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Abstract

Time series data are daily produced at an unprece-
dented rate in almost every application domain, such
as stock markets, sensor networks, astronomy, and
medicine. Hence, there has been a significant amount
of research on mining and querying time series, includ-
ing classification, clustering, approximation, and index-
ing among others. A topic of particular interest is to
search large time series databases to identify content of
interest. In this work, we explore two approaches for
such searches: a distance-based approach, where what
we would like to identify is described with a single time
series, and a model-based approach, where the query
is a model, which represents a class of time series and
in our case is a Hidden Markov Model (HMM). We first
evaluated the NN classification error rate of HMMs com-
pared with four widely known distance measures, DTW,
cDTW, ERP, and MSM on the training sets of all 45
time series datasets of the UCR archive. Modeling time
series with HMMs achieves lower error rates than the
competitors in 28 datasets and equal in 4. Secondly,
we evaluated the five search methods on the test sets of
the 45 datasets, and observed that HMMs provide more
accurate results if there is a sufficient number of time
series to train them. With regard to efficiency, cDTW
is the fastest method among the competitors, but its
accuracy is much worse than the other methods.

1 Introduction

Time series data have become ubiquitous during the
last decades. Sequences of numerical measurements
are produced at regular or irregular time intervals in
vast amounts in almost every application domain, such
as stock markets, medicine, sensor networks, moving
objects, scientific experiments, and biology. As a result,
effective and efficient querying and mining of time series
is extremely important and there is still a need for new
techniques for classification, clustering, indexing, and
approximation of time series [6].

Large databases of time series can be exploited
so as to extract knowledge on what has happened in
the past or to recognize what is happening in the
present. Assume that we want to search the database
for time series corresponding to a specific activity, such
as “person falling down”. The search process must
decide, for each time series, whether that time series
is a good match for this particular search (of instances
of “person falling down”) or not. This can be done as
follows: (a) assign a score to each time series in the
database, which indicates how good a match each time
series is for the particular search we are conducting, (b)
rank database time series according to their score, (c)
return to the user the top K matches, where K is a
user-specified parameter.

The most critical step of the aforementioned pro-
cedure is the first one. Any mathematically valid scor-
ing function can be used, but the choice will essentially
determine the accuracy of the results. Thus, it is of
particular importance to assign the best scores to the
time series that the user would consider to be “correct
matches” for the query.

In distance-based search, to perform our search
we provide as a query a time series, e.g., time series
corresponding to the “falling down” activity. Then,
the score assigned to each database time series is the
distance/similarity score that is computed using the
selected measure. In model-based search, we specify
what we are looking for by submitting as a query a
model of the activity. This model can be a Hidden
Markov Model (HMM ), which has been trained on time
series, e.g., of the “falling down” activity. The score that
is assigned to each database time series is the output of
the model on that time series. For HMMs, this score
can be computed through the Forward algorithm [19]
taking as input the HMM and the time series.

The main contributions of this paper include: (a)
A way of representing time series of a specific class via
an HMM, and a comparative evaluation of this repre-



sentation against four distance measures, DTW, cDTW,
ERP, and MSM in terms of classification accuracy on
the training sets of 45 datasets [8]. The evaluation
shows that HMMs can attain significantly higher ac-
curacy in 17 datasets, relatively higher accuracy in 11,
and equal accuracy in 4; hence better or equal accuracy
in 32 datasets. (b) An extensive experimental evalua-
tion of model-based search with HMMs and distance-
based search with DTW, cDTW, ERP, and MSM, on
45 datasets in terms of precision vs. recall and runtime.
We observed that HMMs can produce significantly bet-
ter tradeoffs than the competitors when trained with a
sufficient number of training time series, while they are
usually slower than the distance-based methods.

2 Related Work

We provide an overview on distance measures for whole
sequence matching and time series representations.

2.1 Time Series Distance Measures Several dis-
tance/similarity methods for time series have been pro-
posed in the literature [24]. Dynamic Time Warping
(DTW) [12] is not only a widely used distance mea-
sure for computing distances between time series, but
also provides very good classification accuracy results.
Since DTW has been highly appropriate for time series
similarity measurement, several lower bounds have been
proposed to speed up its expensive computation [1,14].
Variants of DTW include cDTW [7, 20], EDR [3], and
ERP [2]. A common characteristic of these methods
is that they allow aligning elements “warped” in time.
ERP and EDR satisfy the triangle inequality, and ERP
is found to be more robust to noise than EDR. An-
other very recently proposed measure is MSM [21]. Ap-
plying in some sequence three operations (Move, Split,
Merge) on a time series MSM is capable of transform-
ing it into any other time series. MSM is metric, and
it is also invariant to the choice of origin as opposed to
ERP. Other proposed distance/similarity measures in-
clude Edit distance for strings and time series (e.g., for
music retrieval [9]), LCSS [22], DISSIM [5], TWED [17],
and SMBGT [9,11].

2.2 Time Series Representations DFT is one of
the most common representations, while some other
more recent time series representations that capture
global or local structural characteristics include SpaDe
[4], and SAX [15]. Moreover, Shapelets [25] and vari-
ants [16] focus on determining discriminant time series
subsequence patterns, and have been used for classifica-
tion. For a comparison of several representations, please
refer to Wang et al. [24], which demonstrates that there
is little difference among them. All these approaches

target in representing each individual time series by tak-
ing advantage of its structure. In this work, however,
we try to represent “groups” of time series that belong
to the same class. We focus on HMMs, which model
the underlying structure of sequences determining the
relationships between their observations. Thus, HMMs
have been applied to speech recognition [19], classifica-
tion [18], and music retrieval [10]. Although HMMs may
be computationally expensive for their training, once
they are constructed they can be highly applicable to
time series search. CRFs [13, 23] can be used for mod-
eling temporal patterns. Nonetheless, here we target
in representing groups of “homogeneous” sequences by
identifying the relationships among their observations.

3 Hidden Markov Models

Let X = (x1, . . . , x|X|) and Y = (y1, . . . , y|Y |) be
two time series of length |X| and |Y |, respectively,
where xi, yj ∈ R, ∀(i = 1, . . . , |X|; j = 1, . . . , |Y |).
A collection of N training time series is denoted as
D = {X1, . . . , XN}. Given a distance measure distx,
the distance between X and Y is a function ddistx(X,Y ).

An HMM is a doubly stochastic process containing
a finite set of states [19]. Formally, it is defined by
M distinct states, L values that can be observed at
each state, the set T = {tuv} of transition probabilities,
where tuv = P [st = v|st−1 = u] with 1 ≤ u, v ≤ M and
st being the state at time t (first order Markov chain),
the set E = {ev(k)} of the probabilities of values at state
v, where ev(k) = P [ot = k|st = v] with ot being the
observed/emitted value at time t, and the set Π = {πv}
of prior probabilities, where πv = P [s1 = v], 1 ≤ v ≤M .

3.1 Training Assume that we have a dataset D with
z classes C1, . . . , Cz. Let Ci be the set of training time
series that belong to class Ci, with i = 1, . . . , z. The size
of Ci is denoted as |Ci| = ni. The training phase of an
HMM for each Ci is split to two phases: a) initialization
and b) iterative refinement.
Initialization Step: For each time series Xj (j =
1, . . . , ni) of Ci (i ∈ [1, z]) we compute the average
distance of all other time series Xk ∈ Ci (j 6= k) to
Xj . We choose DTW to be the distance measure, i.e.,
distx = DTW, since it has been shown to be one of the
most competitive measures for time series matching [24].
In addition, we keep track of the warping path of all the
pair-wise time series alignments involved in this process.

Next, we identify the medoid of Ci, denoted as
XµCi

, which is the time series with the minimum
average distance to the rest of the training set. XµCi

is broken into M equal-sized segments, where each
segment m ∈ [1,M ] corresponds to one HMM state.
Using these segments and the stored warping paths



we can determine the observed values of each state.
Specifically, for each state (corresponding to a segment
m) the observed values include all elements of XµCi

in
m, along with the elements of all time series in Ci that
have been aligned to elements of m; the latter can be
retrieved from the stored warping paths.

A common case in HMMs is to have for each state
a Gaussian distribution for E, which is defined by the
mean and standard deviation of the stored elements.
To compute T , since we consider each segment as a
state, at time t when an observation is emitted we can
either stay at the same state or move forward to the
next state. Let |st| denote the total number of elements
at time t of state st. The probability of jumping to the
next state is p = ni/|st|, and the probability of staying
at the last state is 1. The complexity of this step is
O((nimaxj∈[1,ni]|Xj |)2).
Iterative Refinement Step: In this step, we refine
the z HMMs constructed during initialization. For a
specific class Ci, for each Xj ∈ Ci, we compute the
Viterbi algorithm [19] to find its best state sequence.
Specifically, let us denote as δ the Mx|Xj | probability
matrix. Each Xj always starts from state 1, and in the
initialization phase the log-likelihood of its first element
is computed according to the Gaussian distribution.
The remaining elements of the first column of δ are set to
−∞. Since to get an observation we have either stayed
at the same state or have performed a transition from
the previous state, in the recursion phase we consider
only the values of δ representing the probabilities of
the previous element for the previous and the current
state. For cell (u, v) these values are δ(u, v − 1) and
δ(u−1, v−1), which were computed in the initialization
step. Hence, we first find the most probable transition
by computing m = max(δ(u, v−1)+log(tuu), δ(u−1, v−
1) + log(tu−1u)), and then δ(u, v) = m + log(eu(k)).
Finally, we backtrack from δ(M, |Xj |) and store the
elements of Xj falling within each state. Having done
this step for all Xj ∈ Ci, the mean and standard
deviation for E of each state, and also T are updated.
The complexity of the aforementioned procedure is
O(M

∑ni

j=1 |Xj |).
The refinement step is performed for the z HMMs

and is repeated until the classification accuracy on the
N training time series composing D cannot be further
improved. The final outcome of this step is a set of
z HMMs, denoted as H = {H1, . . . ,Hz}, where each
Hi ∈ H defines a probability distribution for Ci, which
essentially describes the likelihood of observing any time
series of class Ci.

Since we have created a “new” probabilistic space
for time series similarity matching, we should define a
way of measuring how “good” an HMM model Hi ∈ H is

for a time seriesQ. This can be achieved by applying the
Forward algorithm [19], which computes the likelihood
of Q having been produced by Hi. Thus, the “goodness”
of Hi is the likelihood estimate given by the algorithm.
The complexity of the Forward algorithm is O(|Q|M2).

4 Experiments

4.1 Experimental Setup In this section, we present
the setup for the model-based and distance-based time
series search comparison.
Datasets: We experimented on the 45 time series
datasets available from the UCR archive [8]. More
details for each dataset can be found in Table 1.
Methods: We compared HMMs and four distance
measures. Although any measure (Section 2.1) can
be used to perform time series similarity search, an
exhaustive consideration of all distance measures is
practically impossible and beyond the scope of this
paper. Here, we investigated DTW, cDTW with Sakoe-
Chiba band [20], ERP, and MSM. These are not claimed
to be the best measures to be used for any application
domain. The rationales for selecting them are the
following: (1) DTW is extensively used in time series
and has been shown to provide excellent classification
accuracy results [24], (2) cDTW is a much faster version
of DTW providing equally good or better results than
DTW [24], (3) ERP is essentially a variant of DTW and
Edit Distance fixing the non-metric property of DTW,
and (4) MSM is a recently proposed distance measure,
which is metric and has been shown to outperform ERP
and DTW in terms of NN classification accuracy on
several datasets. The time complexity of all measures
is quadratic, except for cDTW, which depends on the
band constraint value.
Evaluation Measures: We evaluated the performance
of HMMs against DTW, cDTW, ERP, and MSM on the
training sets in terms of classification error rate. This
rate is defined as the percentage of training time series
misclassified using the Nearest Neighbor classifier. For
the HMMs, each training time series is evaluated with
all HMMs representing the classes of a dataset using the
Forward algorithm, and the class of the HMM yielding
the highest probability is considered to be the result of
the classifier. To evaluate the model and distance-based
time series search methods we used precision and recall
for accuracy, and runtime for efficiency. Precision is the
percentage of correct answers we get from the top-K
results returned, while recall is the percentage of correct
answers out of the total number of correct answers when
the top-K results are returned. The goal is to achieve
high precision and recall for small K.

With regard to the distance-based search methods,
for each dataset, for each class we used all of its



training time series as queries (for a total of 15,741
queries for all datasets and classes), and found the
DTW, cDTW, ERP, and MSM of all test time series
to these queries (in total 61,691 test time series for all
datasets). Regarding the model-based search method,
we used each of the 423 trained models as a query
and computed, for each dataset, the probability of
each time series of the test set being produced by that
query model. For both types of search methods, after
computing the distances/probabilities, we sorted them
in ascending/descending order and identified the ranks
of the test time series that belong to the same “correct”
class with that represented by each query. This was
done in order to be able to compute the precision and
recall. We note that for the distance-based methods,
for each class, since there are many query time series
we took the average precision and recall. All distance
measures and the Forward algorithm were implemented
in Java. Experiments were performed on a PC running
Linux, with Intel Xeon Processor at 2.8GHz.

4.2 Experimental Results Next, we present our
experimental findings.

4.2.1 Classification accuracy of HMMs In Table
1 we show for each of the 45 datasets the classification
error rates attained on the training set for MSM, DTW,
cDTW, ERP, and HMMs. The percentage of time series
length |X| defining M and the number of iterations
to yield the error rate for HMMs, along with the
value of the c parameter for MSM are also presented.
We observe that HMMs achieve better than or equal
error rate to that of the competitor distance measures
in 32 datasets, out of which they outperform them
in 28. The performance of HMMs is in many cases
significantly better than all competitors. For example,
for ECGFiveDays HMMs achieve an error rate of 0%
as opposed to the next best which is 17.39%, while for
18 datasets (e.g., 50Words, Lightning-7, Adiac, Beef,
OliveOil, and ECG torso) the error rate of HMMs is
at least two times lower than that of the competitors.
These numbers show that modeling time series classes
with HMMs is highly competitive and promising for
searching time series databases.

4.2.2 Precision - Recall In Figures 1, 2, 3, 4, 5,
6, 7, and 8, we present the average precision-recall
of all classes (out of 423), which have at least 1, 10,
60, 120, and 200, less than 5 and 10, and between
10 and 15 training time series. In the figures we also
show the number of classes of all datasets that satisfy
the aforementioned thresholds (“num selected classes”),
and also the total number of training time series of

these selected classes (“sum training t.s.”). DTW is
referred to as “Unconstrained DTW” and cDTW as
“Constrained DTW”.

Figure 1: Precision vs Recall for model and distance-based
time series search, when the number of training time series
of the classes is >= 1.

Figure 2: Precision vs Recall for model and distance-based
time series search, when the number of training time series
of the classes is >= 10.

In Figures 1 (i.e., all 423 classes have been con-
sidered in the displayed curves) and 2 we observe that
the precision-recall curve for model-based search is not
worse than all other distance-based methods in 9% re-
call, while it is better than all competitors in 20% recall.
In Figure 3 HMMs method is best in 5% recall, show-
ing that when there are many time series to train the
HMMs, the model-based method performs noticeably
better than the distance-based search methods. On the



Table 1: Nearest Neighbor classification error rates attained by MSM, DTW, cDTW, ERP, and HMMs on the training set
of 45 datasets from the UCR repository of time series datasets. The table shows for each dataset: the number of training
and test objects, the length of each time series in the dataset, the number of classes, the value of parameter c used by
MSM on that dataset that yielded the lowest error rate on the training set (when two or three values are given, the one in
italics was randomly chosen), the number of states as a percentage of the time series length and the number of iterations
for which the HMMs achieved the lowest error rate on the training set. The numbers in bold indicate the smallest error
rate.

ID Dataset train error rate (%) train test length class parameter state iter.
MSM DTW cDTW ERP HMMs size size |X| num. z c (MSM) perc. num.

1 Synthetic 1.33 1.00 0.33 0.67 0.33 300 300 60 6 0.1 0.4 3

2 CBF 0.00 0.00 0.00 0.00 0.00 30 900 128 3 0.1 0.5 2

3 FaceAll 1.07 6.79 4.64 2.50 1.25 560 1,690 131 14 1 0.5 11

4 OSU 19.50 33.00 25.00 30.50 17.00 200 242 427 6 0.1 0.3 11

5 SwedishLeaf 12.40 24.60 18.00 13.40 12.20 500 625 128 15 1 0.9 6

6 50Words 21.11 33.11 23.33 28.22 8.89 450 455 270 50 1 0.5 1

7 Trace 1.00 0.00 1.00 9.00 0.00 100 100 275 4 0.01 0.3 2

8 TwoPatterns 0.00 0.00 0.20 0.00 0.00 1,000 4,000 128 4 1 0.1 1

9 FaceFour 8.33 25.00 12.50 12.50 0.00 24 88 350 4 1 0.1 1

10 Lightning-7 27.14 32.86 20.00 28.57 7.14 70 73 319 7 1 0.2 1

11 Adiac 38.97 40.51 39.74 39.49 15.90 390 391 176 37 1 0.5 8

12 Fish 13.71 26.29 22.86 17.14 7.43 175 175 463 7 0.1 0.5 4

13 Beef 66.67 53.33 50.00 66.67 23.33 30 30 470 5 0.1 0.4 2

14 OliveOil 16.67 13.33 10.00 16.67 3.33 30 30 570 4 0.01 0.3 2

15 ChlorineConc. 38.97 38.97 36.62 38.76 56.32 467 3,840 166 3 1 0.7 4

16 ECG torso 12.50 32.50 7.50 25.00 2.50 40 1,380 1,639 4 1 0.4 3

17 Cricket X 18.46 20.26 17.18 21.54 25.38 390 390 300 12 1 0.5 14

18 Cricket Y 24.10 20.51 18.21 23.33 19.23 390 390 300 12 0.1, 1 0.4 9

19 Cricket Z 24.10 22.56 17.69 24.87 23.08 390 390 300 12 1 0.4 14

20 Diatom Red. 6.25 6.25 6.25 6.25 0.00 16 306 345 4 0.01, 0.1, 1 0.1 4

21 FacesUCR 2.50 10.00 8.00 5.50 0.50 200 2,050 131 14 1 0.8 9

22 Haptics 49.68 58.71 46.45 54.19 29.68 155 308 1,092 5 1 0.1 15

23 InlineSkate 50.00 59.00 58.00 49.00 43.00 100 550 1,882 7 1 0.5 3

24 MALLAT 5.45 5.45 1.82 5.45 0.00 55 2,345 1,024 8 1 0.1 1

25 MedicalImages 27.82 27.56 26.25 26.51 34.91 381 760 99 10 0.1 0.4 13

26 StarLightC. 10.70 9.60 9.30 13.80 8.60 1,000 8,236 1,024 3 0.1 0.5 14

27 Symbols 0.00 4.00 4.00 8.00 0.00 25 995 398 6 0.1 0.1 1

28 uWaveGest X 25.78 29.35 24.89 26.67 25.22 896 3,582 315 8 0.1, 1 0.5 11

29 uWaveGest Y 28.24 37.05 27.57 33.93 34.60 896 3,582 315 8 1 0.7 13

30 uWaveGest Z 29.24 33.59 30.13 31.25 27.46 896 3,582 315 8 1 0.2 12

31 WordsSynon. 22.10 36.33 27.34 28.46 13.86 267 638 270 25 1 0.8 13

32 ECGThorax1 18.17 20.11 18.11 17.83 7.17 1,800 1,965 750 42 1 0.5 15

33 ECGThorax2 10.83 14.17 12.44 11.72 7.67 1,800 1,965 750 42 1 0.5 14

34 Gun Point 4.00 18.00 4.00 8.00 8.00 50 150 150 2 0.01 0.3 2

35 Wafer 0.10 1.40 0.30 0.10 1.70 1,000 6,164 152 2 1 0.9 4

36 Lightning-2 16.67 13.33 10.00 13.33 5.00 60 61 637 2 0.01 0.1 15

37 ECG 14.00 23.00 14.00 18.00 12.00 100 100 96 2 1 0.8 2

38 Yoga 12.00 18.33 17.67 17.33 22.33 300 3,000 426 2 0.1 0.2 15

39 Coffee 25.00 14.29 14.29 25.00 21.43 28 28 286 2 0.01 0.3 1

40 ECGFiveDays 26.09 43.48 17.39 26.09 0.00 23 861 136 2 1 0.2 4

41 ItalyPowerDemand 4.48 4.48 4.48 5.97 5.97 67 1,029 24 2 0.1, 1 0.9 2

42 MoteStrain 15.00 25.00 25.00 25.00 0.00 20 1,252 84 2 0.1 0.5 7

43 SonySurfaceI 10.00 20.00 10.00 15.00 0.00 20 601 70 2 1 0.1 1

44 SonySurfaceII 11.11 14.81 14.81 18.52 3.70 27 953 65 2 0.1 0.3 1

45 TwoLeadECG 4.35 8.70 8.70 4.35 0.00 23 1,139 82 2 0.01, 0.1 0.1 4

contrary, when the number of training time series gets
extremely high, i.e., at least 120 or (much worse) 200
(Figures 4 and 5), the model-based method is not bet-
ter than the competitors when recall is around 17% and
33%, respectively. In the latter figure we also observe
that the curves for DTW and ERP-based methods are
very close to that of model-based search. The main
reason for the last effect is that the curve for HMMs
includes the results from classes with more than 300
training time series, i.e., the third class of dataset 26
that has 573 and the second class of dataset 35 that
has 903 training time series (1,476 in total), consisting
the 9.37% of the total number of training time series of
all datasets. As a result, there has been overfitting for
these HMMs, which influences their performance when
searching time series datasets. However, it is important
to note that, as the threshold increases (Figures 1 - 5),
the precision is getting higher as the recall increases,
which is essentially what we target for when searching

time series databases. Referring to the distance-based
methods, in Figures 1 and 2 the worst performance is
presented by DTW and cDTW, while in Figures 3, 4,
and 5 cDTW and MSM present the worst curve among
all methods.

In Figures 6 and 7 we show that the precision-recall
curve for HMMs is particularly influenced by the num-
ber of time series used to train them. In Figure 6 the
curve corresponds to the average precision-recall of all
classes/models that have less than 5 training time series,
while including classes with more training time series,
up to 10 for Figure 7 the curve is much better. In both
figures the most competitive distance-based method is
the MSM. Finally, in Figure 8 we present the precision-
recall of all methods for all classes that have at least
10 and up to 15 training time series. Clearly, we can
see that the HMMs perform best for any recall value,
showing that when the HMMs have been constructed
exploiting a sufficient (and concurrently not overwhelm-



Figure 3: Precision vs Recall for model and distance-based
time series search, when the number of training time series
of the classes is >= 60.

Figure 4: Precision vs Recall for model and distance-based
time series search, when the number of training time series
of the classes is >= 120.

ing) number of training time series comprising their
classes, the probability distribution of such classes ef-
fectively represents their (and similar) time series.

4.2.3 Efficiency In Table 2, for the distance-based
methods we present, for each dataset, the average time
to find the distance of a training time series/query with
all test time series, and for the model-based method
we present the average time per model to compute the
Forward algorithm with all test time series. According
to the Table, cDTW method is always faster than the
competitor methods, except for dataset with ID 25
where ERP is the fastest method. We also observe ERP

Figure 5: Precision vs Recall for model and distance-based
time series search, when the number of training time series
of the classes is >= 200.

Figure 6: Precision vs Recall for model and distance-based
time series search, when the number of training time series
of the classes is < 5.

is 1.5 to 2 time faster than MSM, which is always faster
than DTW. In addition, model-based search is basically
slower than all competitors, except for datasets with ID
8 (it is better than DTW), 9 (worse than only cDTW),
and 20, 22, 24, 27, 36, 43, and 45 (worse than only
cDTW and ERP). The explanation for these numbers
is that the Forward algorithm is more time consuming
than the distance measures. We also have to note that
in several datasets the differences in runtimes are not
clearly noticeable among the competitors.



Figure 7: Precision vs Recall for model and distance-based
time series search, when the number of training time series
of the classes is < 10.

Figure 8: Precision vs Recall for model and distance-based
time series search, when the number of training time series
of the classes is between 10 and 15.

5 Conclusions and Future Work

In this paper, we presented an effective way of modeling
classes of time series via HMMs, which have been
shown to be highly applicable to a variety of domains.
Comparing the classification error rates of HMMs and
four distance measures (DTW, cDTW, MSM, ERP) on
the training sets of 45 datasets we observed that HMMs
achieve better than or equal error rates to those of the
competitors on 32 datasets. Furthermore, evaluating
the model-based search with the four distance-based
methods on the 45 datasets we noticed that when the
number of training time series is much less than 10, the
performance of model-based search is not robust and

Table 2: Average time (in seconds) of DTW, cDTW, MSM,
ERP, and HMMs for searching on each of the 45 datasets
from the UCR repository of time series datasets.

ID DTW cDTW MSM ERP HMMs

1 0.102 0.03 0.09 0.048 0.222

2 1.236 0.414 1.08 0.552 3.534

3 2.466 0.396 2.148 1.074 6.888

4 3.438 0.786 2.724 1.506 9.648

5 0.828 0.126 0.696 0.366 6.678

6 2.568 0.564 2.076 1.134 7.74

7 0.6 0.096 0.492 0.258 1.08

8 5.586 1.068 4.62 2.472 3.018

9 0.864 0.12 0.708 0.372 0.504

10 0.588 0.114 0.498 0.258 0.684

11 0.954 0.156 0.75 0.42 2.856

12 2.844 0.504 2.19 1.26 8.736

13 0.51 0.048 0.408 0.24 1.29

14 0.768 0.084 0.612 0.336 1.35

15 9.042 0.894 7.848 3.9 58.074

16 343.44 77.646 283.536 187.506 732.216

17 2.754 0.666 2.388 1.218 8.388

18 2.79 1.164 2.376 1.2 6.864

19 2.79 0.654 2.382 1.206 6.864

20 2.868 0.27 2.232 1.206 1.65

21 3.06 1.008 2.634 1.32 13.722

22 30.246 5.394 23.814 13.446 16.488

23 179.946 81.78 152.154 99.09 483.348

24 202.77 23.928 158.07 88.728 111.804

25 0.708 0.306 0.516 0.276 1.446

26 717.522 295.884 544.434 322.932 2082.708

27 12.33 3.03 9.396 5.1 7.068

28 27.864 4.668 20.874 11.526 84.786

29 27.906 4.722 21.06 11.586 118.428

30 27.84 5.652 20.88 11.556 33.024

31 3.648 0.894 2.922 1.53 18.156

32 89.34 11.346 70.728 38.568 257.526

33 89.166 11.478 71.064 38.946 259.422

34 0.264 0.03 0.21 0.12 0.174

35 11.382 1.404 8.88 4.992 62.634

36 1.998 0.438 1.614 0.87 1.134

37 0.078 0.012 0.066 0.036 0.384

38 42.756 5.502 33.132 18.69 50.4

39 0.18 0.03 0.15 0.084 0.336

40 1.362 0.15 1.11 0.57 1.518

41 0.084 0.042 0.078 0.054 0.312

42 0.75 0.114 0.63 0.342 2.19

43 0.27 0.048 0.234 0.12 0.168

44 0.492 0.066 0.33 0.174 0.606

45 0.696 0.162 0.522 0.294 0.402

this type of search is outperformed by MSM. However,
when a sufficient number of time series is provided to
train the HMMs, i.e., more than 10, which is usually the
case in the 423 classes of these datasets, the model-based



method provides better tradeoffs between precision and
recall than the competitors. Regarding runtime, model-
based search is usually slower than the competitors due
to the demanding Forward algorithm.

As the aforementioned accuracy results indicate,
HMMs are particularly useful for searching time series
databases. Hence, for future work, we plan to develop
a GUI for interactive data analysis, where the user will
be able to search time series databases and compare the
performance of distance-based and model-based meth-
ods. Specifically, the user will be able to perform the
following actions: (a) see the training time series be-
longing to each class of several datasets, (b) choose the
distance measures (out of a pool of measures) for evalu-
ation and comparison with model-based search, (c) set
the threshold and choose the datasets (or even classes)
to be considered, (d) select the time series, and also
the number of states and iterations to individually train
each HMM, instead of forcing all HMMs of a dataset to
have the same values for the last two parameters; by
doing so, the user will be able to further improve the
precision-recall curves. Finally, the user will be able to
interact with the resulting figures, e.g., by getting the
exact values for precision and recall for each method
when pointing on its curve.
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