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{isaac.martin,oscar.siordia,cristina.conde,enrique.cabello}@urjc.es

Abstract. The aim of this paper is to present a novelty methodology
to develop similarity measures for classification of time series. First, a
linear segmentation algorithm to obtain a section-wise representation of
the series is presented. Then, two similarity measures are defined from
the differences between the behavior of the series and the level of the
series, respectively. The method is applied to subjective-data on time
series generated through the evaluations of the driving risk from a group
of traffic safety experts. These series are classified using the proposed
similarities as kernels for the training of a Support Vector Machine. The
results are compared with other classifiers using our similarities, their
linear combination and the raw data. The proposed methodology has
been successfully evaluated on several databases.

Keywords: Similarity, Kernel Method, Classification, Time Series,
Data Segmentation.

1 Introduction

Similarity measures between time series is a common issue that has been treated
in several ways. Usually, the statistical models fitted to the series are compared.
Nevertheless, subjective-data time series are rarely taked into account. This
kind of data corresponds to information collected from human opinions over
a period of time. In this case, it is not possible to successfully fit a unique
model to all the data set since the changes on the level of the series usually
respond to a great variety of factors. In the particular case of driving risk
evaluations from human experts, these factors are related to driver’s responses to
vehicle or road variations (speed, aceleration, road conditions, etc). The driver’s
distraction study is a very difficult problem due to the high number of factors
involved in the distraction-related accidents [1]. However, these distractions can
be reduced with the development of a system that can automatically evaluate
the driver’s behavior. CABINTEC (“Intelligent cabin truck for road transport”)
is an ongoing project focused on risk reduction for traffic safety [2]. One of the
main objectives of the project is to identify driver’s unsuitable behavior and lacks
of attention. For that purpose, a system for automatic driving risk evaluation is
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being developed using time series information from several traffic safety experts.
Further, a previous selection of experts is needed in order to detect unpracticed
experts whose opinions should not be considered. For this purpose, it is necessary
to measure the similarity between experts risk evaluations time series.

Most of the known similarity measures between time series are concerned with
the distance between series levels. However, for subjective data, it is necessary to
define a measure that considers the similarity in the behavior (trend of data) as
well as the similarity in the level. For this purpose, a proper representation
of the time series is needed. The same idea for signal matching has a long
history in cardiac signal analysis (see, for instance, [3]). However, most of these
representations imply sensitivity to noise, lack of intuitiveness, and the need
to fine-tune many parameters [4]. In this paper, an alternative representation
based on a linear segmentation of the time series is proposed. The segmented
representation allows the definition of two similarity measures considering the
behavior of the series and the series level, respectively. The defined similarities
were used as kernels to train a Support Vector Machine (SVM) and a k-NN (k-
Nearest Neighbor) classifier. The proposed methodology, main contribution of
this paper, was applied for the classification of a group of traffic safety experts
labeled according to their professional experience. The data acquisition process
was made as follows: a driving simulation exercise of ten minutes was recorded
from a truck cabin simulator from the Centro de Estudios e Investigaciones
Técnicas de Gipuzkoa (CEIT) [2]. Then, a group of 47 traffic safety experts were
asked to evaluate the driving risk of the simulated exercise. For that purpose,
the simulation reproduction tool Virtual Co-driver was used [5]. To collect the
experts evaluations, a Visual Analog Scale (VAS) was employed. This method
has been considered the best for subjective measurements (see, for instance, [6]).
The considered VAS ranges from 0 to 100, where 100 refers to the highest driving
risk level. Finally, to know some aspects of experts experience in the traffic safety
field, a personal quiz was applied.

The rest of the paper is organized as follows. Section 2 presents our algorithm
for the linear segmentation of time series. In Section 3, the section-wise
similarities are defined. Several experiments on real databases are considered
in Section 4 to evaluate the relative performance of the proposed similarities.
Section 5 concludes this paper.

2 Linear Segmentation Algorithm

In order to define a similarity between time series, small oscillations out of
the main trend could be uninformative and generate noise. In this case, these
oscillations should be removed. This happens, for instance, when dealing with
subjective-data time series, where a linear behavior along a temporary period of
time is expected. A variety of algorithms have been proposed to obtain proper
representations of time series (see, for instance, [7] and [8]). In this paper, an
algorithm to reduce the complexity of the data through the fit of regression lines
in local sections of the series has been developed. The linear model was selected



Section-Wise Similarities for Classification of Subjective-Data on Time Series 365

(a) Example of expert (red line) and
unpracticed evaluators (black line).

(b) Expert

(c) Unpracticed

Fig. 1. Labeled CABINTEC time series in accordance with the traffic safety experience
of the human evaluator: (a) example series of an expert and an unpracticed evaluator,
(b) series of the experts evaluations, and (c) series of the unpracticed evaluators

due to its low computational cost. To illustrate the algorithm an example of the
CABINTEC time series will be used (Figure 1(a)). The key idea of the algorithm
is to represent the time series into a section-wise linear approximation losing
the least amount of usefull information. The output will be a set of estimated
regression lines, one per section. A scheme of the algorithm is presented in
Algorithm 1.

Algorithm 1. Linear segmentation of the curve f

Input: Curve f , n-Order Tangent fn, R2
min, ρ (reduction parameter), T = length(f)

Output: Y = {ys}S
s=1, set of S lines estimated by linear regression, one per section.

Initialize: ini = 1
1. Set: τ = max(fn)
2. Select end as the first t∗ in ini + 1 : T such that

fn(t∗) ≥ max( τ, fn(t∗ + 1), fn(t∗ − 1))
3. Estimate the line ys in section [ini, end]
if (R2(ys) > R2

min) or (τ < min(fn)) then
ys ∈ Y (store the regression parameters of the estimated line)
ini = i (change to next section)
go to 1

else
τ = ρτ (reduce the threshold)
go to 2

end if

The start and end points of each section must denote a change on the trend of
the serie. For that purpose the tangent of the time serie at each point needs to
be defined. Let f(t) be the value of curve f evaluated in time t = {1, . . . , T}.
Let fn(t) the value of its tangent of order n, calculated as:
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Table 1. Linear Segmentation Algorithm on CABINTEC data

R2
min 0.40 0.70 0.80 0.90 1.00

Original
Data

Number of

Sections
2 10 18 23 130

131
registers

Segmented

Graph Result

fn(t) = hf(t) −
n∑

i=−n, i�=0

hif(t + i) , (1)

where hi = 1/(2|i|), and h is the sum of all hi.
Notice that the weight (hi) assigned to the i-th neighbor of the point t is

inversely proportional to the distance between them.
The basis of this time series segmentation algorithm is to look for strong

changes in the trend of data. This aim is achieved by the search of local maxima
of fn. When a point is selected in step 2 of Algorithm 1, a section s in the serie
is defined, and a regression line is fitted to the data in that section. Let R2

ys
be

the square of the sample correlation coefficient of the regression line. If the fitted
model explains much of the variability of the section, the calculated parameters
of the regression line are stored and the algorithm iterates. In other case, no
linear behavior is expected. Therefore, the section needs to be subdivided.

An example of the algorithm performance is presented in Table 1. The
segmented graphical result and the number of sections generated by the
algorithm were calculated for different selections of R2

min, the minimum fit (or
one minus the maximum error) allowed. For this example a tangent of order 5
was used. When R2

min = 0.40, only two sections were generated. It is clear that
the unique cut point was given by the global maximum of the 5-order tangent.
Notice that the higher the R2

min was, the higher the number of sections were
obtained. In the case of R2

min = 1, a section is generated for each pair of points.
To choose the optimal linear representation of the database we consider a trade-
off between the global linear error and the complexity of the representation as
follows:

α(1 − R2) + (1 − α)
number of sections

T − 1
. (2)

In the example, R2
min = 0.90 minimizes expression (2) (trade-off parameter

α = 0.5, which implies similar relevance for both terms).

3 Section-Wise Similarities

Given a set of segmented time series, it is possible to calculate several section-
wise similarities between them. Next, we propose one similarity measure based
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(a) Existent Area (b) Worst Area (c) Existent Angle (d) Worst Angle

Fig. 2. Level and Angle based section-wise similarities of the time series fa and fb, in
the section between the points t(1) and t(2)

on the differences between the level of the sections lines, and one similarity
measure based on the differences between the angles of the sections lines.

Let fa and fb be two different time series. Let {A} and {B} be the set of initial
and final points that defined the sections obtained for fa and fb, respectively,
from Algorithm 1. The similarity measures will be built on sections defined from
the union of sets {A} and {B}. That is, every initial or final point of a section
from fa or fb will be used.

3.1 Level Based Similarity

Let s = [t(1), t(2)] be the section where t(1) and t(2) ∈ {A} ∪ {B}. Let ra and rb

be the regression lines obtained from Algorithm 1 for fa and fb, respectively, in
s (see Figure 2(a)). Consider the area L bounded by ra and rb calculated as:

L =
1
2
[(ra(t(1)) − rb(t(1))) + (ra(t(2)) − rb(t(2)))] ∗ (t(2) − t(1)) , (3)

where ri(t(j)) denotes the value of the regression line ri in the point t(j).
Notice that (t(2) − t(1)) is the width (number of points) of section s. The level

based similarity calculated in the section s, denoted by s0S(s), is obtained as
the relation between the area in (3) and the worst possible area L̆ as follows:
s0S(s) = 1 − L/L̆. Notice that in this way, the proposed similarity measure is
in [0, 1]. The worst area L̆ is calculated from the maximum possible change in
the analyzed section. For that purpose, a line from fb(t(1)) to min(fb) and a
line from fa(t(1)) to max(fa) are considered, as shown in Figure 2(b). Finally,
the overall level based section-wise similarity for the time series fa and fb is
calculated as the weighted sum of all the sectional similarities as follows:

S0S(fa, fb) =
∑S

s=1 w(s) s0S(s)
∑S

s=1 w(s)
, (4)

where w(s) is the time width of section s = 1, . . . , S.
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3.2 Angle Based similarity

The angle based section-wise similarity considers the angle formed by the
regression lines ra and rb defined in the section s. Let θa and θb be the slopes of
ra and rb, respectively (see Figure 2(c)). The angle between the regression lines
is calculated as:

θab = |θa − θb| . (5)

The angle based similarity calculated in the section s, denoted by s1S(s), is
obtained as the relation between the angle θab and the worst possible angle θ̆:
s1S(s) = 1 − θab/θ̆. The worst angle θ̆ is calculated with the crossed maximum
possible change in the analyzed section. That is, a line from fb(t(1)) to max(fb)
and a line from fa(t(1)) to min(fa) as shown in Figure 2(d) are considered.
Finally, the overall angle based section-wise similarity for the time series fa and
fb is calculated as the weighted sum of all the sectional similarities as follows:

S1S(fa, fb) =
∑S

s=1 w(s) s1S(s)
∑S

s=1 w(s)
, (6)

where w(s) is the time width of section s = 1, . . . , S.

4 Experiments

The CABINTEC time series (Figure 1), were labeled in accordance with the
experience in traffic safety of each human evaluator. Each evaluator was labeled
as expert or unpracticed depending on their profession and years of experience
in the field (Figure 1(b) and Figure 1(c)). This information was obtained from
personal quizzes applied to each evaluator before the knowledge acquisition
experiments.

In order to test the accuracy and utility of similarities defined in Section 3,
several classification experiments were performed. These similarities were used
as kernel to train a SVM following [9] (C = 100). Further, the similarity matrices
were applied to a 1-Nearest Neighbor classifier. In addition, for benchmarking,
two similarities based on the Euclidean distance were considered. Let fa and fb

be two time series. S0P denotes a point-wise similarity based on the Euclidean

Table 2. Summary of the databases considered in the classification experiments

Database Name
Number of

Classes

Number of

series

Time Series

Length
Train set %

CABINTEC 2 47 313 50

Gun Point 2 200 150 25

ECG200 2 200 96 50

Coffee 2 56 286 50

Growth 2 93 31 64
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Table 3. Error rate and (standard deviation) of the classification experiments using
section-wise similarities (single and combined), point-wise similarities (single and
combined), SVM on raw data and NFDA on raw data

Classification
Algorithm

Similarity
Applied CABINTEC Gun Point ECG200 Coffee Growth

SVM

S0S 18.8 (0.21) 5.0 (0.07) 12.6 (0.10) 19.6 (0.25) 5.8 (0.11)

S1S 29.4 (0.25) 14.3 (0.10) 20.6 (0.11) 2.9 (0.09) 6.0 (0.10)
S0S+S1S

2 10.2 (0.21) 6.9 (0.08) 16.0 (0.10) 3.2 (0.12) 5.0 (0.10)

S0P 19.5 (0.20) 6.8 (0.10) 11.8 (0.10) 8.8 (0.22) 4.9 (0.10)

S1P 32.4 (0.23) 6.7 (0.11) 19.6 (0.11) 5.2 (0.15) 6.6 (0.12)
S0P+S1P

2 15.5 (0.20) 6.0 (0.10) 13.7 (0.10) 3.1 (0.15) 4.5 (0.09)

K-NN

S0S 20.2 (0.22) 9.1 (0.09) 9.7 (0.09) 22.9 (0.25) 7.8 (0.12)

S1S 25.4 (0.24) 10.0 (0.09) 15.9 (0.11) 6.6 (0.14) 7.2 (0.12)
S0S+S1S

2 15.3 (0.20) 7.4 (0.09) 11.1 (0.09) 14.2 (0.21) 3.3 (0.10)

S0P 19.9 (0.21) 11.7 (0.10) 11.6 (0.09) 18.9 (0.25) 7.2 (0.11)

S1P 36.6 (0.23) 10.8 (0.10) 17.5 (0.11) 22.2 (0.25) 8.8 (0.15)
S0P+S1P

2 18.1 (0.21) 10.4 (0.10) 12.9 (0.10) 8.8 (0.19) 6.8 (0.12)

SVM Raw Data 21.5 (0.07) 6.1 (0.03) 11.5 (0.32) 11.1 (0.08) 7.4 (0.36)

NFDA Raw Data 19.1 (0.07) 19.8 (0.05) 16.4 (0.38) 0.5 (0.01) 5.1 (0.03)

distance in the raw data:
√∑T

i=1(fa(i) − fb(i))2. Similarly, S1P denotes a point-
wise similarity based on the Euclidean distance in the angle gived by the n-

order tangent (fn):
√∑T

i=1(fn
a (i) − fn

b (i))2. Further, for the section-wise and
point-wise similarities, linear combinations denoted by S0S+S1S

2 and S0P+S1P
2 were

considered. Additionally to CABINTEC dataset, several well-known databases,
out of the driving risk problem, were employed: the Gun Point, ECG200, Coffee,
and Growth databases. A summary of these databases is shown in Table 2 (see
[10] and [11] for a complete description). The linear segmentation algorithm
proposed in Section 2 was applied to all the series.

In order to use Algorithm 1, the reduction parameter ρ and the order of the
tangent n were established as 0.90 and 5 respectively in all cases. The parameter
R2

min was selected by the minimization of (2) using train data. Two additional
classifiers were considered and applied to the raw data: a SVM with a RBF
kernel, and a classifier based in functional data representation (NFDA) [12].
Notice that k-NN applied to the point-wise similarity S0P , corresponds to the
k-NN evaluation on raw data. To compare the performance of the methods,
the average classification results obtained in the test sets over 1 000 runs were
calculated. The mean error rate and its standard deviation in the test sets are
presented in Table 3. In our case study, the CABINTEC database, the best
global result was achieved by the combination of the section-wise similarities
used as kernel for the SVM. The error reduction obtained by this combination
regarding the individual similarities (10.2% vs. 29.4% and 18.8%) shows their
complementarities in this database. Likewise, the combination of the point-wise
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similarities reached an error reduction. Similar results were obtained with the
K-NN classifier. As a summary, in almost all the databases, the section-wise
similarities or their combination achieved the best results. These results show
the capacity of our method to reduce the complexity of the data, preserving the
usefull information for classification purposes.

5 Conclusions

The main contribution of this paper, is a novelty methodology for the similarity
measurement and classification of time series. A linear segmentation algorithm
for the proper representation of subjective-data time series has been developed.
Then, two similarity measures have been defined from the differences between
the level of the series and the angle of the series, respectively. These similarities
have been used as kernels to train a SVM. The application of the methodology
to the CABINTEC database achieves outstanding results in the classification of
traffic safety experts according to their experience. Moreover, very competitive
results were achieved even in databases out of our study case. The results of the
classification experiments show that the angle based similarities contain relevant
information for classification purposes. This information, based on the behavior
of the data, shows to be complementary to the information collected by the level
based similarities. In this work, the section similarities were averaged over the
total number of sections. In the future, the use of the individual similarities
calculated in each section will be considered. In addition, the section-wise
similarities could be used to detect clusters of experts when no label information
is available.
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DGCI 2005. LNCS, vol. 3429, pp. 240–251. Springer, Heidelberg (2005)
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