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Abstract

A supervised classification method for temporal series, even multivariate, is presented. It is based on boosting
very simple classifiers: clauses with one literal in the body. The background predicates are based on temporal
intervals. Two types of predicates are used: i) relative predicates, such as “increases” and “stays”, and ii)
region predicates, such as “always” and “sometime”, which operate over regions in the dominion of the
variable. Experiments on different data sets, several of them obtained from the UCI repositories, show that
the proposed method is highly competitive with previous approaches.
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1 Introduction

Multivariate time series classification is useful in
domains such as biomedical signals [10], continu-
ous systems diagnosis [2] and data mining in tem-
poral databases [5]. This problem can be tackled
by extracting features of the series through some
kind of preprocessing, and using some conven-
tional machine learning method. However, this
approach has several drawbacks [9]: the prepro-
cessing techniques are usually ad hoc and domain
specific, there are several heuristics applicable to
temporal domains that are difficult to capture by
a preprocess and the descriptions obtained using
these features can be hard to understand. The
design of specific machine learning methods for
the induction of time series classifiers allows the
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construction of more comprehensible classifiers in
a more efficient way.

When learning multivariate time series classifiers,
the input consists of a set of training examples
and associated class labels, where each example
is formed by one or more time series. The series
are often referred to as variables, since they vary
over time. From a machine learning point of view,
each point of each series is an attribute of the
example.

The method for learning time series classifiers
that we propose in this work is based on liter-
als over temporal intervals (such as increases or
always in region) and boosting (a method for the
generation of ensembles of classifiers) [14].

The rest of the paper is organized as follows. Sec-
tion 2 is a brief introduction to boosting, suited
to our method. The base classifiers are described
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in section 3, including techniques for efficiently
handling these special purpose predicates. Sec-
tion 4 presents experimental results when using
the new method. Finally, we give some conclud-
ing remarks in section 5.

2 Boosting

At present, an active research topic is the use of
ensembles of classifiers. They are obtained by
generating and combining base classifiers, con-
structed using other machine learning methods.
The target of these ensembles is to increase the
accuracy with respect to the base classifiers.

One of the most popular methods for creating en-
sembles is boosting [14], a family of methods, of
which AdaBoost is the most prominent mem-
ber. They work by assigning a weight to each ex-
ample. Initially, all the examples have the same
weight. In each iteration a base classifier is con-
structed, according to the distribution of weights.
Afterwards, for each example it weight is read-
justed, depending on the correctness of the class
assigned to the example by the base classifier.
The final result is obtained by weighted votes of
the base classifiers.

Inspired by the good results of works using en-
sembles of very simple classifiers [14], sometimes
named stumps, we have studied base classifiers
consisting of clauses with only one literal in the
body.

Multiclass problems There are several meth-
ods of extending AdaBoost to the multiclass case
[14]. We have used AdaBoost.OC [13] since
it can be used with any weak learner which can
handle binary labeled data. It does not require
that the weak learner can handle multilabeled
data with high accuracy. The key idea is, in
each round of the boosting algorithm, to select
a subset of the set of labels, and train the binary
weak learner with the examples labeled positive
or negative depending if the original label of the
example is or is not in the subset. In our concrete
case, the base learner searches for a rule with the
head:

class( Example, [class1, . . . classk] )

This predicate means that the Example is of one of
the classes in the list. Figure 1 shows a fragment
of one of this classifiers.

The classification of a new example is obtained
from a weighted vote of the results of the weak
classifiers. For each rule, if its antecedent is true
the weights of all the labels in the list are in-
creased by the weight of the rule, if it is false
the weights of the labels out of the list are incre-
mented. Finally, the label that has been given
the highest weight is assigned to the example.

3 Base Classifiers

3.1 Temporal Predicates

Figure 2 shows a classification of the predicates.
Point based predicates use only one point of the
series:

• point region( Example, Variable, Region, Point
) it is true if, for the Example, the value of
the Variable at the Point is in the Region.

Note that a learner which only uses this predi-
cate is equivalent to an attribute-value learning
algorithm. This predicate is introduced to test
the results obtained with boosting without using
interval based predicates.

Two kinds of interval predicates are used: relative
and region based. Relative predicates consider
the differences between the values in the interval.
Region based predicates are based on the pres-
ence of the values of a variable in a region during
an interval.

3.1.1 Relative Predicates

A natural way of describing series is to indicate
when they increase, decrease or stay. These pred-
icates deal with these concepts:

• increases( Example, Variable, Beginning, End,
Value ). It is true, for the Example, if the dif-
ference between the values of the Variable for
End and Beginning is greater or equal than
Value.



class( E, [ thank, maybe, name, man, science ] ) :- true percentage( E, z, 1 4, 12, 16, 70 ). % 79, 30. 0.312225
class( E, [ thank, science, right, maybe, read ] ) :- true percentage( E, roll, 1 4, 2, 10, 50 ). % 77, 8. 0.461474
class( E, [ maybe, right, man, come, thank ] ) :- true percentage( E, z, 1 3, 2, 18, 50 ). % 70, 18. 0.339737
class( E, [ thank, come, man, maybe, mine ] ) :- true percentage( E, roll, 5, 6, 14, 50 ). % 64, 27. 0.257332
class( E, [ girl, name, mine, right, man ] ) :- not true percentage( E, z, 1 2, 6, 14, 5 ). % 78, 22. 0.361589

Figure 1: Initial fragment of an ensemble of classifiers, obtained with AdaBoost.OC, for the dataset
Auslan (Sect. 4.1). At the right of each clause the number of positive and negative covered examples and
the weight of the classifier.

• decreases( Example, Variable, Beginning, End,
Value ).

• stays( Example, Variable, Beginning, End,
Value ). It is true, for the Example, if the
range of values of the Variable in the interval
is less or equal than Value.

Frequently, series are noisy and, hence, a strict
definition of increases and decreases in an inter-
val, i.e., the relation holds for all the points in the
interval, is not useful. It is possible to filter the
series prior to the learning process, but we be-
lieve that a system for time series classification
must not rely on the assumption that the data
is clean. For these two predicates we have opted
for consider what happens only in the extremes
of the interval. The parameter value is necessary
for indicating the amount of change.

For the predicate stays neither is useful to use a
strict definition. In this case all the points in the
interval are considered. The parameter Value is
used to indicate the maximum allowed difference
between the values in the interval.

3.1.2 Region Based Predicates

The selection and definition of these predicates
is based in the ones used in a visual rule lan-
guage for dynamic systems [2] and it is introduced
in [11]. These predicates are:

• always( Example, Variable, Region, Beginning,
End ). It is true, for the Example, if the Vari-
able is always in this Region in the interval
between Beginning and End.

• sometime( Example, Variable, Region, Begin-
ning, End ).

• true percentage( Example, Variable, Region,
Beginning, End, Percentage ). It is true, for

the Example, if the percentage of the time be-
tween Beginning and End where the variable
is in Region is greater or equal to Percentage.

Once that it is decided to work with temporal
intervals, the use and definition of the predicates
always and sometime is natural, due to the fact
that they are the extension of the conjunction
and disjunction to intervals. Since one appears
too demanding and the other too flexible, a third
one has been introduced, true percentage. It is
a “relaxed always” (or a “restricted sometime”).
The additional parameter indicates the degree of
flexibility (or restriction).

Regions. The regions that appear in the pre-
vious predicates are intervals in the domain of
values of the variable. In some cases the def-
initions of these regions can be obtained from
an expert, as background knowledge. Otherwise,
they can be obtained with a discretization pre-
process, which obtains r disjoint, consecutive in-
tervals. The regions considered are these r in-
tervals (equality tests) and others formed by the
union of the intervals 1 . . . i (less or equal tests).

The reasons for fixing the regions before the clas-
sifier induction, instead of obtaining them while
inducing, are efficiency and comprehensibility.
The literals are easier to understand if the re-
gions are few, fixed and not overlapped.

3.2 Searching Literals

The base learner receives a set of examples, la-
beled as positive or negative. Its mission is to
find the best literal for discriminating positive
from negative examples. Then it is necessary to
search over the space of literals. For each literal
considered it is necessary to know which positive
and negative examples are true.

The possible number of intervals, if each series
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Point based: point region

Interval based

{

Relative: increases, decreases, stays
Region based: sometime, always, true percentage

Figure 2: Classification of the predicates.

has n points, is (n2 − n)/2. With the objective
of reducing the search space, not all the windows
are explored. Only those that are of size power of
2 are considered. The number of these windows
is

∑k

i=1(n−2i−1) = kn−2k−1 where k = blg nc.

Given an interval and an example the predicates
increases and decreases can be evaluated in O(1),
because only the extremes of the interval are con-
sidered. For the other interval predicates this
time is O(w), where w is the number of points
in the interval.

Given a predicate, for searching the best literal it
is necessary, for each considered interval, to cal-
culate how many examples of each class are true.
A simple method for this would be to consider all
the intervals and for each interval and example to
evaluate the literal.

A better method is possible, if the relationships
among intervals are considered. When a literal
is evaluated, some information is saved for poste-
rior use. Then, the evaluation of a literal with an
interval of width 2w is obtained from the previ-
ous evaluation of two literals whose intervals are
consecutive and with widths w.

For example, consider the predicate
true percentage. For evaluating it, two val-
ues are necessary: l the length of the interval
and s the sum of the lengths of the sub-intervals
in the interval where the value is in the region. If
there are two consecutive intervals with lengths
l1 and l2 and sums s1 and s2, the union interval
has length l1 + l2 and sum s1 + s2. In this way,
for each example and interval only a time of
O(1) is necessary to calculate the percentage
associated. For each interval the best threshold
(from the allowed values) for the parameter
Percentage of the predicate is selected.

The selection of the best literal is linear in the
number of examples, the number of variables,
the number of regions (for region based pred-
icates) and the number of intervals (which is
O(n lg n)). There are also additional costs for se-
lecting the best additional parameters for some

predicates (e.g. the parameter Percentage of
true percentage) but they are linear in the num-
ber of values allowed.

4 Experimental Validation

4.1 Datasets

The characteristics of the datasets are summa-
rized in table 1. Datasets for classification of time
series are not easy to find [9]. For this reason we
have used four artificial datasets and only one
“real world” dataset:

Cylinder, Bell and Funnel (CBF). This is
an artificial problem, introduced in [12]. The
learning task is to distinguish between three
classes: cylinder (c), bell (b) or funnel (f). Exam-
ples are generated using the following functions:

c(t) = (6 + η) · χ[a,b](t) + ε(t)
b(t) = (6 + η) · χ[a,b](t) · (t − a)/(b − a) + ε(t)
f(t) = (6 + η) · χ[a,b](t) · (b − t)/(b − a) + ε(t)

where

χ[a,b] =

{

0 if t < a ∨ t > b
1 if a ≤ t ≤ b

C
la
ss
es

Ex
am

pl
es

Po
in
ts

Va
ria

bl
es

CBF 3 798 128 1
Control charts 6 600 60 1
Waveform 3 900 21 1
Wave + noise 3 900 40 1
Auslan 10 200 20 8

Table 1: Characteristics of the datasets
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Figure 3: Some examples of the datasets. Two examples of the same class are shown in each graph.



and η and ε(t) are obtained from a standard nor-
mal distribution N(0, 1), a is an integer obtained
from a uniform distribution in [16, 32] and b − a
is another integer obtained from another uniform
distribution in [32, 96]. The examples are gen-
erated evaluating those functions for 1, 2 . . .128.
Figure 3.a shows two examples of each class.

Control Charts. In this dataset there are six
different classes of control charts, synthetically
generated by the process in [1]. Each time series
is of length n, and is defined by y(t), with 1 ≤
t ≤ n:

1. Normal: y(t) = m + rs. Where m = 30,
s = 2 and r is a random number in [−3, 3].

2. Cyclic: y(t) = m + rs + a sin(2πt/T ). a and
T are in [10, 15].

3. Increasing: y(t) = m + rs + gt. g is in
[0.2, 0.5].

4. Decreasing: y(t) = m + rs − gt.

5. Upward: y(t) = m+ rs+ kx. x is in [7.5, 20]
and k = 0 before time t3 and 1 after this
time. t3 is in [n/3, 2n/3].

6. Downward: y(t) = m + rs − kx.

Figure 3.b shows two examples of three of the
classes. The data used was obtained from the
UCI KDD Archive [4].

Waveform. This dataset was introduced
by [7]. The purpouse is to distinguish between
three classes, defined by the evaluation in
1, 2 . . . 21, of the following functions:

x1(i) = uh1(i) + (1 − u)h2(i) + ε(i)
x2(i) = uh1(i) + (1 − u)h3(i) + ε(i)
x3(i) = uh2(i) + (1 − u)h3(i) + ε(i)

where h1(i) = max(6−|i−7|, 0), h2(i) = h1(i−8),
h3(i) = h1(i−4), u is a uniform aleatory variable
in (0, 1) and ε(t) follows a standard normal dis-
tribution.

Figure 3.a shows two examples of each class. We
used the version from the UCI ML Repository [6].

1 2 3 4 5
point region • ◦ ◦ ◦
increases • •
decreases • •
stays • •
always • ◦ ◦
sometime • ◦ ◦
true percentage • •

Table 2: Predicates used in each experimental
setting. The symbol ‘•’ indicates that the predi-
cate is used in the experiment, and ‘◦’ indicates
that the predicate is not used but there is another
one that includes it.

Wave + Noise. This dataset is generated in
the same way than the previous one, but 19 ran-
dom points are added at the end of each example,
with mean 0 and variance 1. Again, we used the
dataset from the UCI ML Repository.

Auslan. Auslan is the Australian sign lan-
guage, the language of the Australian deaf com-
munity. Instances of the signs were collected us-
ing an instrumented glove [9]. Each example is
composed by 8 series: x, y and z position, wrist
roll, thumb, fore, middle and ring finger bend.
There are 10 classes and 20 examples of each
class. The number of points in each example is
variable and currently the system does not sup-
port variable length series, so they were resam-
pled to 20 points.

4.2 Results

The results for each dataset were obtained us-
ing five ten-fold stratified cross-validation. The
number of regions for each variable was 6. The
values considered for the parameter value of rela-
tive predicates were multiples of the range of the
variable divided by 20. The allowed values for the
parameter percentage where 5, 15, 30, 50, 70, 85
and 95. Table 2 shows which predicates are used
in the different experimental settings. Table 3
and figure 4 resume the results.

Globally, we can highlight the good evolution of
the maximum error for each dataset with the
number of iterations in the boosting process.
Many times, in Table 3, the best results are ob-
tained in the last iteration. For these datasets,
and until the number of iterations considered, we
can say that the method is rather robust to over-
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Figure 4: Graphs of the results for the different datasets.



Iter.: 10 20 30 40 50 60 70 80 90 100
1 9.26 6.20 4.70 3.74 3.37 3.00 3.12 3.04 2.82 2.75
2 6.09 4.84 3.51 2.90 2.78 2.17 1.98 2.05 1.73 1.73
3 3.91 2.53 1.85 1.80 1.73 1.68 1.58 1.67 1.58 1.43
4 2.28 1.33 1.15 0.82 0.90 0.95 0.90 0.87 0.75 0.78

C
B

F

5 2.73 1.38 0.85 0.77 0.63 0.68 0.65 0.63 0.70 0.70
1 27.03 14.83 12.00 8.80 7.10 5.83 4.90 4.87 4.53 4.30
2 27.40 8.70 4.70 2.37 1.50 0.93 0.97 0.83 0.83 0.60
3 6.17 1.77 1.70 1.47 1.23 1.17 1.00 1.00 1.03 0.87
4 6.80 2.40 1.90 1.53 1.70 1.47 1.20 1.40 1.23 1.33

C
o
n
tr

o
l

5 6.73 1.47 0.60 0.33 0.17 0.23 0.13 0.20 0.13 0.07
1 20.33 15.91 15.38 15.49 15.56 15.49 15.80 15.29 15.62 15.82
2 18.82 16.18 15.62 15.42 14.91 14.62 14.69 14.71 14.60 14.64
3 19.69 16.33 15.47 15.13 15.02 15.33 15.13 15.60 16.02 16.00
4 17.56 15.69 15.36 14.89 14.96 14.82 15.02 15.36 15.51 15.58

W
av

e

5 18.56 15.82 15.58 15.56 15.18 15.47 14.98 15.18 15.09 14.91
1 21.27 18.33 17.56 17.58 17.09 16.91 16.96 16.78 16.96 17.18
2 18.27 15.93 15.53 15.44 15.73 15.78 15.38 15.51 15.56 15.24
3 20.24 17.47 17.18 17.60 16.62 16.89 17.02 16.96 17.02 16.69
4 20.93 17.93 17.36 17.36 17.40 17.40 17.47 17.42 17.58 17.58

W
av

e+
N

o
is
e

5 20.11 17.18 16.47 16.09 16.67 16.49 16.29 16.38 16.38 16.44

Iter.: 30 60 90 120 150 180 210 240 270 300
1 16.00 8.41 5.96 5.40 5.20 4.30 5.40 4.20 4.20 4.00
2 10.90 5.90 4.00 5.20 4.30 4.00 4.40 4.00 4.10 4.00
3 11.60 5.50 4.20 4.30 3.40 2.80 2.70 2.70 2.40 2.20
4 9.30 5.40 3.20 3.00 2.50 2.40 2.40 2.30 2.10 2.00

A
u
sl

a
n

5 8.80 5.50 4.80 3.90 3.60 3.50 3.20 3.20 2.70 2.40

Table 3: Experimental results. Each row shows the results for one experimental setting. Columns show the
results for different number of boosting iterations. In boldface, the best results of each row.

fitting.

The advantages of using interval predicates are
self-evident. The unique possible exception is the
two wave datasets, where the point based predi-
cates do not obtain the worst results. This situa-
tion is reasonable, because the CBF and Control

datasets were designed specifically to test time
series classifers, and hence involve situations like
shifts, compressions and expansions. These situ-
ations are not present in the Wave datasets.

From the results it is also clear that none of
the predicates is the best. There are datasets
where relative predicates are more adequate and
datasets where region based are more adequate.
Moreover, there are some examples where the ad-
ditional complexity of using true percentage in-
stead of always and sometime is not justified.

Cylinder, bell and funnel. The best previ-
ously published result, according to our knowl-

edge, with this dataset is an error of 1.9 [9]. For
all the experimental settings, with the exception
of the predicate point region, it is possible to ob-
tain better results than this value. Moreover, for
region based predicates, this value is reached with
less than 30 iterations, and for settings 4–5 with
only 20.

Control charts. The only previous result we
are aware of regarding this dataset is for simi-
larity queries [1], and not for supervised classifi-
cation. To check if this dataset was trivial, we
tested it with C4.5, over the raw data, and ob-
tained an average error of 8.6 (also using five ten-
fold cross validation). At the end, the result for
the relative predicates (setting 2) is better than
the results for region predicates (settings 3–4),
but the results for region based predicates are
much better using few iterations. The most re-
markable point of the results for this dataset is
the great improvement obtained combining dif-
ferent predicates (experimental setting 5) with



respect to the results obtained using them inde-
pendently.

Waveform. The error of a Bayes optimal clas-
sifier on this dataset is approximately 14 [7]. This
dataset is frequently used for testing classifiers.
It has also been tested with boosting (and other
methods of combining classifiers), over the raw
data, in different works. The best previous re-
sult we are aware of for this dataset is an error of
15.21 [8]. That result was obtained using boost-
ing, with decision trees as base classifiers, which
are much more complex than our base classifiers
(clauses with one literal in the body). For all the
experimental settings with interval based predi-
cates a better result than 15.21 is obtained. Nev-
ertheless, the results for region based predicates
with 100 iterations are worst; from all the exper-
imental results this is the case where overfitting
is more evident.

Wave + Noise. The best results are obtained
with relative predicates: 15.25 with 100 itera-
tions. Again, the error of an optimal Bayes classi-
fier on this dataset is 14. This dataset was tested
with bagging, boosting and variants over deci-
sion trees [3]. Although their results are given
in graphs, their best error is apparently approxi-
mately 17.5.

Auslan. This is the dataset with the highest
number of classes (10) and also is the only one
with more than one variable (8). Hence, we incre-
mented the number of iterations for this dataset,
until 300. The best result previously published
is an error of 2.50 [9], which is greater than the
results obtained using region based predicates as
shown in Table 3.

5 Conclusions

A temporal series classification system has been
developed. It is based on boosting very simple
classifiers. The individual classifiers are formed
by clauses with only one literal in the body. The
predicates used are based on intervals. Two kinds
of interval predicates are used: relative and re-
gion based. Relative predicates consider the dif-
ferences between the values in the interval. Re-
gion based predicates consider the presence of the
values of a variable in a region during an interval.

Experiments on several different datasets show
that the proposed method is highly competitive
with previous approaches. On all data sets, the
proposed method achieves better than all previ-
ously reported results we are aware of. Moreover,
although the strength of the method is based
on boosting, the experimental results using point
based predicates shows that the incorporation of
interval predicates improves significantly the ob-
tained classifiers.

Another interesting feature of the method is its
simplicity. From an user point of view, the
method has only one free parameter, the number
of iterations. Moreover, the classifiers obtained
with a number of iterations are included in the
ones obtained with more iterations. Hence, it is
possible i) to select only an initial fragment of
the obtained classifier and ii) to continue adding
base classifiers to a previously obtained classifier.
Although less important, from the programmer
point of view the method is also rather simple.
The implementation of boosting of stumps is one
of the easiest among classification methods.

Acknowledgements

To the maintainers of the ML [6] and KDD [4]
UCI Repositories. To Mohammed Waleed
Kadous, David Aha and Robert J. Alcock for, re-
spectively, donating the Auslan, Wave and Con-

trol Charts datasets.

References

[1] Robert J. Alcock and Yannis Manolopou-
los. Time-series similarity queries employing a
feature-based approach. In 7th Hellenic Confer-
ence on Informatics, Ioannina, Greece, 1999.

[2] Carlos J. Alonso González and Juan J.
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