution is to allow a band to bend itself and provide a
warping path with reasonable freedom. For this purpose, we designed a
flexible band allowing configurable bending. The band is based on Saoke-
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(a) Cost Matrix (b) Saoke-Chiba Band

Figure 21: Cost Matrices for Stretched Sequence

Chiba band, but it changes its position and shape according the previously
constructed warping path. The center of the original Saoke-Chiba band lies
exactly on cost matrix’s diagonal.

In our modification, the center of the band varies and passes through
one of the previous points of the currently constructed warping path, called
control point. Such control point is always located in the fixed distance from
the currently processed point. This distance is called control point distance
and it is defined as a number of warping path points preceding the currently
processed point. The center of constructed band always moves to the newly
established control point.

Formally, suppose we have the currently constructed warping path p =
(p1, . . . , pq) consisting of a sequence of q path points pk = (pkx, pky) ∈
{1, . . . , n} × {1, . . . ,m}, p1 = (n,m). Each such pair (pkx, pky) indicates
an alignment between the ith element of the sequence x and jth element of
the sequence y. The path point (pkx, pky) lies in a Saoke-Chiba band of the
width w, if |pkx − pky| < w.

With the flexible band of the width w and with control point distance d,
path point (pkx, pky) lies in a band if |(pkx − p(k−d)x)− (pky − p(k−d)y)| < w.
The distance d of such control point from the end of the warping path
defines the rigidity of the band. Figure 22 demonstrates how increasing
distance of control point causes higher toughness of a band and ability to
bend loses. Shorter distance makes the band more flexible, higher distance
causes inflexibility.

4.5 Segmenting Quantitative Data

While applying previously mentioned algorithm to search for the longest
common subsequence in the Algorithm 4.1 for segmenting time series during
the natural phenomena data processing, there was one unpleasant feature
that occurred. It lied in the fact that the boundaries of the individual
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(a) d = 2 (b) d = 4 (c) d = 6

Figure 22: Various Distances of Control Point

subsequences are not as strictly given as they are in the text (or in generic
categorical data). The individual subsequences overlap each other from both
sides (for about a small number of elements) so the granted internal votes are
not concentrated into one place as they are in the case of categorical data.
The result is fragmentation of the internal votes in certain surroundings as
shown in Figure 23.

Figure 23: Fragmentation of the Internal Votes

The objective is to determine the places around which the internal

votes are most concentrated. These will define votes v(1) = (v
(1)
1 , . . . , v

(1)
n−1),

∀i ∈ {1, . . . , n− 1} : v
(1)
i ∈ {0, 1} (see Section 4.1). For this purpose, the

internal votes were smoothed by means of moving average and the local
maxima were selected as the resulting places of votes v(1). Figure 24 shows
an example of smoothed internal votes; Figure 25 shows identified local
maxima.
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Figure 24: Internal Votes Smoothed by Means of Moving Average

This procedure replaces the determination of local threshold tloc like
in the case of categorical data. The remaining part of the segmentation
operates in the same way as described in the Algorithm 4.1.

4.6 Clustering Time Series

The DTW cost (or score) obtained after the computation of two sequences’
alignment essentially expresses the amount of the algorithm’s effort ex-
pended while searching the best mapping between the corresponding ele-
ments. For the purposes of information retrieval, it is suitable to trans-
form the cost into similarity, i.e. into interval DTWSIM (x, y) ∈ 〈0, 1〉,
where DTWSIM (x, y) = 1 means the identity and the DTWSIM (x, y) = 0
means absolute difference. This can be easily done by dividing the value
DTW (x, y) by a theoretical maximal value which can occur. In this way, a
zero value is obtained for identical sequences and value 1 for the absolute
difference. To invert this value and to get the required meaning, this value
is then subtracted from the value of 1 in the following way:

DTWSIM (x, y) = 1−
√

DTW (x, y)√
DTWmax(x, y)

. (10)

Now, there is a question how to get such theoretical maximal DTW score
DTWmax(x, y) for the sequences x and y. This value was defined as a DTW
score of two sequences of the same length that are as different as possible. In
simple terms, the theoretical maximal score DTWmax(x, y) is a DTW score
for the sequences x′ and y′, where the first sequence x′ consists only of the

28



Figure 25: Identified Local Maxima of Smoothed Internal Votes

domain minimum, whereas the sequence y′ contains the domain maximum.
Formally, suppose there are two sequences x ∈ Dn and y ∈ Dm where D
is the domain of the analysed sequences. DTWmax(x, y) is then defined
as DTW (x′, y′), where x′ = (x′1, x

′
2, . . . , x

′
n) ∈ Dn, ∀k ∈ {1, . . . , n}(x′k =

min(D)) and y′ = (y′1, y
′
2, . . . , y

′
m) ∈ Dm, ∀k ∈ {1, . . . ,m}(y′k = max(D)).

The DTW allows repeating of sequence’s elements with no penalization.
It causes the same cost for both sequences with an identical length as well
as for a several times longer sequence with some repeated elements. For this
purpose, we added a ratio of the subsequences’ lengths into the formula in
order to slightly penalize sequences of different lengths:

DTWSIM (x, y) =

(
1−

√
DTW (x, y)√

DTWmax(x, y)

)
· min(|x|, |y|)
max(|x|, |y|)

. (11)

For absolutely different sequences, computed DTWSIM (x, y) = 0. On
the other hand, for the identical sequences, DTWSIM (x, y) = 1 (see Figure
26(a)). Figure 26 also demonstrates the behavior of DTWSIM , if the com-
pared sequences differ in length. The difference was achieved by duplicating
some elements in a sequence. As it was requested, the similarity decreases
with number of occurred duplications.

4.7 Choosing Cluster Representative

Once the clusters of similar sequences are recognized, their representative
have to be found. There are two basic generally known ways for finding rep-
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(a) Identical sequences,DTWSIM = 1 (b) Duplicated every 10th element,
DTWSIM = 0.89

(c) Duplicated every 5th element,
DTWSIM = 0.82

(d) Duplicated every element,
DTWSIM = 0.5

Figure 26: DTW Similarity and Sequences with Different Lengths

resentatives. The first approach is based on selecting one sequence, which
is the most accurate for a given cluster. The second approach is based
on creation of a new representative sequence using the combination of se-
quences in the cluster. In cases, where it is necessary to gain the most
suitable representative of the set of similar sequences, we need to find an
algorithm appropriate to a given domain. Sometimes it is possible to use
simple average of sequences x and y, which means that representative se-
quence r = (r1, . . . , ro) is defined as:

ri =
xi + yi

2
,∀i ∈ {1, . . . , o},where o = |x| = |y|. (12)

However, this approach is not sufficient for distorted data. Examples
of such sequences are presented in Figures 27(a) and 27(b). If only we
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used simple average presented in Equation 12, we would achieve a sequence
showed in Figure 27(c). It is evident that this sequence is absolutely not a
representative and all the information about the shape of the sequence is
lost. As we can see in the Figure 27, it is necessary to find a more appro-
priate algorithm for domains which yield to distortion. For this purpose,
we proposed a new approach for finding representatives based on Dynamic
Time Warping method presented in Section 3.1.

(a) Sequence x (b) Sequence y

(c) Average of Sequences (d) DTW Representative

Figure 27: Sample Sequences, Their Average and Found Representative

4.7.1 Finding Representative for Sequence Couples

The approach for finding the optimal DTW mapping between two sequences
x and y was described in Section 3.1. For our purposes, the most impor-
tant is to obtain a warping path p∗ = (p1, p2, . . . , pq), which allows to find
a representative. The approach for finding such representative is described
in Algorithm 4.4. Its output for sequences in Figure 27 is shown in Fig-
ure 27(d).

4.7.2 Finding Representative for Set of Sequences

Algorithm 4.4 can be applied only to two sequences. However, this is often
insufficient in common practice as we need to find a representative for the
whole set of sequences C = (c1, c2, . . . , cn) in most cases. The first explored
solution was based on an approach, where a representative is being found
step by step by finding particular representatives for sequence couples. More
precisely, the first step consists of finding representative r1−2 for the first
two sequences c1 and c2. Then, representative r1−2−3 is found for a newly
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Algorithm 4.4 Searching for Representative from Pair of Sequences
Input: Sequences x and y.
Output: Representative sequence r.

1. Compute DTW (x, y) for sequences x and y; obtain warping path p∗.

2. Initialization:

• r is a representative sequence for sequences x and y.

• s = 1 gives a position in r, l = 2 gives a position in warping path
p∗.

• Value in the first position in r is determined as average of values
in the first positions of sequences x and y, e.g. r1 = x1+y1

2 .

3. if l ≤ q then for couple of the subsequent points of warping path
pl = (nl,ml) and pl−1 = (nl−1,ml−1) perform:

if (pl − pl−1) = (1, 1) then
s := s + 1;

A new item rs =
xnl

+yml

2 is inserted into sequence r;
else if (pl − pl−1) = (0, 1) or (pl − pl−1) = (1, 0) then

No item is inserted into representative sequences r;
end if
l := l + 1
Repeat Step 3.

end if

4. Output of the algorithm is representative sequence r of length s.

obtained sequence r1−2 and for sequence c3. Then, such approach is used
for the rest of sequences in the cluster.

However, our experiments showed that this approach is not as suitable
as we need. It is strongly dependent on the order of particular sequences
in collection. The solution is to find an approach that would be immune to
the order of elements in a sequence. Our proposed approach which solves
this problem is presented in Algorithm 4.5.

The presented approach is not restricted only to using the DTW as a
method for the expression of a sequence similarity. Of course, the DTW
could be replaced by any other indicator, for example Euclidean distance or
statistical indicators for time series (Mean Absolute Error, Mean Percentage
Error, Root Mean Square Error etc.). In such cases, it is necessary to
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Algorithm 4.5 Searching for Representative from Set of Sequences
Input: Collection C of n sequences.
Output: Representative sequence r.

1. Initialization:

• n is a count of input sequences.

• u is a level of collection; u = 1.

• C1 is the first level of collection; C1 = C.

• m is a count of processed sequences in a level u; m = n− u + 1.

2. Create from collection Cu, which consists of sequences {cu1 , cu2 , . . . , cum},
distance matrix Du ∈ R(m×m), where particular matrix elements are
defined as duij = DTW (cui , c

u
j ), i.e. matrix elements are created by

values of reciprocal mapping of particular sequences.

3. Calculate sum for each row wu
i in matrix Du and select a row with the

lowest sum value. Find row wu
min, where:

m∑
j=1

dumin,j = min∀i∈{1,...m}(
m∑
j=1

duij)

The found row refers to the sequence, which is selected as the most
similar to the others in the current collection, and which could be
declared as a representative ru = cumin of the collection for u-th level.

4. Remove the representative ru from the current collection and create
(n − u) new sequences by application of method for searching rep-
resentative from couple (ru, cui ), described in Algorithm 4.4. This
algorithm can be modified by adding weight (preference) to one of the
sequences, which can prefer (or discriminate) the importance of the
representative ru.

if m > 2 then
u = u + 1;
m = m− 1;
Repeat from Step 2 for remaining (n− u) sequences;

else if m = 2 then
Select a representative from the two sequences as a representa-

tive of the whole original set of sequences C;
end if
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adapt steps 2 and 4 of Algorithm 4.5. The following section describes both
approaches with a visual comparison of the impact to a found representative.

4.7.3 Demonstrations of Algorithm Outputs

In this section, a practical demonstrations of previously introduced methods
are presented. It must be noted that meaning and usage of DTW method
is closer to a human judgment and perception of similarity than a machine
definition of similarity. For this reason, it is hard or almost impossible to
perform a numerical evaluation for the following outputs [2], so the results
will be presented only visually. They will be visualized in the following
manner: the first row contains sequences, which were used as the input to
the algorithm, whereas the second row consists of outputs for different ap-
proaches. The first output is always an average of input sequences (defined
in Equation 12). The second output comes from a proposed approach de-
scribed in Algorithm 4.5. Both outputs are followed by results using Mean
Absolute Error (MAE), and finally as a reference, Euclidean distance. Re-
sults are shown in Figures 28 and 29.

Figure 28: Experiment with Simplified ECG Signals

The most important advantage of the proposed solution is the fact that
the Algorithm 4.5 in combination with the DTW is able to process even
sequences with different lengths. This is very difficult while using other
methods. In these cases it is necessary to shrink the sequences into an
identical length, which of course causes the loss of information. Using the
DTW, we are able to process such sequences with different lengths without
any loss of information. In Figures 30 and 31, there are presented outputs
from proposed algorithm applied on sequences with different lengths.
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Figure 29: Experiment with Three Distorted Peaks

Figure 30: Set 1 of Sequences with Variable Length

5 Experiments

In Chapter 4, an approach for extraction of characteristic patterns from
time series representing measured natural phenomena data was introduced.
Individual components and algorithms, which form the proposed solution,
were every time demonstrated on simple and illustrative examples to make
them more comprehensible.

In this chapter, functionality of the proposed solution will be presented
as a whole on a real-like data collection (described in detail in [12]). Fig-
ure 32 shows a gradual segmentation of a time series by the Algorithm 4.1.
The places of initial, rough segmentation by the Voting Experts are in or-
ange at the top edge. The individual iterations of algorithm are displayed
gradually in downward direction; in this way, fifty of them are depicted.
The grey rectangles mark the places where a proposed expert voted for a
split; the blue ones mark the places of the actual segmentation. The figure
clearly shows that the segmentation stabilizes after few cycles. It remains
almost unchanged afterwards and only minor oscillations of the place of
segmentation can occur. This is demonstrated by the chart in Figure 33
which shows how the number of resulting sequences changes with number
of iterations.

The question remains when to stop the process of segmentation, i.e. af-
ter how many iterations. When applying the algorithm on the categorical
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Figure 31: Set 2 of Sequences with Variable Length

Figure 32: Sample of the Segmenting Proces With Applied Smoothing
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Figure 33: The Number of Resulting Sequences After Individual Iterations
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data, the segmentation was being carried out until no change took place.
In the case of the categorical data, this approach is not applicable because
the places of segmentation may slightly oscillate and the stabilization may
not occur at all, as shown in Figure 32. For this reason, this termination
criterion had to be changed. Tests showed that hysteresis can be used as a
suitable criterion for stopping the segmentation process. This means that
if the total number of resulting sequences does not change in a specified
number of iterations by a specified absolute or relative number, the seg-
mentation process is finished. For this collection, we used the limitation of
±5 sequences for 4 iterations.

For the subsequent cluster analysis, we used hierarchical agglomerative
clustering extended by the automatic extraction of clusters based on the
given threshold [11]. The output of the algorithm are clusters, whose mem-
bers must have higher mutual similarity than the selected threshold. The
method DTWSIM , which was described in Section 4.6, was employed for
the definition of the similarity. Figure 34 shows how the resulting number
of clusters changes in relation to the selected threshold.
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Figure 34: The Number of Clusters at Different Values of Threshold

In the scope of this thesis, the total number of clusters is not as impor-
tant as the number of those which contain more than one sequence. Right
out of these clusters it is possible to choose the characteristic patterns which
appear in a time series. The chart in Figure 35 shows how the number of
multi-sequence clusters changes in relation to the given threshold.

In order to complete this phase successfully, it is necessary to collaborate
with a domain expert. At this point, the domain expert has to define the
benevolence for the evaluation of similarity between two sequences based on
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Figure 35: The Number of Multi-sequence Clusters at Different Values of
Threshold

his experience. Alternatively, it may be necessary to determine a minimum
number of repetitions of a sequence in the given time series to consider it a
characteristic pattern.

One question arises: Is it possible to consider sequences of a cluster,
which emerged for a given threshold, to be semantically identical within the
current domain? An example of such a cluster with a threshold set to 0.85
that contains 14 sequences is shown in Figure 38. Only the domain expert
can decide whether this benevolence is desirable or acceptable. In other
domains, it is necessary to be a little stricter when assessing the similarity
and so it is crucial to raise the clustering threshold to the value of 0.9 (see
a four-sequence cluster in Figure 37) or even to the value of 0.925 (see a
two-sequence cluster in Figure 36). For this data collection, threshold equal
to 0.9 was evaluated as the most appropriate by a domain expert regarding
the performed segmentation and received patterns.

When setting a threshold for clustering, it is important to keep in mind
that an increasing benevolence (i.e. decreasing threshold) has a direct im-
pact on selection of a representative for a given cluster. The resulting rep-
resentative has to be more generalized as long as the cluster gets more
members and sequences are less similar to each other. Thus, while the rep-
resentative chosen among the highly similar sequences in Figure 36 exactly
copies their shape (see Figure 39(c)), a considerable generalisation is clearly
evident in the selection of the representative of the 14-sequence cluster in
Figure 38 (see Figure 39(a)). Therefore, the determination of the required
set of characteristic patterns depends on the defined rules of benevolence.
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Figure 36: Cluster of 2 Sequences (threshold = 0.925) with Its Representa-
tive

Figure 37: Cluster of 4 Sequences (threshold = 0.9) with Its Representative

6 Conclusion

The objective of this thesis was to provide the CBR methodology (intro-
duced in Chapter 2) with procedures and methods allowing its adaptation
for natural phenomena data processing. It was mainly about a design of
an approach for extraction of characteristic patterns, which are crucial to
this methodology. Attention was paid mainly to processing of time series,
by means of which natural data phenomena are often represented. A re-
quirement of proposed solution was also an effort to approach the subjective
perception of similarity through the eyes of a domain expert. This means
to introduce definable measure of benevolence acquired by the solution.

The biggest challenge was to deal with inaccuracies and distortions,
which are typical for this domain and, at the same time, to keep the config-
urable measure of benevolence with which it has to work. This requirement
mostly makes the use of commonly used algorithms impossible or consider-
ably difficult. For this reason, these limitations had to be eliminated either
by modification of existing algorithms or by suitable combination with other
algorithms.
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Figure 38: Cluster of 14 Sequences (threshold = 0.85) with Its Representa-
tive

(a) Representative for 0.85 (b) Representative for 0.9 (c) Representative for 0.925

Figure 39: Represetatives of Clusters for Various Thresholds
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When designing characteristic patterns extraction process, presented in
Chapter 4, a total of three key questions occurred:

1. How to meaningfully divide a time series into shorter sequences?

2. How to perform a cluster analysis on the sequences found?

3. How to choose representatives from a cluster of similar sequences?

These three main objectives were in the course of designing and im-
plementation of solution gradually supplemented by additional partial sub-
tasks, which also had to be solved (see Chapter 4). The basic building block
of their solution became the Dynamic Time Warping algorithm, which was
originally designed to compare distorted time series. It was successfully used
in many practical applications, where classical methods for sequence com-
parison failed. However, its involvements in accomplishing the milestones of
this thesis proved its limitations and deficiencies. Within the proposed so-
lution, this algorithm was thus modified, supplemented and combined with
other algorithms several times to perform the desired functionality. These
findings were successively published in a total of 22 publications, out of
which 13 are directly related to the topic of this dissertation and another 9
drew on its knowledge and algorithms.

In Chapter 5, the proposed solution for characteristic patterns extrac-
tion was demonstrated on a sample time series. It was represented by the
measured river discharge volume, which is a typical example of natural
phenomena data. It is because it contains exactly these different kinds of
distortions, inaccuracies and further deficiencies, which make it difficult to
use standard tools. Initial efforts to find patterns gradually turned into
a question, whether processed time series even contains some reasonable
patterns. As it turned out, real data collection (depending on the viewing
angle) does not have to contain such patterns at all. It is important to
verify their existence in advance, before proposed approach will be used,
for example, for creation of searching structures, e.g. by means of so-called
footprints. Insufficient number of recurring patterns would lead to the loss
of their efficiency.

Results of this thesis may be directly included not only in tools for CBR
cycle implementation, but they will also find their place in all domains,
where it is necessary to work with distorted data. Currently, the results
and findings of this thesis or its parts are practically applied in Floreon+
(disaster management tool) and RODOS (transport systems development
centre) projects.
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